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Preface 
The proceedings contain papers presented at the 18th annual NeuroIS Retreat held June 2-4, 

2026. NeuroIS is a field in Information Systems (IS) that uses neuroscience and neurophysiolog-

ical tools and knowledge to better understand the development, adoption, and impact of infor-

mation and communication technologies (www.neurois.org). 

 

The NeuroIS Retreat is a leading academic conference for presenting research and development 

projects at the nexus of IS and neurobiology. This annual conference promotes the development 

of the NeuroIS field with activities primarily delivered by and for academics, though works often 

have a professional orientation.  

 

In 2009 the inaugural NeuroIS Retreat was held in Gmunden, Austria. Since then, the NeuroIS 

community has grown steadily, with subsequent annual Retreats in Gmunden from 2010-2017. 

Beginning in 2018, the conference is taking place in Vienna, Austria. 

 

The NeuroIS Retreat provides a platform for scholars to discuss their studies and exchange ideas. 

A major goal is to provide feedback for scholars to advance their research papers toward high-

quality journal publications. The organizing committee welcomes not only completed research, 

but also work in progress. The NeuroIS Retreat is known for its informal and constructive work-

shop atmosphere. Many NeuroIS presentations have evolved into publications in highly regarded 

academic journals. 

 

This year is the eleventh time that we publish the proceedings in the form of an edited volume. 

A total of 32 research papers were accepted and are published in this volume, and we observe 

diversity in topics, theories, methods, and tools of the contributions in this book. The 2026 key-

note presentation entitled "Show Me Your Smartphone and Then I Will Show You Your Neuro-

biology" was given by Christian Montag, Distinguished Professor for Cognitive and Brain Sci-

ences, and Associate Director of the Institute of Collaborative Innovation at the University of 

Macau, China. Moreover, Frank Krueger, Professor of Systems Social Neuroscience at George 

Mason University, United States, gave a hot topic talk entitled "Neurophysiological Dynamics 

of Trust in Human–AI Interaction: A Multi-Level Study of Brain, Hormone, Mind, and Behav-

ior".  

 

Altogether, we are happy to see the ongoing progress in the NeuroIS field. We are also pleased 

to report that the NeuroIS Society, founded in 2018 as a non-profit organization, has been pro-

gressing positively. We anticipate continued and prosperous growth in the field of NeuroIS. 

 

June 2026       Fred D. Davis 

René Riedl 

Jan vom Brocke 

Pierre-Majorique Léger 

Adriane B. Randolph 

Gernot R. Müller-Putz 
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Keynote 

Show Me Your Smartphone and Then I Will Show You Your Neurobiology 

 

Christian Montag 

 

Digital phenotyping describes the endeavor to study digital footprints from various 

sources such as smartphones or social media to predict various psychological traits and 

states. Only few studies went one step further, namely aiming at the prediction of neu-

robiological variables from digital traces. In the presentation an overview will be pro-

vided on current advances in the field by also reflecting on how artificial intelligence 

can help to make accurate predictions to come up with what is called “digital bi-

omarkers”. In this context also AI chatbots – often used via the smartphone - will be 

discussed as an additional data source to carry out digital phenotyping procedures. 

Technical and ethical challenges will be another central focus of the presentation. 
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Hot Topic Talk 

Neurophysiological Dynamics of Trust in Human–AI Interaction:  

A Multi-Level Study of Brain, Hormone, Mind, and Behavior 

 

Frank Krueger 

 

As artificial intelligence (AI) increasingly participates in human decision environ-

ments, understanding how trust emerges and breaks down in human–AI interaction has 

become a central challenge for information systems research. While prior work has 

predominantly focused on behavioral measures, the underlying neurophysiological 

mechanisms of trust remain largely unexplored. In this study, we investigated the multi-

level dynamics of trust during face-to-face interaction with an embodied intelligent 

agent. Participants engaged in decision-making tasks with a humanoid robot while neu-

ral activity was recorded using functional near-infrared spectroscopy, salivary oxytocin 

levels were assessed, and self-reported trust and behavioral influence were measured. 

We experimentally manipulated system reliability (congruent vs. erroneous decisions) 

and social expressiveness (animated vs. stationary behavior). Results demonstrated that 

reliability constitutes the primary foundation of trust: agent errors significantly reduced 

both reported trust and behavioral influence. Social expressiveness modulated these 

effects. Animated agents elicited stronger prefrontal activation and enhanced neural–

hormonal coupling. Notably, elevated oxytocin levels were associated with reduced 

trust and diminished behavioral influence when expressive agents committed errors, 

indicating a context-sensitive vigilance response rather than a simple affiliative bond-

ing mechanism. Together, these findings establish a multi-level neurophysiological 

framework for understanding trust in human–AI interaction and reveal a critical design 

trade-off between social expressiveness and trust robustness in intelligent systems. 
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Assessing Task Load using Functional Near-Infrared Spectroscopy 

Alexander John Karran1*, Thaddé Rolon-Merette1, Kellyann Stamp2, and Stephen 

Fairclough3, Sylvain Sénécal1, Pierre-Majorique Léger1, and Constantinos K. Coursa-

ris1 
1 Department of Information Technologies, HEC Montréal, Montréal, Québec, Canada  

{alexander-john.karran, thadde.rolon-merette, 

sylvain.senecal,pierre-majorique.leger, 

constantinos.coursaris}@hec.ca  

2School of Computer Science and Mathematics, 3School of Natural Sciences and Psychology, 

Liverpool John Moores, Liverpool United Kingdom 

{K.A.Stamp, s.fairclough}@ljmu.ac.uk 

Abstract. Measuring task load (TL) in complex environments is critical for op-

timizing human-computer interaction.  While functional near-infrared spectros-

copy (fNIRS) offers objective, real-time TL measurement, consensus on optimal 

cortical markers remains elusive. This study investigated multiregional fNIRS 

hemodynamics and subjective NASA-TLX scores in 42 adults during a simulated 

driving task across three difficulty levels. Results showed that subjective TL in-

creased linearly with difficulty. However, fNIRS revealed diverse regional dy-

namics: frontopolar activation increased linearly, left dorsolateral prefrontal cor-

tex activation decreased, and right premotor regions exhibited non-linear (U-

shaped) responses. These findings highlight TL's distributed nature, emphasizing 

the need for multi-regional measures of TL. 

Keywords: Task Load, fNIRS, Driving, Human-Computer Interaction 

Introduction 

Measuring cognitive effort is a crucial construct in Information Systems (IS), psychol-

ogy, and human-computer interaction research [1-3]. Interacting with complex technol-

ogy places significant demands on users' attentional and executive resources [4]. Dy-

namic fluctuations in task demand cause concomitant variations in cognitive effort, 

which can degrade the quality of human-machine interaction. Such variations may lead 

to disengagement in cases of low cognitive demand, or impaired decision-making, in-

creased errors, and diminished system usability [5] in cases of excessive cognitive de-

mand. Thus, an integral goal of system design should be to maintain an optimal level 

of mental effort. Task load (TL) is conceptualized here as a broader operational con-

struct than either cognitive or mental load; it integrates the cognitive, psychomotor, and 

situational demands that emerge during continuous interaction with complex systems. 

Cognitive load [4] narrows this to information-processing demand on working memory, 

whereas mental load [6] is closer to TL but centers on attentional resource allocation. 

Neuroadaptive systems research has demonstrated that maintaining optimal TL can en-

hance task performance or increase safety [7-9]. In ecologically valid contexts such as 

driving or flight, these demands may not be reflected by a single cortical marker or by 

mailto:thadde.rolon-merette@hec.ca
mailto:%7d@
mailto:%7d@
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retrospective self-reports alone. Researchers often depend on subjective self-reports, 

such as the NASA Task Load Index (NASA-TLX) [10], which treats workload as the 

interaction between task demands and operator resources, spanning the mental, physi-

cal, and temporal dimensions, as well as performance, effort, and frustration. While this 

instrument is widely used to identify workload sources, it is a retrospective, perceptual 

measure that is unable to capture dynamic, real-time fluctuations [11]. Given that users 

process multidimensional information in real-world scenarios, a continuous, objective 

measurement of TL is the most ecologically valid target for information systems seek-

ing to adapt to operational reality [12]. 

This highlights the importance of NeuroIS approaches that enable systems to track 

ongoing effort using objective physiological measures such as pupillometry, electro-

cardiogram (ECG), electroencephalography (EEG) and fNIRS [13-15]. However, EE-

G's susceptibility to movement artifacts limits its utility in mobile, naturalistic settings. 

Consequently, functional near-infrared spectroscopy (fNIRS) is often preferred in dy-

namic contexts where mobility is an asset. fNIRS is a portable optical neuroimaging 

technique that uses the modified Beer–Lambert Law to measure localized cortical he-

modynamics, specifically changes in oxygenated (HbO) and deoxygenated (HbR) he-

moglobin commonly referred to as the blood oxygen level dependent response (BOLD) 

[16]. It offers superior spatial resolution and resistance to motion artifacts compared to 

EEG, making it highly suitable for ecologically valid environments, albeit with lower 

temporal resolution [17-19]. 

Despite these advantages, there is a lack of consensus on the optimal fNIRS markers 

of TL in ecologically valid environments. Furthermore, the literature yields conflicting 

results regarding the relationship between HbO and HbR and task difficulty. Studies 

using abstract working memory paradigms typically observe a linear increase in pre-

frontal cortex (PFC) oxygenation as difficulty rises [20, 21]. Conversely, studies using 

simulated piloting or driving often report a non-linear pattern, such as a U or inverted 

U-shape. For instance, this could be when PFC activation drops when task demands 

exceed mental capacity, signalling overload, and a withdrawal of cognitive resources. 

Or a low PFC activation when the task is not engaging enough [22-26]. Most of these 

studies examine the PFC exclusively for measures of task-related mental effort. This 

narrow focus often overlooks distinct cortical regions potentially involved in TL pro-

cessing, such as the anterior prefrontal cortex or frontopolar area (FPA), dorsolateral 

(dlPFC), and dorsal pre-motor (PMd) [27].  

As such, the convergence of objective fNIRS signals across various cortical regions 

remains underexplored. Therefore, the present study investigated fNIRS-based meas-

urement of task load during a simulated driving task with parametrically manipulated 

difficulty levels (easy, medium, and hard). A driving task served as an ecologically 

grounded context in which task load arises from visuospatial processing, motor control, 

and temporal pressure. Continuous fNIRS data were acquired from 38 healthy adults 

over frontal and premotor regions, alongside subjective NASA-TLX assessments. Us-

ing a general linear model (GLM) framework, we analyzed channel-wise hemodynamic 

responses to characterize the spatial profile of cortical activation across difficulty levels 

and to evaluate whether objective fNIRS signals consistently track multidimensional 

task load alongside subjective ratings. We therefore ask whether prefrontal and premo-

tor regions exhibit dissociable hemodynamic responses to parametrically increased dif-

ficulty in a continuous simulated driving task, and whether those regional responses 
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align with, or diverge from, subjective NASA-TLX ratings. We hypothesized that sub-

jective task load would scale monotonically with difficulty, while fNIRS would reveal 

region-specific dynamics, some linear, some non-linear consistent with a distributed 

rather than unitary cortical representation of task load. 

Methods 

Experimental design 

Forty-two healthy adults (20 Female, aged 18-40, average 26.7 years) were recruited 

via university advertisements. Participants provided written informed consent prior to 

participation and were compensated with CAD $40 upon completion of the experiment.  

Participants performed six driving game tasks under 3 conditions, derived from [28], 

consisting of three 4-min blocks at “easy”, “medium”, and “hard” difficulty levels. The 

tasks (see figure 1) required participants to drive a vehicle in the “wrong direction” i.e., 

against oncoming traffic on a four-lane road populated with other vehicles. The goal 

was to avoid collisions with oncoming vehicles by maneuvering laterally from left to 

right. Game difficulty was manipulated by increasing the speed of the participant's ve-

hicle; thus, participants had less time at high speed to respond to oncoming vehicles 

and avoid collisions. Players accumulated a total game score by avoiding collisions; 

points accrue with every passing second. However, a penalty was deducted from this 

score upon a collision, reducing the total game score. The task order was counterbal-

anced to correct for carryover effects. Data collection occurred in an acoustically 

shielded testing room. The game was launched in windowed mode (1440×900, Ultra 

graphics). Two Alienware PCs were used: one running the driving game and one con-

trolling the fNIRS acquisition via NIRS STAR (NIRx Medical Technologies). Light 

was controlled to minimize ambient interference. Immediately after completing each 

individual driving trial, the simulation paused, and participants completed the NASA-

TLX presented via iPad to reflect on the trial they had just finished.   

 

Fig. 1. The (a) driving game and (b) fNIRS montage. 

 

Task load and analysis 
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Subjective TL was assessed using an average of six NASA-TLX subscales for each 

trial. The effect of task difficulty on subjective TL was tested using a repeated-measure 

ANOVA, followed by Bonferroni-correct pairwise comparisons. Objective TL was as-

sessed using fNIRS and a GLM analysis of HbO and HbR activity across predefined 

regions of interest: specifically, the frontopolar area (FPA, BA 10), left and right dorso-

lateral prefrontal cortex (DLPFC, BA 9/46), and left and right dorsal premotor cortex 

(PMd, BA 6). fNIRS data were acquired at 7.8 Hz using a NIRSport system (NIRx 

Medical Technologies) with dual wavelengths (760 nm and 850 nm). An 8 × 8 optode 

montage yielding 24 measurement channels was positioned on a 58 cm cap and aligned 

to Cz using standard nasion-inion reference measurements (see Figure 1b). Table 1 

summarizes the mapping between the predefined fNIRS ROIs, their constituent source-

detector channels, and the corresponding approximate 10-20 scalp landmarks.  

 

Table 1. Mapping of fNIRS regions of interest (ROI) to source-detector channels 

and approximate 10-20 landmarks 

ROI Label Channels 
Approx. 10-20 

landmarks 

Left dlPFC L-DLPFC S2_D2, S2_D4, S4_D4 AF3, F3 

Right dlPFC R-DLPFC S5_D5, S6_D5, S6_D6 AF4, F4 

Frontal Pole Area FPA 
S1_D1, S2_D2, S8_D1, 

S1_D8, S6_D6, S8_D8 
AFz, Fz 

Left VLPFC L-VLPFC S3_D4, S4_D3 F5, F7 

Right VLPFC R-VLPFC S7_D5, S5_D7 F6, F8 

Left Premotor/SMA L-PMd S3_D1, S3_D3, S4_D1 FC3, FC5 

Right Premotor/SMA R-PMd S7_D7, S7_D8, S5_D8 FC4, FC6 

 

Signal quality was calibrated using NIRS STAR software prior to task onset, and at 

least 95% of channels met optimal coupling thresholds. Data preprocessing was con-

ducted using MNE-NIRS (v. 0.71). Raw light intensities were converted to optical den-

sity and then transformed into concentration changes of oxyhemoglobin (ΔHbO) and 

deoxyhemoglobin (ΔHbR) using the modified Beer-Lambert Law [16] with a differen-

tial pathlength factor of 6. Signal quality was evaluated using the scalp coupling index 

(SCI); channels with an SCI < 0.75 were excluded, resulting in the rejection of 5.7% of 

total data. Each of the three 4-min difficulty blocks (easy, medium, hard) was entered 

as a separate event marker modeled as a boxcar of 240s duration, and the hemodynamic 

response was estimated with a finite impulse response (FIR) basis spanning 0-15s post-

onset, sampled at the 7.8 Hz acquisition rate. The 15-s epochs thus index the within-

block response kernel recovered by the FIR, not a per-trial segmentation. For each sub-

ject, a first-level design matrix was generated with a third-order polynomial drift model 

and a finite impulse response haemodynamic model. The GLM was fit channel-wise to 

HbO and HbR time courses using ordinary least squares, yielding β-coefficients for 

each condition. At the group level, per-participant first-level condition β-coefficients 

were carried forward, and β-coefficients were aggregated across participants and 
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contrasted pairwise via two-tailed paired t-tests on the three condition contrasts (easy 

vs. medium, easy vs. hard, medium vs. hard), computed separately for HbO and HbR 

at each ROI. All statistical tests were Bonferroni corrected across the family of pairwise 

contrasts within each ROI × condition combination where p < 0.05 were deemed sig-

nificant. 

Results 

Subjective TL varied significantly as a function of task difficulty, with NASA-TLX 

scores increasing across the easy, medium, and hard conditions (F(2, 84) = 37.70, η2
p = 

.47, p < .001). Bonferroni-corrected pairwise comparisons showed that the easy (M = 

51.79, SD = 13.14) condition yielded lower TL than the medium and hard conditions, 

and the medium condition was lower than the hard condition. 

The repeated measures ANOVA on subjective TL scores indicated a significant main 

effect of task difficulty on subjective workload scores, F(2, 84) = 37.70, p < .001, with 

scores increasing linearly with task difficulty. They were significantly lower in the Easy 

condition (M = 51.79, SD = 13.14) than the Medium (M = 56.31, SD = 13.12, t(42) = -

4.23, dz = 0.65, p < .001) and the Hard (M = 61.89, SD = 13.36, t(42) = -6.79, dz = 1.04, 

dz = 1.01, p < .001) as well as lower in the Easy than in the Hard condition (t(42) = -

6.61, p < .001).  

 

Fig. 2. Results from fNIRS GLM. ∆HbO/∆HbR acrss tasks and ROIs. * p < .05;  ** p 

< .01. 

 

For objective TL, significant differences were found at the FPA, left dlPFC and right 

PMd regions, as shown in Figure 2. For FPA, a significant effect of difficulty was ob-

served for HbO (F(2, 74) = 3.46, p = .037). Pairwise comparisons showed that differ-

ences followed a linear increase pattern, with the lowest activation in the Easy condition 

compared to the highest Hard condition (t = 2.16, p = .039). Medium showed a higher 
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descriptive HbO level than Easy but significantly lower than Hard (t = -2.09, p = .044). 

Conversely, HbR showed a significant main effect, F(2, 74) = 6.80, p = .01, and pair-

wise tests revealed a linear decrease, with Easy (t = 2.96, p = .007) and Medium (t = 

2.10, p = .044) higher than Hard. In the left dlPFC, a linear decrease trend was found 

in HbO (F(2, 74) = 2.58, p = .082), with Easy higher than Hard (t = 2.76, p = .011). No 

significant main or pairwise effect for HbR was reported. No significant effects were 

reported in the right dlPFC. However, a significant main effect for HbO was observed 

at the right PMd region (F(2, 74) = 5.15, p = .008), which displayed a U-shaped trend 

as the medium condition showed a lower level than Easy (t = 3.19, p = .006) and Hard 

(t = 3.17, p = .008). A significant main effect of condition was reported in the right 

PMd for HbR (F(2, 74) = 5.11, p = .007), pairwise tests showed a higher response in 

the Medium condition than Easy (t = 2.99, p = .009) and Hard (t = 3.11, p = .008) and 

Easy higher than Hard (t = 2.86, p = .017). No significant differences were found in the 

left PMd region. 

Discussion 

This study aimed to examine cortical regions related to TL during a continuous simu-

lated driving task across three difficulty levels. While subjective TL increased from 

easy to hard, objective TL, captured by ROIs GLM analysis of several ROIs using 

fNIRS, TL revealed both linear and non-linear patterns in different ROIs. While these 

were broadly congruent with the subjective TL, they highlighted the distributed nature 

of TL across task difficulty levels. Specifically, the FPA region exhibited a positive 

linear relationship between HbO and task difficulty, and a linear decrease in HbR. Con-

versely, the left dlPFC displayed a negative linear trend in HbO, with activation de-

creasing with difficulty. These results align with previous fMRI results, indicating pos-

itive linear increases in brain activity in frontal areas and a decrease in medial and 

dlPFC areas [20, 29, 30]. FPA results also aligned with previous fNIRs studies and 

support that frontal areas activate in response to working memory and executive de-

mands [31], while DLPFC regions could deactivate with task difficulty to inhibit states 

such as mind-wandering [32]. Furthermore, the right PMd demonstrated non-linear dy-

namics, characterized by a U-shaped HbO response and an inverted U-shaped HbR 

response. These non-linear patterns align with results from previous fNIRS studies [26] 

and behavioural preferences during driving tasks [33]. We note, however, that three 

difficulty levels constitute the minimum number of points required to detect departures 

from monotonicity; the detected U-shaped pattern in right PMd HbO is consistent with 

non-linear load-dependent dynamics. However, future work that replicates this result 

with a finer parametric gradation is required to verify this pattern of activity. 

Interestingly, HbO and HbR often exhibited opposite patterns within the same cor-

tical region. This neurovascular decoupling does not align with the expected coupled 

hemodynamic response function (HRF); it may be that the continuous, temporal nature 

of the simulated driving task led to a deviation from the standard model. Under heavy 

load, the neurovascular response essentially decouples, favouring HbR. Potentially due 

to increased metabolic processes in which the brain must continually flush out accumu-

lated reactive oxygen species and other by-products to sustain effortful task completion, 

thus, HbR dynamics become increasingly prominent. An alternative interpretation for 
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the observed neurovascular decoupling effect could be due to non-region specific hae-

modynamics, in that HbO and HbR activity in the FPA (inverse) and right PMd (ex-

pected) taken together represent the canonical signature of a well coupled cortical hae-

modynamic response [15]. In this view regions showing this coupled pattern across 

conditions can therefore be interpreted as genuine task-load-sensitive activations rather 

than artifacts of motion, systemic physiology, or extracerebral scalp signal. Further-

more, this interpretation leads to a conclusion that the divergent regional activity: linear 

in FPA, inverted in L-DLPFC, U-Shaped in R-PMd are not inconsistencies but potential 

evidence that the signal subjective rating provided by the NASA-TLX is collapsing 

three dissociable cortical dynamic effects into one number. 

Future analysis could investigate this by examining functional connectivity among 

the dlPFC, FPA, PFC, and PMd regions and how deeper neural structures interact to 

manage task load. Furthermore, the potential for multi-regional hemodynamic variation 

suggests that traditional linear models cannot fully capture these complexities. Conse-

quently, future research could also use a Deep Learning approach and perhaps develop 

a highly accurate, real-time fNIRS task load index [34-37]. This could provide ground-

work for neuroadaptive systems that aim to adapt interface complexity in response to 

ongoing cortical dynamics, with the longer-term goal of supporting engagement and 

safer interactions in ecologically valid settings. 
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Abstract. Electroencephalography (EEG) is widely used in brain–computer in-

terfaces (BCIs) to detect voluntary movement initiation, particularly in motor-

impaired users. Yet movement intention is typically studied in isolation, despite 

emerging within ongoing cardiorespiratory dynamics. We examined the coupling 

of brain, respiratory, and cardiac activity during self-paced and breathing-cued 

hand movements. Simultaneous EEG, electrocardiography (ECG), and respira-

tion recordings showed that paced breathing enhanced movement-related EEG 

responses and heart rate modulation, whereas natural breathing produced subtler 

effects, with movements preferentially initiated during expiration. These findings 

indicate that cardiorespiratory state shapes cortical markers of movement inten-

tion, with implications for improving BCI detection and, more broadly, enhanc-

ing robustness and personalization in real-time human–technology interaction. 

 

Keywords: MRCP · self-paced movement · cardiorespiratory coupling · BCI · 

multimodal biosignals 

Introduction 

Detecting voluntary movement intentions from electroencephalography (EEG) is 

central to non-invasive brain–computer interfaces (BCIs), where attempted or imagined 

movements are translated into discrete control signals [1]. Movement intention is typi-

cally reflected in the movement-related cortical potential (MRCP), a slow negative po-

tential emerging up to two seconds before and peaking at movement onset [2,3]. How-

ever, MRCPs are weak, especially in motor-impaired users who can only attempt or 

imagine movements, which complicates reliable intention decoding from brain signals 

alone. 

Voluntary actions, however, arise not only from neural processes but are embedded 

in ongoing physiological rhythms such as breathing and cardiac activity [4,5]. Respira-

tion is especially relevant as a dominant rhythm under voluntary and autonomic control, 

generated in the brainstem and modulated by cortical and emotional influences [6,7,8]. 

Beyond respiratory motor control, breathing modulates neural excitability and biases 

the brain toward exteroceptive or interoceptive processing [9]. This affects stimulus 

uptake and reaction timing [10,11,12], with voluntary movements preferred during ex-

piration and transitions between phases largely avoided [13,14,15,16,17].  Furthermore, 
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the MRCP amplitude during voluntary movement generation is modulated by breathing 

phase, with greater negativity during inspiration [18], [19]. 

Cardiac activity is coupled to respiration via respiratory sinus arrhythmia (RSA), 

with heart rate (HR) increasing during inspiration and decreasing during expiration 

[20,21]. Voluntarily initiated movements also induce transient cardiac responses [22], 

with a decrease in HR before movement onset and an increase thereafter. How these 

RSA and movement-related effects interact remains unclear. 

In this study, healthy participants serve as a model system to investigate integrated 

physiological processes underlying voluntary movement initiation. We simultaneously 

examine EEG, respiration, and cardiac activity during self-paced and breathing-cued 

hand movements, addressing three research questions: (RQ1) which breathing phase 

favors movement onset, (RQ2) how breathing-phase alignment affects HR dynamics, 

and (RQ3) how it influences MRCPs. By integrating neural, respiratory, and cardiac 

signals, this work moves beyond isolated MRCP analysis and toward a more compre-

hensive characterization of the physiological state preceding voluntary action. These 

insights are relevant not only for improving movement intention decoding in BCIs, but 

also for neuroinformation systems (NeuroIS), where multimodal physiological integra-

tion can enhance adaptive system design, user-state modeling, and the reliability of real-

time human–technology interaction. 

Methods and Materials 

Participants and Experimental Setup 

Twenty healthy participants (6 female, 26.1±2.8 years) took part in the study; nine-

teen were right-handed according to the Edinburgh Handedness Inventory [23]. The 

single left-handed participant was not analyzed separately, as no systematic differences 

between dominant and non-dominant hand movements have been reported [24].  

EEG was recorded using a 64-channel eego-sports system (ANT Neuro, Hengelo, 

Netherlands) with ground at CPz and reference at Fpz. Respiration (elastic chest belt, 

SleepSense, Tel Aviv, Israel), EMG (bipolar electrodes over the right extensor carpi 

radialis and ulnaris; ground on the left styloid), and ECG (Einthoven II derivation) were 

recorded using a g.USBAMP amplifier (g.tec medical engineering GmbH, Schiedel-

berg, Austria). All signals were sampled at 512 Hz and synchronized via Lab Streaming 

Layer (LSL) [25]. The recordings took place in a shielded room, with participants sit-

ting in front of a screen and keyboard, and both hands resting on the table in front of 

them. 

The experiment began with 2 min of eyes-open rest. Participants then performed 

three 200-s runs of self-paced right-wrist flexions, separated by 30-s breaks and pre-

ceded by a 1-min training run. They were instructed to initiate movements voluntarily, 

maintaining an approximate 10-s interval between movements without explicitly count-

ing, to discourage rhythmic or automatic execution. After a 5-min break, two cued con-

ditions followed, with movements triggered at the end of inspiration or expiration, re-

spectively. Each condition included three 200-s runs with 30-s breaks and a 1-min train-

ing run in pseudo-randomized order. Each cued trial started with a random pause of 
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5.5±1 s, followed by visually guided breathing, and movement cues given at 66% of 

the respective last breathing phase. The guidance was given by a blue circle in the mid-

dle of the fixation cross, expanding over 1.65 s for inspiration, contracting over 2 s for 

expiration, and crossing a transparent line to cue the movement (Fig. 1). 

 
Fig. 1: Sequence of the movement paradigm under cued breathing conditions. The circle’s ex-

pansion guided inspiration, its contraction guided expiration, and the crossing of a slightly trans-

parent line instructed the start of a movement. 

Signal Preprocessing and Statistical Analysis 

All signals were band-pass filtered using a 4th-order Butterworth filter (band-spe-

cific ranges indicated below), with an additional 50 Hz notch filter to remove power-

line interference. EMG (20–200 Hz) was rectified, smoothed (0.2-s window), and 

movement onset was defined as the first zero-crossing of the EMG derivative preceding 

the main peak. The respiration signal (0.1–2 Hz) was smoothed (2-s window), and 

breathing-phase transitions were identified from derivative zero-crossings, excluding 

intervals shorter than 0.8 s. ECG (0.3–30 Hz) R-peaks were detected using the Pan–

Tompkins algorithm [26]. Instantaneous HR was derived from the R–R intervals, and 

HR variability (HRV) spectral power was estimated using Welch’s method [27,28] in 

the very low (VLF), low (LF), and high frequencies (HF). EEG was downsampled to 

128 Hz, band-pass filtered (0.1–64 Hz), and cleaned from artefactual components re-

lated to eye movements, muscle activity, and channel noise using independent compo-

nent analysis (ICA) in EEGLab [29]. To isolate the low-frequency MRCPs, an addi-

tional low-pass filter with a cutoff frequency of 3.5 Hz was applied. Finally, the signals 

were re-referenced to the common average to remove spatially widespread artefacts, 

including those potentially arising from breathing-related movements. All signals were 

then epoched around movement onset, except for the rest condition, where windows 

were centered around the start of expiration. Trials with noisy signals or incorrect 

breathing-phase alignment were excluded. 

Pairwise t-tests with Benjamini–Hochberg FDR correction [30] were used to com-

pare self-paced and cued movements during inspiration and expiration; resting data 

were included when appropriate. The distribution of movement onsets within the 

breathing cycle was tested for non-uniformity using an r-test [31], and correlations 
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between respiratory, cardiac, and EEG-derived measures were analyzed per condition. 

All processing and subsequent visualizations were implemented in MATLAB [32]. 

Results 

RQ1: We examined respiratory characteristics and the distribution of movement on-

sets across the breathing cycle. Breathing rate was highest during self-paced trials (0.27 

Hz) and lower during cued breathing, which was comparable to rest (0.22 Hz). Move-

ment onsets showed a significant preference for early to mid-expiration, while phase 

transitions were largely avoided (Fig. 2a). Breathing amplitude (Fig. 2b) was shallower 

during self-paced movements and larger during rest and cued breathing.  

 

Fig. 2: (a) Individual distributions of relative movement onsets across the respiratory cycle (blue 

histograms) and grand average distribution (black outline). Individual mean onsets are shown as 

red dots, and the grand average onset as a green dot. Mean onsets from significantly non-uniform 

distributions (p<0.05, FDR-corrected) are marked in bold. (b) Average respiratory amplitudes 

aligned to movement onset across conditions, with inspiration and expiration indicated by falling 

and rising slopes, respectively. (c) Mean-corrected change in HR around movement onset and 

(d) HRV power spectral density in the VLF, LF, and HF bands across conditions. 

RQ2: We analyzed HR and HRV measures across conditions. HR was elevated dur-

ing self-paced trials and comparable between cued and resting conditions (Fig. 2c), 

whereas HRV and LF/HF power were highest during cued trials (Fig. 2c,d), with 

slightly attenuated peaks for movements cued to expiration compared to inspiration. 

 

RQ3: We examined low-frequency EEG activity time-locked to movement onset. 

Grand-average signals over frontocentral channels showed a typical MRCP pattern, in-

cluding a gradual readiness potential, a main negative motor potential around 
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movement onset, and subsequent positive peaks (Fig. 3). Condition effects emerged 

only after stratifying participants by mean self-paced inter-movement interval (> 6 s vs. 

< 6 s; n = 10 per group). Participants with longer intervals showed higher MRCP am-

plitudes during self-paced inspiration and lower amplitudes during cued expiration, 

whereas those with shorter intervals showed the opposite pattern, with larger ampli-

tudes during cued expiration. Moreover, MRCP peak amplitude correlated positively 

with HR only for movements cued to expiration (p<0.05, FDR-corrected). 

 

Fig. 3: Grand-average MRCPs aligned to movement onset (t = 0 s) for both cued and self-paced 

conditions, shown for participants with (a) slow and (b) fast self-paced movements. Signals are 

displayed over left- and right-hemispheric frontocentral channels (FCC3h, FCC1h – left; FCC2h, 

FCC4h – right). Horizontal bars indicate time intervals with significant differences between con-

ditions (p<0.05, FDR-corrected), with colors corresponding to the compared conditions. 

Discussion and Limitations 

By simultaneously examining EEG, respiration, and ECG during self-paced and 

breathing-cued movements, we demonstrate that movement intention is shaped by car-

diorespiratory state rather than arising as an isolated cortical event. 

First, we observed that movements preferentially occurred during early to mid-expi-

ration (RQ1; Fig. 2a), consistent with previous findings [18]. This pattern likely reflects 

reduced competition with inspiratory motor control, as actions were avoided near the 

expiration–inspiration transition, a phase that may require increased neural resources 

[18,33]. 

Cardiac responses around movement onset (RQ2) revealed integrated effects of 

breathing and task demands. HR increased only during self-paced movements, whereas 

cued conditions maintained near-rest HR levels despite higher attentional load, likely 

due to constraints imposed by paced breathing. This interpretation is supported by in-

creased LF and HF power during cued trials. Although traditionally linked to sympa-

thetic and vagal activity, respectively [34], their concurrent increase has been associ-

ated with cognitive effort and fatigue, and may here reflect heightened attention rather 

than reduced stress [35,36,37]. HRV around movement onset was dominated by RSA, 

with movement-related modulations either amplifying or attenuating its effects depend-

ing on whether movements were cued to inspiration or expiration. 

Regarding cortical responses (RQ3), attention-demanding conditions, particularly cued 

expiration, produced enhanced MRCP amplitudes and stronger correlations between 

MRCP amplitude and HR. These effects were most prominent among participants with 

precise cue adherence, likely driven by active expiratory control and increased 
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cognitive effort. In contrast, slow self-paced movements better reflected intrinsic phys-

iological interactions with task-induced modulation. This suggests that analyzing phys-

iology-driven effects requires experimental conditions that closely match the natural 

pacing of a participant. Otherwise, the observations may be overshadowed by stronger 

paradigm-driven effects, such as stress-related responses. Under cued conditions, one 

possible approach to increase user compliance and reduce cognitive load is real-time 

adaptation of cue timing to the participant’s preferred pace. 

It is important to note that several limitations should be considered when interpreting 

these findings. 

A key limitation concerns the translation of the present MRCP-related results into 

real-world applications. The observed effects were derived from low-amplitude, slow 

cortical potentials, which require precise time-locking and averaging across trials to 

achieve a sufficient signal-to-noise ratio. This limits their detectability in single-trial 

EEG under typical conditions. At the same time, this does not imply that both move-

ment preparation and ongoing movement-related processes cannot be inferred from 

continuous EEG. While classical MRCP analysis indeed relies on averaging, a substan-

tial body of BCI research has shown that movement intention/action can also be de-

coded at the single-trial level using appropriate feature extraction and machine learning 

approaches, including slow cortical potentials, low-frequency time-domain features, 

and oscillatory signatures such as ERD/ERS [38,39,40]. However, such approaches are 

inherently more challenging and typically less robust than ERP-based analyses. In this 

context, our results suggest that the coupling between neural activity and more readily 

observable cardiorespiratory signals could support MRCP detection or provide com-

plementary information in continuous BCI settings. Importantly, the present study fo-

cused on time-domain analyses. Respiration-related effects may also manifest in the 

frequency domain, including ERD/ERS patterns, which may be more suitable for online 

detection; however, this remains to be investigated. 

More generally, it is also unclear to what extent the observed effects hold across 

individuals and experimental conditions. This concerns the role of the airflow pathway, 

voluntary vs. artificial ventilation, and inter-individual differences in physiological fit-

ness and respiratory capacity. Future studies with more homogeneous samples are 

needed to investigate these factors more systematically. 

Finally, although this study examined how respiration influences neural and cardiac 

dynamics, the direction of these relationships is unclear. Breathing may be influenced 

by action preparation, or all systems may be jointly modulated by higher-level control 

mechanisms. Clarifying these bidirectional interactions will be an important direction 

for future research. 

Outlook 

In summary, voluntary movement emerges in close interaction with ongoing physi-

ological processes. Breathing phase and HR provide complementary information be-

yond the readiness potential: natural conditions reveal intrinsic physiological interac-

tions but produce weaker neural responses, whereas task-focused states, such as 
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controlled active expiration, enhance physiological responses and improve detection of 

intended actions. 

In the context of BCI applications, these insights are particularly relevant for asyn-

chronous paradigms involving self-initiated movements, where reliable intention de-

tection is challenging. In such settings, cardiorespiratory signals may provide additional 

context for detection or be used to modulate neural responses, for instance, through 

controlled breathing patterns, to improve robustness. While not intended as a 

standalone solution, these findings can inform the design of future systems that inte-

grate physiological context. Subsequent research should investigate whether incorpo-

rating such information, or actively guiding breathing behavior, leads to measurable 

improvements in real-time detection performance. 

These findings may also benefit neurorehabilitation settings, where enhancing the 

detectability and consistency of movement-related brain signals is essential. Guided 

breathing could be explored as a simple and non-invasive strategy to modulate neural 

activity and support training or recovery processes. 

In the broader context of neuroinformation systems, cardiorespiratory signals offer 

a window into the user’s internal cognitive and physiological state, enabling more adap-

tive and context-aware system behavior. Importantly, this perspective goes beyond pas-

sive sensing, as physiological processes may also be actively shaped, for example, 

through guided breathing, to influence neural responses and interaction outcomes. This 

points toward interactive, human-in-the-loop systems in which both the user and the 

system co-adapt over time. Within such systems, personalization becomes crucial to 

ensure that adaptive mechanisms reflect the user’s intrinsic physiological dynamics ra-

ther than imposing a fixed interaction protocol. 
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Abstract. Contemporary digital businesses and services demand real-time, au-

thentic understanding of user opinions, yet traditional approaches such as surveys 

and behavior-based inference suffer from response biases, data sparsity, and pri-

vacy concerns. To address these challenges, we design, instantiate, demonstrate, 

and evaluate a novel NeuroIS artifact in this research. Building on the heuristic-

systematic model and cognitive dissonance theory, we propose an innovative ar-

tifact that infers individual users’ authentic opinions directly from neural indica-

tors when users are presented with artificial stimuli incongruent with their opin-

ions. This incongruence triggers cognitive dissonance and encourages more ef-

fortful systematic information processing, which provides reliable neural indica-

tors of authentic opinion. Our empirical validation demonstrates significant neu-

ral indicators of increased systematic processing in response to incongruent stim-

uli exposure, with this effect moderated by a heuristic cue. Relative to benchmark 

methods, our artifact shows an improved out-of-sample predictive performance 

in predicting individuals’ opinions. 

 

Keywords: Opinion inference · Cognitive dissonance · Information processing · 

Design science · NeuroIS · EEG 

Introduction 

Gaining reliable, real-time insights into individual user opinions has become a central 

challenge for designing, delivering, and governing digital businesses and services. 

Foundational Information Systems (IS) domains, from user experience and personali-

zation to platform governance and risk communication, depend on accurate and timely 

assessments of user opinion and preference [9, 17, 28, 43, 44, 47]. However, existing 

tools predominantly used for this purpose face growing limitations for IS practitioners 

and researchers. Traditional self-report instruments, such as surveys, are subject to 

well-established response biases, disrupt continuous user experiences, and introduce 

latency between data collection and application [15, 29, 48]. Meanwhile, inferring 

mailto:ekarah@uga.edu
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opinion from behavioral trace data (e.g., clickstream, browsing history, purchase rec-

ords) is constrained by inference bias, data sparsity, and an increasingly complex pri-

vacy landscape [1, 26]. In this research, we follow the design science paradigm [18, 22, 

23, 36] to develop a theory-driven neuroscientific artifact that addresses the following 

question: How can we infer authentic individual opinions unobtrusively and in near-

real time while protecting user privacy and requiring minimal calibration? 

Specifically, we propose a novel NeuroIS artifact: Electroencephalography Disso-

nance-Driven Opinion Inference Artifact (EDOIA). Rather than attempting to directly 

decode the neural representation of opinions as in existing studies [21, 42], our ap-

proach builds on a strong theoretical foundation: we infer opinions by detecting the 

neurophysiological footprint of artificially induced cognitive dissonance. Drawing 

upon the heuristic-systematic model (HSM, [5, 6, 34], and cognitive dissonance theory 

(CDT) as our kernel theories [13, 33], we posit that presenting users with stimuli in-

congruent with their authentic opinions induces dissonance (i.e., an incongruent claim 

about the user’s favored service or product), which in turn triggers effortful systematic 

processing [5, 25, 31, 33]. The neurophysiological correlate of this enhanced cognitive 

effort is a well-documented desynchronization of EEG activity in the alpha and beta 

frequency bands [20, 32, 37], referred to as event-related desynchronization (ERD, 

[27]). EDOIA instantiates and operationalizes this mechanism through a sequential 

stimulus presentation protocol. Specifically, immediately after exposing a user to the 

focal evaluating object stimulus (e.g., a product image or news headline for which the 

user’s opinion is of interest), EDOIA presents artificial stimuli expressing extreme 

opinions that may contradict the user’s authentic opinion of the object stimulus. By 

measuring time-locked ERD immediately following the artificial stimulus presentation, 

EDOIA infers whether the valence of the user’s underlying opinion is opposite to the 

artificial stimulus, thus eliciting greater systematic processing as suggested by the ker-

nel theories. 

We demonstrate and evaluate the proposed EDOIA through an empirical study. Our 

empirical validation demonstrates that exposure to incongruent stimuli induces robust 

ERD in EEG alpha/beta band power, indicative of more systematic processing. When 

a strong heuristic cue is easily accessible, the following moderation analysis reveals a 

significant attenuation of ERD. Guided by the observed ERD patterns, we show that 

EDOIA provides a significant improvement in out-of-sample individual opinion pre-

diction compared with the benchmark methods. The prediction comparison also delin-

eates the boundary conditions of EDOIA’s performance, consistent with the moderation 

effect: EDOIA excels in prediction only when the heuristic cue is less salient.  

Design of EDOIA 

Kernel Theories and Neuroscientific Foundations 

The design of EDOIA draws on dual-process theories of information processing, spe-

cifically HSM, which operates primarily during the retrieval and judgment stages [6, 7, 

34]. The model posits two distinct cognitive routes, heuristic and systematic, through 

which individuals engage cognitively with presented information. The heuristic route 

involves quick, automatic, and often subconscious mental shortcuts, allowing 
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individuals to make rapid judgments or decisions based on the availability of simplified 

cues [30]. In contrast, the systematic route involves more deliberate and comprehensive 

retrieval and processing of information, entailing careful evaluation, critical thinking, 

and deeper scrutiny of details and evidence [6, 7, 16]. 

Cognitive dissonance theory (CDT) provides the second theoretical pillar for our 

artifact design. According to CDT, exposure to information incongruent with an indi-

vidual’s cognitions, beliefs, attitudes, or behaviors causes psychological tension [13, 

35, 41]. The experienced dissonance lowers individuals’ confidence in their judgments 

and motivates them to mitigate dissonance through various means [30, 41]. One major 

route involves acquiring more specific information about the focal object and conduct-

ing more systematic processing to resolve the incongruency, a route represented by 

systematic processing [6, 31]. 

In EEG studies, raw EEG signals are typically decomposed into electrical power 

level (dB) across five frequency bands: delta (1-4 Hz), theta (4-8 Hz), alpha (8-12 Hz), 

beta (12-30 Hz), and gamma (30-45 Hz). These power levels across different bands 

have been associated with different behavioral or cognitive tasks. Especially, ERD of 

alpha/beta band power around the frontal cortex, measured as a substantial reduction in 

power level, has been linked to enhanced cognitive processing across cognitive tasks 

and even species [20, 33, 37, 38, 39]. For example, reduction of alpha/beta band power 

can serve as a proxy for more stimulus-specific information processing [20]. Similarly, 

when users are asked to rate articles using self-referential questions, desynchronization 

of alpha/band power in the frontal cortex indicates enhanced systematic processing 

[33]. 

These kernel theories and neuroscientific foundations suggest the following mech-

anism: exposure to incongruent information can induce cognitive dissonance and mo-

tivate users to commit greater cognitive effort to retrieving and processing information 

related to the focal object. This enhanced cognitive processing can cause desynchroni-

zation and a substantial reduction of EEG alpha/beta band power in the frontal cortex. 

Sequential Presentation Protocol Design 

Accordingly, we devise and include a set of artificial stimuli with known valence to 

induce cognitive dissonance through incongruency. By design, these artificial stimuli 

express strongly positive or negative opinions that can be either congruent or incongru-

ent with users’ authentic opinions toward the object stimuli. When the presented artifi-

cial stimulus is incongruent with the individual’s opinion, we expect it to challenge the 

individual’s judgmental confidence and induce more systematic processing. An infer-

ence of the user’s authentic opinion can then be made as that with the opposite valence 

of the presented artificial stimulus. 

With two sets of stimuli involved, EDOIA relies on how users cognitively process 

the artificial stimuli to generate inferences. To cleanly isolate the effect of artificial 

stimuli and control variation both within and across stimulus exposures, we devise a 

sequential presentation procedure that first presents the object stimuli, followed by ar-

tificial stimuli. Specifically, one exposure trial starts with presenting only the object 

stimulus, followed by the presentation of both the object stimulus and the artificial 

stimulus together. Figure 1 is an illustrative example of the proposed presentation pro-

tocol in our lab study to study individual food preferences (Chinese cuisine dishes).  
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Fig. 1. The sequential stimuli presentation protocol 

Event Study Adaption 

With the proposed sequential stimulus protocol, measurement of power change in the 

alpha/beta band upon artificial stimulus exposure requires careful analytical attention. 

In this study, we adapt the event study methodology [24, 40]. Adaptation of the event 

study methodology in our context effectively controls for within-exposure-trial varia-

tion and provides a robust measure of the artificial stimulus exposure effect. 

Figure 2 illustrates the event study adaptation for only one exposure trial. For each 

focal user i and object d pair, we first fit a multivariate linear model of actual band 

powers (𝐄idet) using the baseline activity (𝐄̅dt,−i) as predictor, derived by averaging 

other users’ band powers viewing the object d, over the object stimulus only period. 

Then, we calculate the difference between the actual band powers (𝐄idet) and the ex-

pected powers (𝐄̂idet) derived from the baseline activity (𝐄̅dt,−i ) to measure the power 

change in the alpha/beta band after artificial stimuli exposure. Following the event 

study literature, we refer to this difference at each time step as abnormal activity (AA). 

Finally, we cumulate the derived AAs over the object and artificial stimuli period to 

obtain the cumulative abnormal activity (CAA) as an aggregated measure of the reduc-

tion of EEG alpha/beta band power induced by artificial stimuli exposure. 
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Fig. 2. The devised sequential stimuli presentation protocol 

Notes: The three EEG signal lines in this figure are for illustration only and are not real data. The 

specific AA derived in the figure is negative (-), namely, a reduction in alpha/beta band power, 

which indicates a more systematic processing. 

Opinion Inference Rules by CAAs 

Once the artificial stimulus induced CAAs are obtained, we use them as focal ERD 

indicators and infer an individual user’s opinion based on the nature of the presented 

incongruency. Specifically, a negative CAA (i.e., a reduction in alpha/beta band power) 

following artificial stimulus exposure suggests more systematic processing of stimulus-

specific information, indicating that the artificial stimulus is incongruent with the indi-

vidual user’s authentic opinion toward the focal object. We thus infer the valence of the 

authentic opinion to be opposite to that of the presented artificial stimulus. When both 

positive and negative artificial stimuli produce negative CAAs, the final inference is 

based on the stronger dissonance reaction, the negative CAA with greater magnitude. 

Empirical Demonstration and Evaluation 

Following the design science paradigm [18, 22, 23, 36], we implement a lab study to 

demonstrate and evaluate the proposed EDOIA. The objectives are to validate EDOIA’s 

core underlying mechanism and demonstrate that leveraging artificially induced ERD 

patterns can improve individual opinion inference from existing methods. This section 

describes the study design and validation evidence. Specifically, we focus on inferring 

individual users’ preferences over a set of products, an important context for user opin-

ions for IS practitioners and scholars. 
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Study Design 

Eighty-four participants were recruited from the business undergraduate population at 

an eastern US public university in exchange for extra credit toward enrolled courses. 

Prior screening ensured participants had no history of neurological illness or damage, 

were not using any psychiatric medication, and had normal or corrected-to-normal vi-

sion. The study proceeded after obtaining informed consent from participants. 

The object stimuli set includes product items toward which participants’ authentic 

preferences are of interest. In this study, we selected Chinese food as our focal product 

category. First, the college town hosting the university features approximately a dozen 

Chinese restaurants. Specifically, the university student union center, located centrally 

on campus, houses a Panda Express, which is among the most popular on-campus din-

ing options for undergraduate students. Second, because Chinese dishes tend to feature 

more diverse and exotic flavors and ingredients, they naturally induce more heteroge-

neous preferences among American students. The final object stimuli set thus includes 

12 regular dishes served at Panda Express and 18 of the most popular dishes served at 

another popular Chinese restaurant adjacent to campus. We collected images of these 

30 dishes from the restaurants’ websites as our object stimuli. 

Although our proposed framework allows generalizable implementation, we adopt 

a simple design and devise the artificial stimuli in this study as textual statements ex-

pressing strong opinions. Because individuals’ authentic preferences toward these 

dishes, either like or dislike, are unknown a priori, we devise statement stimuli with 

both positive (e.g., “People always LIKE this!”) and negative opinions (e.g., “No one 

LIKES this!”), such that when participants truly like (dislike) a dish, exposure to a 

strong negative (positive) statement is expected to elicit dissonance through incongru-

ency. 

EEG Data Collection and Preprocessing 

EEG data were collected using the Emotiv EPOC X headset1. The headset is a 14-chan-

nel system used in prior NeuroIS studies published in leading journals [32, 33, 34]. 

Compared with traditional non-invasive EEG equipment used for medical diagnostic 

purposes, this device is significantly more portable and easier to mount on participants’ 

scalps [10]. Neuroscience and NeuroIS researchers have widely scrutinized the Emotiv 

device and found that this consumer-grade system provides high temporal resolution 

EEG data as accurate and reliable as medical-grade systems [33]. 

Among 14 EEG electrode locations dispersed over the scalp along the classic 10-20 

system, we use all six locations in the prefrontal cortex area (AF3, AF4, F3, F4, F7, 

F8). Numerous neuroscientific studies have demonstrated a strong correlation between 

neural activity of the prefrontal/frontal cortex and implicit valuation, preference pro-

cessing, actual choices, and population-wide commercial performance [28, 33, 34, 42]. 

Additionally, the locations of prefrontal/frontal EEG sensors align closely with the con-

tact points between most digital wearable headsets and human skin. This means that 

these devices can easily incorporate EEG sensors to implement EDOIA for near-future 

commercialization. 

 
1 https://www.emotiv.com/epoc-x 
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Following the literature, the raw EEG data were first down-sampled to 128 Hz and 

filtered with a passband from 1 Hz to 49 Hz. The EEG data were then average-refer-

enced, and epochs were extracted for a window of 500 ms pre-stimuli to 4000 ms after 

the object stimulus onset, with the 500 ms to 100 ms pre-stimuli period used for baseline 

correction. To remove artifacts related to muscle and eye movements, independent 

component analysis was conducted, and epochs impacted significantly by muscle ac-

tivities were removed from further analysis. We then derived the ERSP time-frequency 

presentation of EEG data with five bands. 

Empirical Results 

We first classify all exposure trials in which participants like (dislike) the presented 

dish, followed by negative (positive) artificial statements, as “Incongruent” exposures, 

while exposure trials in which the presented statements match participant preferences 

are classified as “Congruent” exposures. The true labels of liking/disliking are based 

on participants’ self-reported preference scales. 

Table 1 presents the results of both parametric and nonparametric tests for the two 

groups of CAAs, congruent or incongruent. Consistent with the theoretical foundations, 

we find a significant reduction in alpha/beta band power only when the presented state-

ment is incongruent with the participant’s preference, confirming that artificially in-

duced dissonance encourages individuals to engage in more systematic processing of 

the presented stimuli. 

Table 1. Test statistics of statement exposure – main effect. 

 

Tests 

Congruent 

(p-value) 

Incongruent 

(p-value) 

Parametric 

Cross-sectional Test (t) 0.02 (0.98) -3.21 (0.00) *** 

Standardized Cross- 

sectional Test (t) 

0.05 (0.96) -3.49 (0.00) *** 

Nonparametric 
Generalized Sign Test (z) 0.18 (0.86) -4.11 (0.00) *** 

Generalized Rank Test (t) -0.06 (0.95) -4.45 (0.00) *** 

 

Responding to calls in design science research to articulate design knowledge rather 

than artifact novelty alone [18], we further explore the potential boundary conditions. 

Specifically, we examine the moderating effect of an accessible heuristic cue, whether 

there is an opinion consensus across the population on each dish. Table 2 presents the 

results for the 2 × 2 combinations (Congruency × Consensus). Results demonstrate that 

the dissonance-induced reduction of alpha/beta band power is statistically significant 

when no strong consensus exists on the focal dish. In other words, an extreme statement 

induces a more substantial dissonance effect for dishes on which more divergent opin-

ions exist among individuals, such that exposure to extreme statements becomes less 

expected. Consistent with previous studies, we find that individuals tend to adopt a less 

systematic approach to processing information when a consensus cue is available, as 

indicated by a less pronounced reduction in alpha/beta band power. 

 

 



34 

Table 2: Test statistics of statement exposure – moderating effect of heuristic cue. 

 

Tests Consensus 

Congruent 

(p-value) 

Incongruent 

(p-value) 

Parametric 

Cross-sectional 

Test (t) 

Yes 0.43 (0.67) -0.73 (0.47) 

No -0.36 (0.72) -3.63 (0.00) *** 

Standardized 

Cross-sectional 

Test (t) 

Yes 0.58 (0.56) -1.09 (0.28) 

No -0.43 (0.67) -3.65 (0.00) *** 

Nonparametric 

Generalized 

Sign Test (z) 

Yes 0.03 (0.98) -1.29 (0.20) 

No 0.21 (0.83) -4.36 (0.00) *** 

Generalized 

Rank Test (t) 

Yes 0.19 (0.85) -1.08 (0.28) 

No -0.27 (0.79) -4.11 (0.00) *** 

 

Finally, we evaluate whether EDOIA can provide reliable preference inferences at 

the individual level, by comparing its out-of-sample predictive performance with five 

benchmark methods: (1) majority rule (“Majority”), using the majority opinion from 

other users to infer the focal user’s opinion, which simulates the common practice of 

recommending “best-seller” products or services. The second set of benchmarks repre-

sents existing EEG-based preference inference studies and includes four classical ma-

chine learning methods [21]: (2) support vector machine (SVM) with a linear kernel; 

(3) logistic regression (Log); (4) AdaBoost decision trees (Tree), with 300 trees and a 

minimum leaf size of 5 for regularization; and (5) K-nearest neighbors (KNN) with K 

= 5. 

Without the proposed stimulus presentation protocol in EDOIA, current EEG stud-

ies derive various features from raw EEG data collected during the object-stimulus-

only period in Figure 2. For the benchmark methods, we assume no access to EEG data 

after artificial stimulus exposure and follow their practices to derive the following 15 

EEG features as the predictors: five frequency band powers over the frontal area, hem-

ispheric asymmetry features across five frequency bands, and inter-individual correla-

tions across five frequency bands (refer to [21] for full details). 

Figure 3 presents the prediction results across six groups of dishes with gradually 

decreasing consensus (the number of dishes “# Dish”, and the number of observations 

“# Obs”, within each group are provided at the bottom of the figure). As Figure 3 shows, 

EDOIA performs significantly better than other benchmark machine learning methods 

using EEG data. Although the difference between EDOIA and the majority benchmark 

is not significant when all dishes are considered, the improvement from EDOIA over 

the majority rule becomes substantial and significant for dishes with a less salient con-

sensus cue (i.e., starting from 40%-60% liking percentage). These results verify that the 

proposed artifact improves individual preference inference performance relative to ex-

isting methods when dissonance-induced systematic processing is salient. 
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# Dish 30 25 21 12 5 3 

# Obs 511 496 406 271 143 97 

Fig. 3. Predictive performance across competing methods 

Discussion and Concluding Remarks 

This research contributes to NeuroIS and the broader IS literature by developing and 

evaluating the EDOIA, a theory-grounded artifact for unobtrusive, individual-level 

opinion inference [10, 11, 12, 14, 19, 34, 35, 38, 39]. Our study serves as a proof-of-

concept design science effort, presenting the findings that establish initial feasibility 

and theoretical plausibility. Framed through the lens of design science research, our 

contribution lies in the purposeful construction and initial evaluation of an artifact in-

tended to address a relevant IS problem while generating design knowledge that can 

inform neuro-adaptive systems in future [18, 22, 36, 46]. 

First, this study contributes a novel stimulus protocol that translates kernel theories 

of CDT and HSM into an actionable NeuroIS design. By sequentially presenting a focal 

object followed by artificial stimuli, the protocol creates theoretically motivated incon-

gruence that is associated with measurable ERD in the alpha/beta bands. The contribu-

tion extends beyond a single empirical implementation and offers a reusable design 

principle for eliciting neurophysiological signals that are informative for opinion infer-

ence in digitally mediated settings. 

Second, we instantiate this protocol in a deployable artifact, an unobtrusive system 

that avoids self-report biases, preserves user privacy, and incorporates a key methodo-

logical innovation for individual-level inference. The proposed event study adaptation 

captures cognitive dynamics as they occur and eliminates the need for extensive, per-

son-specific calibration samples required by traditional BCI designs. 

Third, our evaluation yields initial knowledge about the boundary conditions under 

which the artifact is likely to be effective. The findings indicate that opinion-
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incongruent stimuli are associated with stronger ERD and that this relationship is atten-

uated when strong heuristic cues such as consensus are present. These results are con-

sistent with the theorized mechanism and provide support for the explanatory value of 

the underlying kernel theories, while also clarifying when neurophysiological signals 

may improve individual-level inference. In this respect, the paper contributes not only 

an artifact, but also design principles and boundary conditions [18, 36]. 

Digital service and user engagement now unfold in seconds, yet IS practitioners and 

researchers mostly rely on self-reports and behavioral logs to infer what individual us-

ers value. Our EEG-based opinion inference may prove valuable in near real time set-

tings where behavioral records are limited, and where self-reports are biased, strategi-

cally distorted, or impractical, in both academia [2, 4, 8] and industry [3, 45]. However, 

we acknowledge that the proposed artifact should be evaluated across more diverse 

populations, decision contexts, and hardware configurations, and under field conditions 

that more closely reflect real-world digital service environments. 
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Abstract. Generative AI (GenAI) is increasingly used as an interactive decision 

partner in organizational context, yet its influence on high-stakes moral decisions 

and accountability on a cognitive as well as neural base remains less researched. 

We therefore propose a NeuroIS experiment in a recruitment “tie-breaker” sce-

nario in which participants select between similarly qualified candidates under 

ethically salient trade-offs to investigate the unique human-GenAI dynamics. The 

study compares a baseline without GenAI decision support against two GenAI 

interaction styles: a confident, high-normative-force advisor that promotes ac-

ceptance, and a questioning, reflection-fostering advisor that prompts scrutiny. 

Combining EEG and eye tracking with behavioral logs and self-reports, we ex-

amine how GenAI changes cognitive control and engagement, reliance on system 

output, and perceived accountability for decision-making. Our work contributes 

with process-level evidence on when GenAI induces active collaboration versus 

blind compliance in high-stakes decision support and promotes insights into the 

neural correlates of human-GenAI decision dynamics.  

Keywords: Generative AI · Moral Decision-Making · Recruitment · EEG · Eye-

tracking 

Introduction 

Generative artificial intelligence is rapidly shifting from a background productivity 

technology toward an interactive decision partner that can provide suggestions, gener-

ate rationales, and shape how people justify choices in real time [1–3]. This raises con-

cerns from an Information Systems (IS) and management perspective that go beyond 

performance to agency, governance, and responsible use [4–7], particularly in high-

stakes moral decisions where outcomes are consequential and normatively contested 

[8, 9]. Recruitment is a prominent example: hiring decisions are consequential and con-

strained by equal opportunity, non-discrimination, and procedural fairness [10, 11]. 

This is especially true in tie-breaker situations, in which two candidates appear simi-

larly qualified, and a final decision must still be made. In such cases, GenAI does not 

merely automate screening; it may actively shape how decision makers interpret 
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equivalently strong applicant profiles, which criteria they foreground, and how they 

justify selecting one candidate over the other [12–14].  

A core challenge is that GenAI support may either blur responsibility and accounta-

bility (e.g., by enabling justificatory deference) or foster deeper reflection (e.g., by sur-

facing uncertainty and counterarguments). Yet, evidence remains limited on which dy-

namics dominates and how GenAI reshapes the micro-processes of judgment and jus-

tification in fairness-sensitive decisions, particularly from a neurophysiological per-

spective [8, 15]. Thus, we aim to answer the following research question: 

RQ: How does GenAI assistance and its interaction style shape (a) cognitive con-

trol/engagement during hiring decisions, (b) reliance on the system, and (c) perceived 

responsibility/accountability for the final choice? 

Because much prior work relies on outcomes and self-reports, it may miss fast, partly 

nonconscious processes central to fairness-sensitive judgment [16, 17]. NeuroIS meth-

ods can capture these in situ via physiological indicators of mental effort and control 

[18, 19]. We address this gap using a NeuroIS experiment in which participants com-

plete recruitment tie-breaker decisions with and without GenAI support. We combine 

behavioral and self-report measures with EEG time-frequency indicators of cognitive 

control/engagement and, paired with eye tracking, of attention allocation to test whether 

GenAI support is associated with (i) altered cognitive control/engagement, (ii) in-

creased reliance, and (iii) shifts in perceived responsibility/accountability [10, 20–23]. 

Related Work 

AI-Assisted Moral Decision-Making in High-Stakes Environment: In critical do-

mains such as defense, healthcare, and autonomous transportation, the integration of AI 

decision support systems is reshaping how human operators process information and 

attribute responsibility [9, 14, 24]. High-stakes environments are characterized by eth-

ical complexity and significant consequences for human life [14]. For instance, AI is 

increasingly used as a decision support tool for augmenting medical diagnosis decision 

[25–27]. In organizational contexts like recruitment, AI is utilized to enhance human 

processing power and promised to mitigate human biases [28, 29]. Yet the delegation 

to and reliance on AI systems introduces potential conflicts of authority that require 

joint control mechanisms to ensure fairness and legal compliance [10, 30, 31]. Research 

indicates that in these morally challenging situations, human decisions are frequently 

guided by the autonomous system's behavior [32, 33]. This reliance is often amplified 

by anthropomorphism, which influences users’ attitudes towards AI recommendations 

[34–36]. High-stakes moral dilemma tasks like the “Moral Machine” or the “Trolley” 

experiment reveal that users perceive AI decisions that conflict with their own moral 

judgments as highly significant and surprising [8, 9, 37]. However, additional research 

is needed that investigates how GenAI as a more salient and persuasive technology with 

natural language capabilities impacts moral decision-making. 

Human-GenAI collaboration from a Neurophysiological Perspective: GenAI as 

a new paradigm offers new pathways to investigate implications on an individual level 

[38, 39], such as regarding creativity [3, 40–42], in education [43, 44], or regarding 

knowledge work [45–49]. Neurophysiological studies investigate new cognitive 
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dynamics in human-GenAI collaboration and allow a complementary view of uncon-

scious effects of the human user beyond self-reported data [38, 48]. For instance, a 

comprehensive EEG study by Kosmyna et al. reveals that collaborating with GenAI 

poses the potential to alter neural connectivity patterns compared to unassisted effort 

without GenAI use [15]. Furthermore, an fNIRS study by Fabre et al. on moral deci-

sion-making with AI advisors shows that being provided with deontological arguments 

leads to a decrease in right dorsolateral prefrontal cortex activity, suggesting a volun-

tary down-regulation of affective responses to preserve one’s self-image [8]. 

Hypotheses and Research Model Development 

Building on Technology Dominance Theory (TTD), we conceptualize GenAI as an in-

telligent decision aid whose effects operate primarily through reliance: weighting and 

following the system’s output [50–52]. Reliance is especially likely under ambiguity, 

when multiple criteria are defensible and the ‘correct’ choice is uncertain [51, 53]. We 

extend this perspective by integrating Social Influence Theory (SIT), which explains 

how the framing of advice affects acceptance of decision support [54]. High-certainty, 

high-normative-force advice increases compliance-like acceptance, whereas question-

ing prompts foster reflection and reduce passive agreement [53, 55]. Integrating TTD 

and SIT, we posit that GenAI affects accountability via (1) in-task cognitive control/en-

gagement during advice integration and (2) resulting changes in reliance, which then 

shape perceived accountability. 

NeuroIS emphasizes that IS artifacts shape outcomes via time-resolved cognitive 

processes that self-reports may miss, motivating neurophysiological measures of in-

task control/engagement [56, 57]. In our paradigm, questioning and reflection-fostering 

GenAI style is expected to surface reflection, increasing conflict monitoring and cog-

nitive control demands during the decision episode. A confident, high-normative-force 

GenAI style is expected to reduce perceived ambiguity and promote acceptance, low-

ering control demands and encouraging acceptance of the recommendation [18, 54]. 

H1: Questioning GenAI style elicits higher cognitive control/engagement during the 

decision episode than confident style. 

TTD posits that decision aids influence decisions by becoming dominant inputs to 

judgment, increasing reliance [50, 51, 55]. Decision-support research shows substantial 

reliance of algorithmic advice even when its logic is opaque (i.e., algorithm apprecia-

tion) [53, 58, 59]. Accordingly, GenAI support should increase reliance relative to base-

line. SIT further implies that high certainty and normative force amplify reliance, 

whereas questioning prompts reduce it by inducing scrutiny [54]. 

H2: GenAI assistance leads to higher reliance on the system’s output than baseline. 

H3: Reliance is higher under the confident style than under the questioning style. 

Beyond advice framing, reliance depends on how actively decision makers evaluate 

the recommendation. Higher cognitive control and engagement should increase scru-

tiny and reduce uncritical acceptance. This aligns with TTD’s view of reliance as inte-

grating the aid into judgment (not by mere exposure) [52, 55], arguing for NeuroIS 

perspectives that process measures at decision time beyond post-hoc rationales [19, 57]. 
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H4: Higher cognitive control/engagement during the decision episode is associated 

with lower reliance on GenAI output. 

In high-stakes decisions, reliance may blur accountability by shifting perceived own-

ership away from the decision maker [60, 61]. Consistent with responsibility diffusion 

and TTD, greater dominance of GenAI output should reduce perceived authorship, ac-

countability, and agency [14, 50, 62]. Thus, reliance should mediate effects of GenAI 

availability and style on accountability: assistance and high–normative-force advice in-

crease reliance, which reduces perceived accountability. 

H5: Higher reliance on GenAI is associated with lower perceived accountability. 

H6: The effects of (a) GenAI assistance (vs. baseline) and (b) GenAI style on ac-

countability are mediated by reliance. 

 

Fig. 4. Research model 

Methodology 

Study Design: We propose a controlled within-subject laboratory experiment to exam-

ine how GenAI assistance and GenAI interaction style shape (i) cognitive control/en-

gagement, (ii) reliance on GenAI, and (iii) downstream accountability/ownership per-

ceptions in a recruitment tie-breaker task. Participants complete three randomized 

blocks (two decisions each; six total): baseline (no GenAI), GenAI with a confident 

high-normative-force style, and GenAI with a questioning reflection-fostering style. 

The core decision setting is designed as a tie-breaker between two equally suitable can-

didates, such that the experimental manipulation targets advice integration and justifi-

cation under ambiguity rather than simple performance differences between applicants. 

Task and Experimental Manipulation: Participants act as a decision maker select-

ing one of two equally fitting applicants for a student assistant job, ensuring task acces-

sibility for a student sample (see Sample and Procedure) while retaining reliance and 

accountability trade-offs. The candidate profiles are constructed so that both applicants 

appear comparably suitable overall but differ on selected attributes that make the final 

choice defensible in more than one way. This creates the intended tie-breaker situation 

for decision-making and increases the relevance of GenAI-generated rationales. In 

GenAI blocks, participants may consult the assistant before committing (cf. Fig. 5); the 
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system provides assistance, recommendation, and rationale with style manipulated as 

follows: The confident high-normative-force style uses high decisional certainty and 

prescriptive language (e.g., stronger ‘should’ statements), whereas the questioning re-

flection-fostering style foregrounds uncertainty, reflection, and prompts for justifica-

tion. The system utilizes the OpenAI API with the gpt-5.4 model and respective system 

prompts to ensure the defined interaction styles. 

 

 

Fig. 5. Screenshot of the genAI-supported decision task 

Sample and Procedure: Participants will be recruited from a German student pool. 

A sample size of n = 50 is determined via a priori power analysis in G*Power (α = .05, 

power ≥ .80, effect size = .2) which suggests a minimum of 42 participants. After con-

sent and demographics, participants are equipped with a Unicorn Hybrid Black EEG 

and calibrated on a Tobii Pro Spark eye tracker. As outlined in Fig. 6, participants com-

plete a practice trial, resting phases for EEG calibration, and then proceed through the 

three randomized blocks (two hiring decisions per treatment). To address EEG fatigue 

effects, we employ resting phases before each task block. Before each decision, partic-

ipants are first presented with the hiring scenario. They then view the two candidate 

profiles simultaneously on the same page, together with the job description and the final 

choice options. Each decision is limited to 5 minutes. As shown in Fig. 5, in the GenAI 

conditions, the same decision page additionally contains the GenAI interaction area 

with advice. Thus, each trial is centered on a single integrated comparison screen rather 

than on separate sequential profile pages. This setup is intended to resemble a realistic 

tie-breaker comparison in which decision makers directly contrast two similarly 
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suitable applicants while optionally consulting GenAI support. To increase consequen-

tiality and accountability salience without real economic risk, participants report a 

mock ‘stake’ of an intended performance bonus on each decision as a proxy for com-

mitment. The bonus is always paid in full; the stake is incentive-mimicking only and 

serves as a continuous endorsement measure to facilitate faithful decision-making. 

 

 

Fig. 6. Procedure of the experiment 

Measures: For each decision, we record (i) final choice, (ii) decision time, (iii) in-

teraction traces in GenAI blocks (e.g., prompt count, total interaction time, and com-

plete chat logs), and (iv) the mock stake. Behavioral reliance is captured via agree-

ment/override rates (i.e., match to recommendation). Self-reports include TTD-aligned 

reliance [55], algorithm aversion/appreciation [58], cognitive absorption [63], decision 

difficulty [64], and task-adapted sense of agency as an accountability measure [65]. 

Brief manipulation checks assess perceived decisional certainty/normative force versus 

reflection prompting in the respective GenAI style blocks. EEG is recorded to capture 

objective, in-task indicators of the focal constructs while participants process candidate 

information, consult GenAI advice, and commit to a final choice. Rather than treating 

EEG as a separate outcome domain, we use it as a process-tracing measurement ap-

proach for cognitive control and engagement during the decision episode. We record 

EEG data using a reduced 10-20 montage comprising Fz, F3, F4, Cz, P3, Pz, and P4, 

with TP10 recorded as the mastoid reference channel for re-referencing. This montage 

is selected to capture the frontal-midline and posterior scalp regions most relevant to 

the focal constructs. In line with prior EEG research, cognitive control is operational-

ized primarily through frontal-midline theta activity over Fz and Cz, where theta-band 

dynamics are commonly linked to conflict monitoring and control processes [66], 

whereas attentional engagement is operationalized through posterior alpha power and 

alpha suppression over P3, Pz, and P4, where alpha dynamics have been associated 

with visual attention and task engagement [67, 68]. The additional frontal electrodes F3 

and F4 are included to broaden coverage of frontal scalp dynamics beyond the frontal-

midline sites. Although the primary theta analyses remain centered on Fz and Cz, the 

inclusion of F3 and F4 preserves a compact frontal cluster that can support data quality 

assessment and exploratory analyses of broader frontal scalp-level activation patterns. 

We distinguish between task-level and behavior-defined EEG analyses. First, we 

examine the overall decision episode from stimulus onset to final commitment. Second, 
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we use eye-tracking data to define more fine-grained EEG windows based on partici-

pants’ visual attention to specific areas of interest. More specifically, area of interest 

(AOI) fixations are used to segment EEG activity into behavior-defined windows asso-

ciated with processing candidate information versus processing GenAI output (e.g., 

recommendation reading versus CV reading). This approach allows us to relate oscil-

latory dynamics more directly to the information currently attended to, thereby differ-

entiating general task-related engagement from more specific neural dynamics during 

information acquisition and advice evaluation. Eye movements are recorded in parallel 

and analyzed using AOI-based measures of evidence acquisition and reliance, including 

dwell-time proportions on candidate and GenAI AOIs, switching behavior between 

AOIs, and post-advice revisits to candidate information for verification [23, 69]. 

Data Analysis: Data will be analyzed using mixed-effects models to account for 

repeated decisions and trial heterogeneity, estimating condition effects on behavioral, 

self-report, eye-tracking, and EEG outcomes, and testing whether attentional and neu-

rocognitive measures are associated with responsibility-related responses. The mixed-

effects specification is particularly suitable because it models repeated tie-breaker de-

cisions nested within participants while accounting for trial-level heterogeneity in can-

didate constellations and advice conditions. 

EEG preprocessing and spectral quantification are conducted in Python using the 

MNE ecosystem prior to model estimation [70]. The continuous EEG is re-referenced 

to a linked-mastoid reference based on the right mastoid channel (TP10). Preprocessing 

is conducted separately for each task window. First, bad channels are identified based 

on deviation, high-frequency noise, and flatness criteria and are subsequently interpo-

lated. Second, Artifact Subspace Reconstruction (ASR) is applied to attenuate high-

amplitude transient artifacts while preserving the task-related signal [71]. The cleaned 

data are then segmented into 2 second epochs with 50% overlap. 

Spectral quantification is based on multitaper power spectral density (PSD) estima-

tion, followed by averaging across the channels relevant to the respective construct. To 

derive individualized frequency bands, resting-state and task-related spectral estimates 

are first computed at the participant level [72]. Individual alpha frequency is then de-

termined in a multi-step procedure [73]. First, the aperiodic 1/f component is fitted and 

subtracted from the mean PSD. Second, the flattened alpha-band curve is smoothed. 

Third, the most prominent local peak in the 7-13 Hz range is selected. If this peak is 

located at the edge of the search window, or if no peak exceeds the required prominence 

threshold, the procedure falls back to a local center-of-gravity estimate based on the 

raw PSD. The individualized alpha band is then defined as IAF ± 1.5 Hz. 

To derive individualized theta-band quantification, the theta–alpha transition fre-

quency is estimated following Klimesch’s approach as the intersection of resting-state 

and task-related PSD curves [74]. Based on this transition estimate, the theta band is 

defined as the 2 Hz range showing the largest difference between resting and working 

spectra. This individualized band definition is intended to account for interindividual 

variation in oscillatory peak structure and thereby improve the construct validity of the 

EEG measures. 
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Outlook 

This study proposal advances NeuroIS research on human-GenAI collaboration by test-

ing a theory-grounded mechanism model in a high-stakes, fairness-sensitive decision 

context. The planned experiment will provide convergent behavioral, self-report, EEG, 

and eye-tracking evidence on how GenAI interaction style shapes cognitive control/en-

gagement, reliance, and perceived accountability in hiring tie-breaking decision scenar-

ios. First study data points for a pre-study will be collected and analyzed for discussion 

at the NeuroIS retreat. Beyond contributing to Technology Dominance Theory in the 

GenAI era, the results can inform the design and governance of responsible GenAI de-

cision support by identifying interaction styles that calibrate reliance without under-

mining accountability. 
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Abstract. In NeuroIS research, the triangulation of physiological data and self-

reported measures often leads to inconsistent results, complicating the assess-

ment of user activation and stress. This study addresses this reliability gap by 

evaluating the suitability of composite indicators versus single measurements. In 

a driving simulator study (n=68) comparing real-world and simulated driving 

across seven segments, we collected Galvanic Skin Response (GSR), Heart Rate 

(HR), salivary cortisol, and cognitive workload data (NASA-TLX, single-item 

stress). Principal component analysis revealed two stable dimensions: Physiolog-

ical Reaction (PR) and Cognitive Reaction (CR). Validation using salivary corti-

sol levels indicates that these composite indicators offer higher stability and ex-

planatory power than single metrics. We propose these composite indicators as a 

robust methodological approach for future NeuroIS studies to mitigate artifacts 

and measurement divergence. 

 

Keywords: composite indicators· stress measurement · technostress · multi-

modal measurement 

 Introduction 

A core objective of NeuroIS is to employ neurophysiological tools to better under-

stand information systems [1]. However, a central challenge, particularly in the study 

of technostress, is the "triangulation problem": physiological data (e.g., GSR, HR) and 

subjective self-reports often yield heterogeneous or conflicting results regarding user 

stress [2, 3]. While individual findings suggest that task characteristics correlate with 

physiological response, the inconsistency of single measurements undermines the va-

lidity of User Experience findings. In applied contexts, researchers often rely on single 

indicators (e.g., HR), which are prone to artifacts such as movement or environmental 

noise [4]. This heterogeneity limits practical applicability when results hinge on a spe-

cific indicator [5]. 

This paper addresses this gap by proposing composite indicators that aggregate spe-

cific physiological and cognitive measures into potentially coherent higher-order di-

mensions. Building on the call for “measurement pluralism” [6], we pose the research 
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question: Can such composite indicators provide a more stable and valid assessment of 

user stress reactions than single measurements? We validate these indicators using sal-

ivary cortisol, a direct biological marker of hypothalamic-pituitary-adrenal (HPA) axis 

activity [6]. 

Theoretical Background and Hypotheses 

Stress Measurement and Artifacts  

Technostress is defined as "the stress experienced by people as a result of their in-

teractions with technologies" [7]. While traditional driving research focuses on traffic 

frustration, modern vehicles are highly complex IT artifacts. Drivers continuously in-

teract with sophisticated Human-Machine Interfaces (HMIs) and digital assistance sys-

tems. Consequently, driving has become a demanding human-computer interaction 

(HCI) task where information overload can easily exceed user capabilities, triggering 

technostress [8]. o measure this arousal, NeuroIS researchers utilize Autonomic Nerv-

ous System (ANS) responses via, e.g., Galvanic Skin Response (GSR) and Electrocar-

diography (ECG) [9]. However, widely used metrics like Heart Rate (HR) and Skin 

Conductance Response (SCR) are sensitive to artifacts and may reflect unspecific 

arousal rather than negative stress [10]. Consequently, stress is a multifaceted phenom-

enon involving both autonomic activation and cognitive appraisal [11]  that cannot be 

reliably inferred from a single signal. 

Composite Indicators & Cortisol Validation 

Following latent variable modeling principles, we hypothesize that stress states man-

ifest across multiple channels simultaneously [3]. By aggregating these into a Physio-

logical Reaction (PR) and a Cognitive Reaction (CR), we aim to reduce error variance 

inherent in single-sensor measurements [12]. Such aggregation can enhance stability 

by capturing shared variance while reducing indicator-specific noise [13]. To evaluate 

whether measures reflect genuine stress, cortisol serves as a biological criterion. Unlike 

fast-reacting ANS measures, cortisol reflects a cumulative hormonal response to stress 

[14, 15]. In the present design, cortisol is used to validate the stress relevance of phys-

iological single measures and the derived composite indicators. 

Based on this reasoning, we propose the following hypotheses: H1 (Factor Struc-

ture Stability): The two-dimensional factor structure of the composite stress indicators 

(Physiological Reaction and Cognitive Reaction) exhibits measurement stability across 

varying situational driving demands. H2 (Load-Response Relationship): There is a 

significant inverse relationship between a participant's perceived ability to manage the 

situational load and the magnitude of both composite indicators (PR and CR). H3 (Bi-

ological Validation): Under conditions of high situational demand, both the Physio-

logical Reaction (PR) and Cognitive Reaction (CR) composite indicators exhibit a sig-

nificant positive correlation with the biological stress marker salivary cortisol. 



55 

 

Methodology  

Participants and Design 

We conducted a study with N=68 participants (37 females, 31 males, M age =30.07, 

SD=11.58). The underlaying data have already been examined with respect to simulator 

validity in terms of physiological responses [16, 17], but not with regard to indicator 

aggregation. 

To encompass a broad range of situational demands, the within-subject design com-

pared two experimental conditions: a real-world drive and a simulated drive. The task 

involved navigating a 23 km circular route, explicitly designed to induce varying levels 

of workload. It consisted of seven distinct segments: (1) City/outskirts, (2) Village, (3) 

Rural road to motorway entrance, (4) Motorway, (5) Motorway exit, (6) Village/rural 

road, and (7) City traffic, yielding reaction data for 14 unique conditions per participant. 

The real-world drive was conducted in regular traffic under favorable weather con-

ditions using a standard rental car (110 kW). To ensure exact comparability, the real-

world route was digitally replicated as a 1:1 scale "digital twin" on a medium-fidelity 

simulator [18]. The simulator was operated via Silab 7.1 software (WIVW) and featured 

an original driver's seat, a force-feedback steering wheel, a 180° horizontal field of view 

via LCD screens, and a 3-degree-of-freedom D-Box to provide physical feedback on 

road surface conditions. 

The procedure followed a strict, standardized protocol: After an initial baseline sal-

ivary cortisol test (SCT/0) and a pre-questionnaire to assess baseline stress/cognitive 

load, participants were equipped with the physiological sensors (GSR, ECG). To estab-

lish a baseline and avoid simulator sickness artifacts during the initial phase, partici-

pants always completed the real-world drive first. This was immediately followed by 

the administration of the cognitive questionnaires and a second cortisol sample 

(SCT/1). Subsequently, participants were introduced to the simulator via three stand-

ardized training routes to prevent habituation issues. After completing the simulated 

drive on the digital twin route, participants answered the identical set of questionnaires 

a final time, followed by the concluding cortisol test (SCT/2). 

Measurements 

Physiological. GSR (Shimmer 3 GSR+) to extract Skin Conductance Response 

(SCR)  and Level (SCL) [9]; ECG to record HR and HRV indices. Data were synchro-

nized via iMotions 9.1. 

Cognitive. Workload via NASA-TLX (α > .72) [19]; Stress via Short Stress State 

Questionnaire (SSSQ) [20] and a single Item (Stress) ; Physical Wellbeing (PW) (re-

verse-coded) [21]; Situational load via Vehicle Operation (VO) (self-developed single-

item). 

Validation. Salivary Cortisol (SCT) samples taken pre- and post-drive, analyzed via 

chemiluminescence immunoassay. 



 

 

Data Analysis. Data were restructured so that each participant × segment constituted 

an observation (n=476 per condition) to retain variance. Composite indicators were de-

rived using principal component analysis (PCA) with varimax rotation. 

Results 

Descriptive Findings and Manipulation check 

First, we compared the two conditions to check the manipulation. The simulator 

drive induced significantly higher loads than the real-world drive across almost all met-

rics. NASA-TLX was significantly higher in the simulator (M=4.86) compared to the 

real drive (M=2.63, p<.001). Similarly, single-item Stress was higher in the simulator 

(5.63 vs. 2.84, p<.01). 

Interestingly, physiological metrics followed this trend: SCL and peak amplitude 

were significantly lower in the real drive. Cortisol levels also showed a trend of increase 

in the simulator condition, contrasting with the natural diurnal decline observed during 

the real drive. In total, nine of 12 indicators suggested that the simulator drive was 

significantly more stressful than the real-world drive. This variation is essential for our 

methodological approach, as it enables us to examine driving situations with differing 

stress intensities. Consequently, the reliability of the composite indicators can be ana-

lyzed independent of the specific stress level. 

Derivation and Stability of Composite Indicators (Testing H1) 

To identify the most reliable single indicators, we conducted an initial correlation 

analysis, which showed that individual indicators provided parallel but not fully con-

sistent signals. We selected indicators for aggregation based on evidence: SCR was 

retained over SCL because it correlated on a higher level with cognitive indicators; HR 

was retained as the most robust cardiac measure (reflecting findings by [22]). To iden-

tify the underlying factor structure, we initially conducted a Principal Component Anal-

ysis (PCA) with varimax rotation across the entire driving dataset (real and simulated 

conditions). 

Table 1 Varimax Rotated Factor Loadings of Calculated Composite Indicators 

 Real Ride Reaction Data Simulator Ride Reaction Data 

Items Cognitive Physiological Cognitive Physiological 

PW .824 .147 .839 .158 

NASA-TLX .869 -.036 .931 .017 

Stress .850 -.093 .911 .063 

SCR .309 .757 .136 .748 

HR -.280 .750 .002 .795 

 

As Table 1 illustrates, this yielded a consistent two-factor solution: the physiological 

variables (HR, SCR) formed a distinct factor, termed Physiological Reaction (PR), 
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while the subjective measures (NASA-TLX, perceived stress, physical wellbeing) reli-

ably clustered into a second factor, termed Cognitive Reaction (CR). 

Having established these composite indicators, we tested their measurement invari-

ance across varying situational driving demands (H1). To this end, separate PCAs were 

calculated for all 14 driving segments. 

 

Table 2 PCA Rotated Factor Loading across the Seven Sections 

Section Indicator 
Real Ride Simulator Ride 

CR PR CR PR 

1: City, city out-

skirts, rural road 

PW .834 .206 .834 .155 

NASA TLX .865 -.107 .934 -.004 

STRESS .856 -.105 .906 .117 

SCR .220 .811 .207 .735 

HR -.229 .715 -.039 .837 

KMO .660 .700 

Bartlett <.001 <.001 

Variance ex-

plained 
70.277 74.224 

2: Village 

PW .827 .153 .842 .131 

NASA TLX .864 -.077 .928 .051 

STRESS .834 -.097 .913 .041 

SCR .444 .625 .116 .786 

HR -.265 .799 .018 .806 

KMO .715 .700 

Bartlett <.001 <.001 

Variance ex-

plained 
69.219 74.137 

3: Rural road to mo-

torway entrance 

PW .822 .159 .845 .117 

NASA TLX .862 -.061 .930 .002 

STRESS .857 -.071 .911 .052 

SCR .339 .751 .103 .766 

HR -.294 .768 -.003 .788 

KMO .702 .698 

Bartlett <.001 <.001 

Variance ex-

plained 
70.847 72.935 

4: Motorway 

PW .819 .130 .836 .156 

NASA TLX .874 -.002 .932 .030 

STRESS .847 -.058 .902 .126 

SCR .409 .711 .141 .464 

HR -.234 .839 -.025 .901 

KMO .702 .700 

Bartlett <.001 <.001 

Variance ex-

plained 
72.114 69.411 



 

 

5: Motorway exit, 

rural road 

PW .824 .169 .839 .162 

NASA TLX .862 -.056 .931 .020 

STRESS .846 -.095 .907 .090 

SCR .361 .733 .164 .709 

HR -.320 .734 -.008 .799 

KMO .711 .706 

Bartlett <.001 <.001 

Variance ex-

plained 
69.729 71,914 

6: Village, rural road 

to outskirts of town 

PW .831 .042 .836 .207 

NASA TLX .879 -.018 .922 .057 

STRESS .844 -.153 .908 .031 

SCR .171 .833 .274 .708 

HR -.263 .714 -.069 .834 

KMO .684 .706 

Bartlett <.001 <.001 

Variance ex-

plained 
70.019 73.955 

7 City 

PW .834 .155 .834 .191 

NASA TLX .934 -.004 .934 -.020 

STRESS .906 .117 .916 .043 

SCR .207 .735 .029 .818 

HR -.039 .837 .093 .790 

KMO .700 .690 

Bartlett <.001 <.001 

Variance ex-

plained 
74.224 74.986 

 

As Table 2 demonstrates, the stable two-dimensional factor structure (PR and CR) 

remains remarkably consistent regardless of the specific route segment (e.g., rural road 

vs. city traffic) or the environment (real-world vs. simulator). Consequently, the struc-

tural stability of the composite indicators is fully supported (H1). 

Load-Response Relationship (Testing H2) 

We tested H2 by correlating the composite indicators with Vehicle Operation (VO), 

the measure of situational load. As expected, VO correlated negatively with both com-

posite indicators (indicating that lower capability leads to higher stress). In the simula-

tor drive, CR correlated strongly with VO (r = -.646, p < .001) and PR correlated sig-

nificantly with VO (r = -.142, p < .01). In the real drive, CR (r = -.402, p < .001) and 

PR (r = -.246, p < .01) also showed significant correlations. Comparing this to single 

measures highlights the value of composite indicators: In the simulator condition, while 

SCR correlated with VO (r = -.125), HR alone did not (r = -.064, ns). By aggregating 

them into PR, the composite indicator captured the shared stress variance and yielded 

a significant result where single measures failed. Consequently, H2 is supported. 
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Biological Validation (Testing H3) 

Finally, we tested the biological validity of these composite indicators (H3). In the 

simulator condition (which successfully induced stress), both composite indicators 

showed highly significant correlations with cortisol levels (see Figure 1): 

• PR and SCT: r = .196, p < .001; CR and SCT: r = .420, p < .001. 

In the real drive, correlations were non-significant (PR r = .032; CR r = .027). This 

is likely due to the "floor effect" of stress in the real drive; without sufficient variance 

in stress activation, covariance with cortisol cannot be established. However, the sig-

nificant results in the simulator drive provide support for the validity of the composite 

indicators. The fact that CR correlated more strongly with cortisol (r=.420) than PR 

(r=.196) suggests that cognitive appraisal is a potent proxy for biological stress out-

comes in this context, aligning with theoretical predictions by [8]. 

Figure 1. Final research model and key statistical results (RR/SR = real ride/simulated 

ride) 

 

Discussion and Conclusion 

Theoretical Contributions 

This study contributes to the NeuroIS field by demonstrating that composite indica-

tors offer a more reliable basis for interpretation than single metrics. First, we showed 

that Physiological Reaction (PR), combining HR and SCR, remains stable even when 

individual signals fluctuate due to situational artifacts. This addresses the "noisy data" 

problem in applied NeuroIS research, where movement or sensor detachments can ruin 

single-channel data [4]. Second, the strong correlation of Cognitive Reaction (CR) with 

cortisol suggests that simple, aggregated self-reports can effectively proxy biological 

stress when physiological measurement is not feasible. Interestingly, cortisol correlates 

more strongly with CR (r = .420) than with PR (r = .196). This conceptually aligns with 

the two primary stress pathways: While PR captures the rapid, often unspecific arousal 

of the Symptahtetic Adrenal Medullary (SAM) axis, cortisol is regulated by the Hypo-

thalamus-Pituitary-Adrenal (HPA) axis. The HPA axis is highly sensitive to cognitive 

appraisal and activates primarily when a situation is perceived as demanding or over-

whelming [15]. Since CR explicitly measures this subjective evaluation, its strong cor-

relation with cortisol is theoretically sound.  This supports the "measurement pluralism" 

perspective [23], showing that subjective and objective measures are not opposing 

forces but complementary parts of a holistic stress assessment. 



 

 

Limitations, Future Research and Conclusion 

Several limitations must be noted. First, the real drive induced minimal stress, lim-

iting the validation potential in that condition. Future studies should experimentally 

manipulate demand levels more aggressively in real-world settings to test if the corre-

lations hold. Second, the order of conditions was fixed (real then sim), which might 

interact with cortisol's diurnal cycle. Third, while driving is a key application area, fu-

ture work should validate these composite indicators in other IS contexts, such as hu-

man-AI interaction or mobile system usage, to ensure the PR/CR structure generalizes 

beyond the automotive domain [24]. Fourth, while our results demonstrate the value of 

the Cognitive Reaction (CR) factor, it is critical to acknowledge the inherent methodo-

logical weaknesses of self-reports in NeuroIS research. As highlighted by Tams et al. 

(2014) [3] and vom Brocke et al. (2020) [25], participants often struggle to accurately 

recall and reflect upon their true affective responses. Furthermore, repeatedly querying 

users after each stimulus can introduce severe priming biases, altering their subsequent 

behavior. Finally, we must consider the 'contrary perspective' where self-reports are 

simply not feasible. In many naturalistic IS use-cases, such as continuous high-speed 

driving, interrupting the user with a questionnaire would destroy the task context or 

endanger the user. In such scenarios, the continuous, non-intrusive measurement pro-

vided by the Physiological Reaction (PR) composite indicator becomes not just a meth-

odological alternative, but an absolute necessity. 

Single physiological and cognitive indicators are often insufficient for reliable user 

experience measurement in NeuroIS. This study demonstrates that composite indica-

tors, strategically aggregating GSR, HR, and self-report measures, provide greater sta-

bility, validity, and interpretability. We validated that the constructs of Physiological 

Reaction and Cognitive Reaction remain stable across environments and correlate with 

biological ground truth (cortisol) under load. We therefore recommend the use of PR 

and CR composite indicators as a standard methodological basis for analyzing activa-

tion and demand in future NeuroIS user tests. 
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Abstract. Physiological videoconference fatigue (PVCF) has emerged as a sig-

nificant threat to employee well-being. While current research focusses on the 

drivers of PVCF, this study integrates expectancy-violations theory to examine 

how prior expectations regarding videoconferences influence subsequent physi-

ological recovery to homeostasis. We conducted a 2x3 between-subject labora-

tory experiment and measured PVCF through skin conductance within a simu-

lated videoconference environment. Preliminary results indicate that higher am-

plitudes in physiological arousals do not necessarily lead to longer recovery times 

and that violated expectations lead to longer recovery times than confirmed ex-

pectations. 

Keywords: videoconference fatigue · expectancy-violations theory · arousal · 

skin conductance · recovery 

Introduction 

Recent statistics from 2024 show that employees spent almost one-third of their 

work time videoconferencing [1]. Besides its positive effects, studies have also shown 

that the excessive use of videoconferencing tools (e.g., MS Teams) is associated with 

negative, stress-related consequences – known as physiological videoconference fa-

tigue (PVCF) [2, 3]. PVCF is defined as the resulting state of physical and mental ex-

haustion [4]. While videoconferencing leads to activation of the sympathetic nervous 

system (SNS) [4] to prepare the body for action [5], resulting in biological user re-

sponses (e.g., physiological arousals), PVCF is associated with increased activity of the 

parasympathetic nervous system (PNS) [3, 6]. Prior research shows that the state of 

fatigue is reflected by decreased physiological responses [3]. PVCF is among others 

caused by information overload [7] such as self-awareness, interaction with multiple 

faces and multitasking, and demands a higher cognitive effort than face-to-face com-

munication, which eventually leads to fatigue-related consequences [3, 4].  

However, the processing of information depends on individuals’ expectations [8], 

and its assessment depends on individuals’ experiences [9]. How users respond to in-

formation overload during videoconferences depend on their expectations before enter-

ing the conference. Based on expectancy-violations theory (EVT; [10]), we assume that 

violations and confirmations regarding the expectations towards an upcoming 

mailto:%7d@uni-bamberg.
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videoconference lead to different physiological responses. Expectations can either be 

met (confirmation) or unmet (violation). In the PVCF context, prior experiences lead 

to the development of expectations [11] that get violated, leading to information over-

load [12] and activation of the SNS [10, 13]. Moreover, past research on PVCF has 

focused on the occurrence of the response [2, 3]. Yet, it is also important to understand 

how quickly users recover from fatigue. The human body responds by trying to recover 

from these physiological arousals and return to a stable and constant condition, which 

is called homeostasis where SNS and PNS are in an equilibrium [14, 15]. The duration 

of recovery varies [16], with shorter recovery times implying being able to achieve 

higher cognitive performance earlier again [17]. Research has shown that expectation 

violations demand more cognitive effort [10, 18], which we assume to result in longer 

PVCF recovery. Therefore, we differentiate between two phases, the initial SNS acti-

vation caused by expectation violations, and subsequently the activation of the PNS 

caused by PVCF. We assume that PVCF recovery differs depending on violations and 

confirmations regarding information overload [10]. Despite research of PVCF drivers, 

current literature lacks an integration of how expectation confirmations/violations in-

fluence PVCF recovery. Therefore, the research question is: 

How do expectation violations regarding information overload while videoconfer-

encing result in different physiological VCF recovery? 

Theoretical Background and Hypotheses Development 

Expectancy-Violations Theory 

EVT explains how individuals evaluate the outcomes from social interactions and states 

that individuals develop expectations toward a social interaction which either get con-

firmed or violated, leading to different outcomes [10]. 

Beyond influencing immediate responses, EVT suggests that expectancy violations 

trigger ongoing cognitive evaluation processes. These processes may persist beyond 

the initial interaction and thereby influence the temporal dynamics of physiological re-

covery, rather than solely affecting the magnitude of initial responses. 

Physiological Videoconference Fatigue and Recovery 

Videoconference fatigue (VCF) has emerged as a phenomenon in recent research 

and is defined as a state of physical and mental exhaustion caused by excessive use of 

videoconferencing tools [4]. Most research about VCF focused on the pure existence 

of VCF and its root causes [4, 19] and it was not until Riedl et al. (2023) explored 

VCF from a neurophysiological perspective that this view expanded.2 PVCF extends 

self-reported feelings of VCF by also emphasizing physiological measurable effects 

such as electrodermal activity, heart rate, and eye-related metrics [2, 3]. Recent work 

has found further support for these mechanisms through EEG and autonomic nervous 

system evidence, highlighting the complex biological toll of VCF [6]. 

 
2 Additionally, both terms are synonyms and often used interchangeably [4]. 
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Just like VCF, PVCF is caused by information overload [4, 7, 19]. Because vide-

oconferencing lacks the intuitive cues of face-to-face communication, the brain must 

increase cognitive effort to compensate for its unique features, resulting in PVCF [4]. 

Information overload in videoconferences is caused by three antecedents: self-aware-

ness, unnatural interaction with multiple faces, and multitasking opportunities. Self-

awareness arises from the fact that videoconferencing tools provide the participants 

with the opportunity to constantly see themselves like they are looking at a mirror [19], 

leading to increased self-awareness opportunities and the secretion of stress hormones 

[4, 19, 20]. Unnatural interaction with multiple faces arises from the typical arrange-

ment of the other participants’ faces in videoconferences. While direct eye contact is 

not constantly used in face-to-face communication [19], the interface of videoconfer-

encing tools make it seem like the participant is being stared at constantly by multiple 

other participants [4], and the feeling of being stared at is known to trigger physiologi-

cal arousals [21, 22]. The opportunity to multitask while participating in a videoconfer-

ence is another root cause of information overload [4]. Studies show that this simulta-

neous involvement in multiple activities and rapid switching between multiple win-

dows is associated with increased perceived stress and physiological responses [23, 24]. 

It is expected that participants have expectations regarding the three factors of infor-

mation overload when joining a videoconference, which can either get confirmed or 

violated. 

We differentiate between two distinct phases reflecting the dynamic interplay of the 

autonomic nervous system [5]: (i) the initial SNS activation caused by an expectation-

violation regarding the three factors of information overload during videoconferences, 

and (ii) subsequently the activation of the PNS caused by PVCF during the videocon-

ference. The first phase comprises physiological responses to videoconferencing. Vid-

eoconferencing environments can elicit acute physiological arousal due to cognitive 

and social demands, which is associated with activation of the SNS. When being con-

fronted with expectation violations the SNS gets activated, leading to physiological 

arousal, indicated by biomarkers such as skin conductance (SC) elevation [15, 25]. 

The second phase is characterized by prolonged videoconferencing leading to fa-

tigue-related state, which have been associated with increased PNS activity, reflecting 

regulatory efforts to restore homeostasis [3, 6]. One mechanism to reach homeostasis 

is physiological recovery. Physiological recovery means returning to homeostasis af-

ter expectation violation induced SNS activation through subsequent PNS activation. 

In the context of electrodermal activity it is reflected by a return of the physiological 

arousal to its baseline level [16]. The present study aims to connect the two phases by 

examining how the first phase of expectation violations, which cause activation of the 

SNS and lead to physiological arousals impacts the second phase of physiological re-

covery and PVCF, which are associated with PNS activity [10, 13]. Hence, this study 

does not directly measure PVCF as a fatigue state but focuses on physiological recov-

ery following videoconference-induced arousal, which may represent a key mecha-

nism underlying the emergence of PVCF. Shorter recovery times indicate more effi-

cient autonomic regulation, whereas prolonged recovery may indicate sustained phys-

iological engagement and delayed return to homeostasis. 
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Hypotheses development 

In the following section, we will theoretically develop our hypotheses regarding the 

effects of expectation violations when videoconferencing and their subsequent physio-

logical recovery. 

Because expectation violations require continued cognitive processing to resolve 

discrepancies [10], they are expected to prolong physiological activation beyond the 

initial response phase, thus leading to longer recovery. An overview of our hypothe-

sized effects in our research model is provided by Figure 1. 

While increased self-awareness is causing information overload while videoconfer-

encing [4], EVT suggests that the intensity of the resulting physiological response is 

depending on prior expectations [10]. When a participants’ expectation regarding self-

awareness is confirmed, the cognitive system acts in a standard pattern within an ex-

pected framework [26], resulting in minimized cognitive effort [10, 27] compared to 

violations [18]. Such an expectation violation reflects phase one, the activation of the 

SNS; followed by the second phase, which is associated with PNS activity and eventu-

ally leads to return to homeostasis. Seeing oneself in a ‘mirror’ while videoconferenc-

ing requires the brain to work harder, which is assumed to results in physiological 

arousal [4, 19]. During violations, the brain needs to work harder to adjust to the unex-

pected situation [18], which is why we assume longer recovery. Hence, we hypothesize:  

H1: Violated expectations regarding self-awareness while videoconferencing lead 

to longer recovery than confirmed expectations regarding self-awareness while vide-

oconferencing. 

The human brain has been hardwired for face-to-face communication in natural 

group settings. In videoconferences, it feels like multiple people are staring at you at 

the same time, which might result in physiological arousal [3, 4], providing a baseline 

of potential physiological arousal. When participants of a videoconference expect this, 

their expectations are confirmed, suggesting that their brain can process automatically 

with lower cognitive effort [10, 27], leading to activation of the SNS and physiological 

arousals [16], from which the body recovers over time to return to homeostasis [15, 

25]. Since expectation violations are associated with higher, continued cognitive effort 

than confirmations, it is assumed that expectation violations lead to longer recovery. 

Hence, we hypothesize: 

H2: Violated expectations regarding the interaction with multiple faces while vide-

oconferencing lead to longer recovery than confirmed expectations regarding the in-

teraction with multiple faces while videoconferencing. 

Similarly, engaging in multiple tasks while videoconferencing leads to stress and 

physiological arousal [4, 24]. Confirmed expectations regarding multitasking (e.g. par-

ticipants have to multitask while videoconferencing, but they expected it) still lead to 

physiological arousals caused by SNS activation from which the body tries to recover 

[15]. Violated expectations regarding multitasking lead to increased cognitive effort, as 

the brain needs more resources to cope with this violation [10, 18]. During this process, 

the brain must work harder to return to homeostasis [10, 15, 18], assumably leading to 

prolonged recovery. Hence, we hypothesize: 
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H3: Violated expectations regarding multitasking while videoconferencing lead to 

longer recovery than confirmed expectations regarding multitasking while videocon-

ferencing. 

 
Fig. 7. Research Model. 

Research Methodology and Experimental Procedure 

We developed a 2x3 between-subject laboratory experiment. The first factor was 

expectation, consisting of confirmed and violated [10]. The second factor was infor-

mation overload [4], consisting of self-awareness, interaction with multiple faces, and 

multitasking. The design results in six experimental conditions: (1) confirmed self-

awareness, (2) violated self-awareness, (3) confirmed interaction with multiple faces, 

(4) violated interaction with multiple faces, (5) confirmed multitasking, and (6) violated 

multitasking.  

Manipulations: The self-awareness manipulation is achieved by showing the partic-

ipants their appearance on the majority of the simulated videoconference screen [4]. 

The interaction with multiple faces manipulation is achieved by showing the partici-

pants 20 faces on the videoconference screen to give the impression of being stared at 

concurrently by 20 people [4]. The multitasking manipulation is simulated by giving 

the participants a task while participating in the videoconference. Table 1 provides an 

overview of the manipulations within the simulated videoconference environment. For 

the simulated videoconference, we created a 12min long conversation between two 

people. Additionally, to ensure ecological validity, we introduced participants to imag-

ine they were participating in a work-related videoconference about “AI in the daily 

life”, where two experts were talking about this topic. Lastly, during the post-experi-

mental stage, we asked the participants questions about the content of the videoconfer-

ence to measure performance [28]. 

Manipulation check: We recorded participants’ head movement while participating 

in the videoconference to ensure they were looking at the manipulation. Participants 

also had to report if they were aware whether they saw their own camera image, how 
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many other participants had their cameras on, and if applicable, how they divided their 

attention between the task and the videoconference. 

Tab. 1. Overview of Manipulations. 

Information overload antecedent 

Self-awareness (self-view on the left 

side) 

Multiple Faces 

  

Multitasking Control 

  

 

Measurement: To measure the participants physiological responses, the participants 

were wearing a mobile device (MentalBioScreen K3) that recorded their SC values in 

microsiemens (µS). SC measurement is well suited to capture autonomic nervous sys-

tem activity [29, 30], thus applicable to capture both physiological arousal caused by 

expectation violations through SNS activation and subsequent PVCF and physiological 

recovery which are associated with PNS activity [3, 6]. 

Experimental procedure: The procedure was split into three parts (see Figure 2). 

During the pre-experimental stage, the participants were asked to self-report their per-

ceived VCF using the zoom fatigue scale [31]. We also asked the participants to report 

their expectations regarding the antecedents of information overload, so they could ei-

ther get confirmed or violated. We captured the SC baseline level of all participants 

during a rest phase in this stage [16]. During the experimental stage, the participants 

joined the simulated videoconference. This stage captures the two phases. First, expec-

tation violations and information overload are assumed to cause acute physiological 

arousal, reflected in activation of the SNS and increases in SC response amplitude. 

Second, following this initial activation, PVCF and physiological recovery processes 

associated with the PNS are assumed to facilitate the return toward baseline levels. To 

measure participants’ recovery from physiological arousal, we applied the 50% and 

63% approaches, which refer to the time span until the electrodermal level recovers 

50% or 63% of the peak amplitude after a stimulus [16]. These approaches are 
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commonly used, as participants are often unlikely to reach the pre-arousal again due to 

baseline shifts [16]. To create the simulated videoconference and make the experience 

as realistic as possible – thus further strengthening ecological validity [30], we used 

Labvanced to replicate the visual appearance of MS Teams. Additionally, the manipu-

lations were contextually embedded [30].  

 
Fig. 8. Experimental Procedure. 

First Results 

To test the experiment, we conducted a pre-test with seven participants. The pre-test 

results shown in Table 2 indicate that higher SCR amplitudes do not necessarily trans-

late to longer recovery times. Violated expectations regarding interaction with multiple 

faces led to higher SCR amplitudes and the participants did not recover during the ex-

periment, indicating that violated expectations regarding the information overload an-

tecedents do indeed lead to longer recovery times, indicating support for H2.  

Tab. 2. Overview of Preliminary Results. 

(N = 7) Confirmation Violation 

Information 

overload ante-

cedent 

SCR 

ampli-

tude in 

µS 

50% SCR 

rec. in s 

63% SCR 

rec. in s 

 

SCR ampli-

tude in µS 

50% SCR 

rec. in s 

63% SCR 

rec. in s 

Self-awareness 155.38 21 48.5 - - - 

Multiple Faces 38.05 156 192 110.15 NR NR 

Multitasking - - - 40.83 84.5 107 

Control* 66.05 15 17    

Note: SCR amplitude: vertical height of a response relative to the baseline; 50% (63%) SCR 

rec.: time required for the SCR curve to recover 50% (63%) of its amplitude [16]; NR: not 

reached within experimental window; * = no stressor 
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Expected Contributions and Next Steps  

The results of this study are expected to contribute to literature in the following ways. 

First, we expect to contribute to the field of NeuroIS [29, 32] by incorporating a phys-

iological recovery perspective on PVCF. While existing NeuroIS research in the con-

text of PVCF focuses on autonomic nervous system activity [2, 3, 6], we extend this 

literature by incorporating subsequent physiological recovery, shifting the focus from 

mere stress induction to the body’s ability to return to homeostasis. This enables differ-

entiation between increased SNS activation and impaired recovery caused by PVCF, 

allowing for further differentiation of activation and deactivation processes of the au-

tonomic nervous system [5]. 

Second, we expect to advance current understanding of PVCF information overload 

antecedents [4] by introducing an individual, situational dimension. Through incorpo-

rating EVT [10], we demonstrate that PVCF is regulated by user expectations and their 

confirmation or violation. Specifically, first results showed that expectation violations 

regarding these antecedents lead to longer recovery than confirmations, suggesting that 

the psychological, situational dimension of videoconferences influences PVCF and 

PVCF recovery. This reveals that the three information overload antecedents are only 

part of the reason why PVCF happens, with prior expectations regarding the videocon-

ference and psychological processes as the other part. 

Building on these preliminary results, we will recruit a larger sample to validate the 

research model, as well as include additional neurophysiological measures such as 

heart rate and heart rate variability. In doing so, we will be able to gain even richer in-

sights into autonomic nervous system activity and physiological recovery [29]. 
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Abstract. This study examines how feedback delivery mode shapes operators’ 

physiological activation and self-focus during a repetitive industrial task. Using 

a multi-method NeuroIS approach (N = 31), participants completed a time-con-

strained disassembly task while receiving periodic performance feedback deliv-

ered either verbally by a researcher or visually via a digital interface.  Results 

reveal a distinct dissociation: automated feedback significantly increased physi-

ological activation (heart rate), while human feedback triggered higher cognitive 

self-focus (self-reflection). Self-efficacy emerged as a significant covariate, indi-

cating meaningful individual differences consistent with transactional stress the-

ory. These findings suggest that automated interfaces exert a persistent monitor-

ing pressure, whereas human presence introduces social-evaluative processing. 

This research provides design implications for balancing physiological activation 

and cognitive load in smart factory environments. 

Keywords: Physiological Activation, Cognitive Self-Focus, Industry 5.0, Auto-

mated Feedback, Human Feedback, Self-Efficacy. 

Introduction 

The digital transformation of industrial workplaces has reshaped performance monitor-

ing through the integration of artificial intelligence (AI). This shift is central to Industry 

5.0 (I5.0), a paradigm that moves beyond technical efficiency to prioritize worker well-
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being, empowerment, and human-centric research [1]. AI-driven feedback systems are 

increasingly embedded in performance infrastructures [2–5], intended to augment ra-

ther than replace workers [6, 7]. While automation improves routine performance [8, 

9], it can create "out-of-the-loop" problems during failure [10, 11]. Despite the estab-

lished technical efficacy [2, 3, 5, 12], the psychological consequences of feedback 

source (human vs. automated) remain underexplored in NeuroIS [6, 7, 13].  

Performance feedback regulates behavior by signaling discrepancies between cur-

rent and desired performance, shaping effort allocation and strategy adjustment [12, 

14–17]. However, feedback source is not neutral; it influences interpretation, trust, and 

internalization [2–5, 12]. The same message may elicit distinct psychological responses 

depending on whether it originates from a human supervisor or an automated interface. 

Drawing from Self-Determination Theory (SDT), which posits that optimal func-

tioning depends on autonomy, competence, and relatedness [4, 18, 19] and the Trilogy 

of Mind framework distinguishing affective, motivational, and cognitive domains [20, 

21], we argue that feedback source activates distinct stress pathways. We define phys-

iological activation as autonomic arousal indexed by heart rate, representing the affec-

tive/arousal pathway [21–23]. Within the NeuroIS field, HR is recognized as a founda-

tional tool for capturing objective neurophysiological data during system interaction 

[24]. Recent neuroscientific evidence suggests that cardiac sympathetic-vagal activity 

plays a leading and causal role in initiating the emotional response, where ascending 

modulations from heartbeat activity precede and sustain cortical responses to arousal 

[25]. Furthermore, HR has been validated as a sensitive metric for tracking moment-

by-moment changes in affective processing during continuous task execution [26]. 

Human feedback conveys social presence and relatedness [2, 5, 12], supporting psy-

chological needs and goal internalization. Yet its social-evaluative nature can heighten 

self-consciousness and cognitive self-focus [3, 12, 27, 28], redirecting attention toward 

self-monitoring rather than task execution [29, 30]. Automated feedback, often per-

ceived as objective and socially distant [5], may reduce evaluative self-consciousness 

but can function as a continuous, impersonal monitoring force [2–5]. Lacking social 

nuance or pauses, it may sustain physiological activation even without interpersonal 

judgment [3, 31].  

Responses likely vary across individuals. Consistent with the Transactional Model 

of Stress (TMS), stress reflects appraisals of demands relative to coping resources [32, 

33]. Self-efficacy, belief in one’s capability to execute task demands, shapes these ap-

praisals. High self-efficacy may render feedback informational; low self-efficacy may 

make it threatening [4, 18, 19, 34]. Physiologically, these appraisals modulate auto-

nomic reactivity [35]; while a 'threat' appraisal triggers sharp sympathetic activation 

and heightened heart rate [25], high self-efficacy serves as a physiological buffer that 

maintains autonomic stability by framing the feedback as a manageable challenge [34–

36]. 

Using a multi-method NeuroIS approach, we distinguish physiological activation 

(heart rate) from cognitive self-focus (self-report) to advance understanding of operator 

states in I5.0. We hypothesize: (H1) participants receiving human feedback will report 

higher cognitive self-focus compared to those receiving automated feedback; (H2) au-

tomated feedback will be associated with higher physiological activation compared to 
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human feedback; (H3) self-efficacy will significantly contribute to these responses, 

serving as a buffer against physiological activation and cognitive self-focus. 

Methods 

This section details the experimental design and multi-method measures, following 

Passalacqua et al. [37]. 

Participants 

Thirty-four participants were recruited; after artifact screening, the final sample in-

cluded 31 (12 F; age M = 28.38, SD = 11.78). Inclusion required normal or corrected 

vision and no prior task experience. Ethical approval was obtained (certificate #2023-

5427); all participants provided written consent. 

Experimental Design and Task 

A between-subjects design compared human (n = 15) and automated (n = 16) feedback. 

Participants performed a repetitive snowshoe disassembly task under a challenging time 

goal. Feedback (ahead/behind pace) was delivered every two minutes: verbally by a 

researcher (human condition) or via a standardized interface (automated condition). 

The between-subjects design was selected to prevent carryover and contamination 

effects. Specifically, the repetitive nature of the task could introduce learning effects in 

a within-subjects setup [38], while prior research shows that the presence of a human 

observer induces self-directed attention and performance regulation processes [39], 

making it likely that such cognitive effects would influence subsequent performance 

across conditions. 

Instruments and Measures 

Continuous ECG was recorded at 256 Hz using the Hexoskin Smart Garments (Carré 

Technologies Inc., Montreal, Canada). A 1-minute standing resting baseline was rec-

orded prior to the task to allow for physiological stabilization. Data were processed 

using Hexoskin’s proprietary algorithms, which include automated R-peak detection 

and signal quality indicators. Segments with low signal quality were excluded from 

analysis to reduce the influence of noise and movement artifacts on cardiovascular met-

rics. Mean heart rate (bpm) indexed sympathetic activation [22]. Baseline self-efficacy 

was measured with the General Self-Efficacy Short Scale – French Version (ASKU-F, 

3-item French adaptation;[40]). Post-task workload and stress were assessed using 

NASA Task Load Index (NASA-TLX; [41]) and a reduced 12-item Short Stress State 

Questionnaire (SSSQ; [35]), selecting the two highest-loading items per factor to pre-

serve structure while reducing burden. 
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Statistical Analysis 

Hypotheses were tested via ANCOVA in SAS (Type III sums of squares), with baseline 

self-efficacy (ASKU) included as a covariate to control for individual differences in 

physiological activation. Given the directional nature of our hypotheses and an analyt-

ical sample of N = 31, one-tailed tests (α = .05) were evaluated.  Because no formal a 

priori power analysis was conducted, a sensitivity analysis (G*Power) was performed 

to estimate the minimum detectable effect size. 

 

For the primary ANCOVA effect (power = .80, 1 covariate), the design was sensitive 

to effects of at least Cohen’s f = 0.52 (equivalent to η2 = 0.21), confirming that the study 

was adequately sensitive to detect the large stress-pathway dissociations observed in 

the final model (R2 = 0.317).  

Results 

Physiological Activation 

ANCOVA on mean heart rate revealed a significant feedback source effect, F(1, 26) = 

3.49, p = .030 (one-tailed). Supporting H2, automated feedback produced higher acti-

vation (M = 97.74, SE = 4.31) than human feedback (M = 86.37, SE = 4.46). Self-

efficacy significantly predicted heart rate, F(1, 26) = 5.43, p = .028; higher self-efficacy 

was associated with lower heart rate (β = -9.03, p = .028), where higher levels of self-

efficacy were associated with lower mean heart rates. This supports H3, indicating a 

physiological buffering effect. 

Cognitive Self-focus 

Due to low internal consistency (α = 0.59), SSSQ self-reflection items were analyzed 

separately. A significant effect emerged for “I am reflecting about myself,” F(1, 26) = 

4.42, p = .023 (one-tailed), supporting H1. “I am self-conscious” showed a marginal 

effect, F(1, 27) = 2.49, p = .063 (one-tailed). No NASA-TLX differences emerged (ps 

> .05). Self-efficacy did not significantly predict cognitive self-focus (p > .05). 

Discussion 

Findings indicate a dissociation between physiological and cognitive stress pathways 

as a function of feedback source, consistent with the Trilogy of Mind [21]. 

Automated Feedback and Physiological Activation (H2) 

Support for H2 suggests that automated monitoring is associated with increased physi-

ological activation. This pattern may reflect the continuous and system-paced nature of 

digital interfaces, which can be perceived as persistent evaluation [3, 4]. Unlike human 

interaction, which includes social pauses and contextual cues, automated feedback 
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delivers consistent performance signals that may sustain generalized activation. In In-

dustry 5.0 (I5.0) contexts, the limited social framing of automated systems may con-

tribute to prolonged physiological engagement [2–5], aligning with neuroergonomics 

research documenting elevated load in human–robot environments [6, 7]. 

Human Feedback and Cognitive Self-Focus (H1) 

Results for H1 suggest that human feedback may shift individuals toward a more cog-

nitive-evaluative state. Drawing on SDT [19], human interaction can support related-

ness and warmth [2, 5, 12]. At the same time, social presence may increase awareness 

of being evaluated. This may redirect attentional resources toward self-monitoring or 

impression management [29, 30]. Alternatively, social facilitation research indicates 

that the mere presence of an observer can heighten public self-consciousness even in 

the absence of explicit threat [27, 28]. Thus, the human element in I5.0 appears to in-

troduce additional cognitive processing demands, distinct from purely physiological 

activation. 

The Buffering Role of Self-Efficacy (H3) 

Higher self-efficacy was significantly associated with lower mean heart rates, support-

ing its role as a physiological buffer. This finding is consistent with the TMS [36], 

suggesting that confident operators may appraise feedback as manageable rather than 

threatening. However, self-efficacy did not significantly reduce cognitive self-reflec-

tion. This pattern indicates that physiological stability does not necessarily eliminate 

social-evaluative processing [42]. Self-efficacy therefore appears to function as a situ-

ational cognitive resource that moderates physiological activation, distinct from SDT’s 

broader competence need. 

Practical Implications for Industry 5.0 

These findings suggest that feedback systems in I5.0 should account for distinct stress 

pathways. Automated systems may benefit from supportive framing that reduces per-

ceptions of continuous monitoring [2, 4, 5], and positioning AI as a decision aid rather 

than a rigid selector may support autonomy. Human supervisors, conversely, may need 

to be attentive to unintended social-evaluative pressure and adopt development-ori-

ented feedback approaches consistent with SDT [15, 18, 19]. Sustainable performance 

in smart factories may depend on balancing algorithmic precision with mechanisms that 

support operator self-efficacy. 

Limitations and Future Research 

The modest sample size (N = 31) may limit sensitivity to smaller effects. Additionally, 

the use of university students may constrain generalizability, as experienced factory 

workers may differ in adaptation to monitoring systems. Future longitudinal research 

is needed to assess whether this dissociation persists over extended work periods or 

long-term AI integration. Further work could also examine alternative feedback 
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framings, including more socially attuned automated systems and emerging technolo-

gies such as digital twins or augmented reality [3, 5, 6, 12]. 
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Abstract. This study investigated whether experimentally induced affective and 

cognitive states can be detected from gastric myoelectrical activity, a physiolog-

ical signal that has received comparatively limited attention in state-detection re-

search despite its important role within the gut–brain axis. In a laboratory-con-

trolled within-subject design (N = 77), participants underwent fear, disgust, re-

laxation, and cognitive load (2-back) conditions while electrogastrogram (EGG) 

signals were recorded, and frequency-based gastric features were extracted and 

compared using repeated-measures ANOVAs. Most gastric features did not vary 

significantly across conditions; however, fear was associated with increased total 

gastric power and dynamic dominant power without shifts in dominant fre-

quency, indicating selective modulation of gastric amplitude during emotional 

arousal.  

Keywords: Electrogastrography · Psychological states · Gut–brain axis 

Introduction 

Psychological states are known to influence autonomic regulation of the body’s vis-

ceral organs. Our study examined whether psychological states can be detected from 

gastric myoelectrical activity. There has been a long tradition of investigating bi-

omarkers of psychological states in various physiological signals such as electrocardi-

ogram, electrodermal activity, and electroencephalogram data [1-3]. Within the Neu-

roIS field, these signals have been adopted as tools to capture cognitive and affective 

processes during human-computer interaction [4, 5]. In contrast, the relationship be-

tween gastric electrophysiology and these processes has received comparatively limited 

attention.  

Autonomic modulation of gastric activity occurs via the gut-brain axis (GBA) [6], a 

bidirectional communication pathway between the central nervous system and the en-

teric nervous system. Psychological states shift the autonomic balance, directly influ-

encing gastrointestinal motility and gastric myoelectrical patterns [7 - 9]. Psychological 

states thus may manifest as measurable variations in gastric myoelectrical activity.  
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In line with this assumption, recent brain-gut coupling studies found phase-locked 

interactions between gastric rhythms and cortical networks [10 - 13], with stronger cou-

pling associated with worse mental health signatures (anxiety, depression, stress, and 

wellbeing)[13]. A similar relationship is reported between gastric disorders and depres-

sion, anxiety, and other mental health indicators. [14,15]. However, most research fo-

cuses on chronic conditions or long-term associations [13 - 15] rather than experimen-

tally induced psychological states. 

Previous experimental studies reported reduced gastric activity during emotion in-

duction [16,17]. However, these studies mainly compared broad positive vs. negative 

emotions and rarely included non-emotional cognitive states, and findings have been 

inconsistent [18,19]. Further work is therefore needed to examine how experimentally 

induced affective and cognitive states influence gastric activity. This is particularly rel-

evant as understanding how distinct affective and cognitive states manifest in physio-

logical signals is a central concern of NeuroIS research [5]. 

Towards this goal, our present study investigated the following research question: 

To what extent do specific affective (fear, disgust, relaxation) and cognitive (load) 

states differentially modulate gastric myoelectrical parameters? We induced affective 

and cognitive states that are known to engage autonomic processes. Affective states of 

fear, disgust, and relaxation were chosen because fear is associated with increased sym-

pathetic activation and altered parasympathetic activity [20], disgust is strongly linked 

to visceral and gastric sensations [21], and relaxation served as a neutral baseline con-

dition. Cognitive load was chosen as it engages executive control processes with mini-

mal affective arousal [22]. We measured electrogastrogram (EGG) data, and electro-

cardiogram (ECG) data served as a manipulation check as it is an established proxy for 

ANS modulation and for psychological states [3]. To assess state-dependent differ-

ences, specific gastric signal features were extracted and statistically compared across 

conditions.  

Method 

To investigate whether psychological states can be detected in gastric activity we 

conducted a laboratory-controlled, within-subject study where the participants were ex-

posed to four conditions designed to induce distinct psychological states (fear, disgust, 

relaxation, and cognitive load). The conditions, fear, disgust, and cognitive load were 

counterbalanced across participants, with relaxation interleaved serving as the baseline. 

This structure ensured that every induction was preceded and followed by a baseline 

phase to allow for physiological recovery. Emotional states were induced using vali-

dated five-minute video clips. Cognitive load was induced using the 2-back working 

memory task [23] where the participants had to memorize a sequence of letters and 

respond by pressing the ‘J’ key when the current letter had appeared two trials ago, and 

‘F’ key when it was a new letter. Following each video, the participants rated the inten-

sity of four experienced emotions (fear, disgust, relaxation, surprise) during the video. 

After the 2-back task, the participants rated the task difficulty, fatigue, and frustration. 

Each condition lasted 5 minutes, and the full experimental session lasted approximately 

40 minutes. We chose the five-minute induction, to prevent attenuation of the induced 
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emotion which occurs in longer durations, while still keeping the total session under 40 

minutes to avoid participant fatigue. 

 

Participants  

Ninety-nine participants were recruited from a university student pool (70 male, 29 

female), with most aged 18 – 24 age bracket. Participants at the time of the study were 

not taking medication for neurological, psychiatric, gastrointestinal, or cardiovascular 

conditions. Inclusion criteria required a body mass index (BMI) of 18–26 kg/m² and a 

minimum 2-hour fast before the session. The study had received ethical approval from 

the Institutional Review Board. 

Procedure  

Upon arrival at the lab, the participants were informed about the study, after which 

they provided written informed consent. The sensors were placed on the participants. 

Skin preparation was performed using alcohol swabs prior to electrode attachment. Par-

ticipants were seated in an office chair with a reclined backrest (135°) and instructed to 

remain as still as possible. After entering age and gender, participants began the exper-

imental task.  

EGG and ECG data were recorded continuously for the whole duration of the exper-

iment. Accelerometer (ACC) sensors were also used to check movement contamina-

tion. 

Physiological Recording  

Gastric myoelectrical activity was acquired using a Biosignal Plux electrogastro-

gram (EGG) device [24]. The EGG sensors used a uni-channel bipolar configuration, 

consisting of two active electrode channels and a reference electrode. Sensors were 

placed non-invasively on the upper abdominal region over the stomach following Rizzo 

et al. configuration [25]. Cardiac activity was recorded using a Biosignal Plux electro-

cardiogram (ECG) sensor [26]. The ECG sensors also had a uni-channel, bipolar elec-

trode configuration and were placed on the participants according to Lead I Einthoven 

configuration [27]. Movement was recorded using Biosignal Plux tri-axial sensing 

ACC sensors [28] that capture acceleration along three axes. Two ACC sensors were 

used; one placed on the abdomen to capture trunk movement, and another placed on 

the right inner forearm to monitor hand movement. All physiological signals were ac-

quired using the Biosignal Plux 8-channel hub [29] and OpenSignals (r)evolution soft-

ware [30]. The sampling rate was set to 300 Hz to accommodate both EGG and ECG 

signal acquisition.  
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Data Processing and Analysis 

Of the 99 participants recruited, 16 were excluded due to non-systematic software 

issues involving physiological signal acquisition and data-saving errors. An additional 

six datasets were discarded due to a software failure that resulted in missing behavioral 

data. Consequently, a total of 77 complete behavioral and physiological datasets were 

included in the final analysis.  

Self-report ratings of emotions experienced during the conditions were analysed to 

verify the effectiveness of the psychological manipulations. To ensure that physiologi-

cal effects were not attributable to movement artifacts, signal quality was assessed prior 

to feature extraction.  

 

EGG Processing. EGG signals were preprocessed following Wolpert’s recommenda-

tions for EGG signal analysis [31]. Gastric waves are slow rhythmic oscillations occur-

ring at approximately 2-4 cycles per minute (cpm) in healthy adults. Signals were band-

pass filtered between 0.5 and 9 cpm to attenuate movement artifacts and high-frequency 

noise. Gastric signals can be characterised in time or frequency domain. As gastric sig-

nals are low-amplitude and susceptible to motion artifacts, time features are difficult to 

interpret, hence we focused on frequency-domain features. To extract the features, 

spectral decomposition was performed using Fast Fourier Transform (FFT). Features 

were computed for each full condition segment (5 minutes) and additionally using a 60-

second sliding window to capture dynamic changes across time within each condition. 

The following frequency-domain features were extracted for each condition: dominant 

frequency, total spectral power, and the percentage of spectral power within the normo-

gastric waves (2-4 cpm), bradygastric (1-2 cpm), and tachygastric (4-9 cpm) bands. 

Dominant frequency reflects the frequency at which maximal spectral power occurs 

within the gastric range, while total spectral power represents the overall magnitude of 

rhythmic gastric activity. Band-specific power percentages quantify the relative distri-

bution of gastric activity across physiologically defined frequency ranges. Additionally, 

for each window, the dominant frequency was identified and its corresponding spectral 

power calculated. Instability coefficients were calculated for both dominant frequency 

and dominant power as the coefficient of variation across windows. The proportion of 

windows classified within bradygastric, normogastric, and tachygastric bands was com-

puted to quantify time spent in each rhythm range within each condition. These features 

were selected based on commonly reported features in prior EGG studies [32].  

 

ECG Processing. ECG signals were processed using NeuroKit2 [33]. R-peak detection 

was performed using the Hamilton (2002) algorithm [34], and signal quality was as-

sessed using the averageQRS and Zhao (2018) methods [35]. HRV features extracted 

per condition included mean heart rate, SDNN, RMSSD, pNN50, and spectral power 

in the VLF, LF and HF bands, normalised LF and HF, total power, with LF/HF ratio 

calculated as an additional index of autonomic balance.  

 

Statistical Testing. To test whether experimentally induced psychological states were 

associated with differences in gastric and cardiac features, separate repeated-measures 

ANOVAs were conducted for each physiological feature, with phase (fear, disgust, 
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relaxation, cognitive load) as the within-subject factor. Sphericity was assessed using 

Mauchly's test and was violated for 24 of 28 features, therefore Greenhouse-Geisser 

corrected degrees of freedom and p-values are reported throughout. Normality was as-

sessed using the Shapiro-Wilk test, which indicated violations across features and con-

ditions. Given the sample size of N = 77, repeated-measures ANOVA was considered 

sufficiently robust to normality violations [36, 37]. When significant omnibus effects 

were observed, post-hoc pairwise comparisons were performed. False Discovery Rate 

(FDR) correction using the Benjamini–Hochberg procedure was applied to control for 

multiple comparisons. Data was processed in Python, data handling performed using 

pandas [38] and NumPy [39]. Signal processing was conducted using SciPy [40] and 

NeuroKit2.  

Results  

Participants rated the intensity of four emotions after each condition on a scale of 1 

to 4. Ratings were generally consistent with the intended conditions. Fear (M = 3.16, 

SD = 1.38) and disgust (M = 3.23, SD = 1.41) ratings were highest in their respective 

conditions, and relaxation was highest during baseline (M = 3.95, SD = 1.29). The n-

back task was rated as moderately difficult (M = 2.82, SD = 0.81), tiring (M = 2.05, SD 

= 0.91), and frustrating (M = 2.55, SD = 0.93). 

A series of repeated-measures ANOVAs examined physiological variation across 

the four phases (Baseline, Fear, Disgust, and cognitive load) for each gastric and cardiac 

feature (29 features in total). Most gastric features did not show significant phase ef-

fects. However, a significant phase effect was seen for total gastric power (F(1.87, 

141.82) = 6.77, pFDR = .006,  η2 = .08) and mean dynamic dominant power (F(1.87, 

142.33) = 6.8, pFDR = .006,  η2 = .08).  

Following FDR correction for multiple comparisons, post-hoc comparisons revealed 

that fear was associated with increased gastric power and dynamic dominant power 

(both pFDR = .009) relative to baseline, without significant shifts in dominant frequency 

(pFDR  > .05)  

Significant phase effects were observed for mean heart rate (F(2.7, 206.34) = 4.01, 

pFDR = .02,  η2 = .05) and multiple HRV features,  SDNN (F(2.8, 172.4) = 4.44, pFDR = 

.02,  η2 = .05), RMSSD (F(2.4, 170.26) = 4.72, pFDR = .02,  η2 = .05), pNN50 (F(2.9, 

220.61) = 7.67, pFDR < .001,  η2 = .09), TP (F(2.85, 216.7) = 7.98, pFDR < .001,  η2 = 

.09), VLF (F(3, 228) = 7.42, pFDR < .001,  η2 = .08), LF (F(3, 228) = 13, pFDR < .001,  

η2 = .14), LF normalised (F(3, 228) = 11.29, pFDR < .001,  η2 = .12), HF (F(2.8, 211.2) 

= 4.83, pFDR = .01,  η2 = .05), HF normalised (F(3, 228) = 6.12, pFDR = .002,  η2 = .07), 

and LF/HF ratio (F(3, 228) = 7.3, pFDR < .001,  η2 = .08).  

Heart rate increased during cognitive load (2-back) relative to baseline (pFDR = .009). 

Cognitive load was further associated with reductions in total power (pFDR < .001), LF 

(pFDR < .001), normalised LF (pFDR < .001), HF (pFDR = .02), and LF/HF ratio (pFDR < 

.001). Fear condition was associated with reductions in VLF (pFDR = < .001), LF (pFDR 

= .02), LF/HF ratio (pFDR = .01), alongside increases in normalized HF (pFDR = .002). 

Additionally, disgust was associated with a decrease in VLF (pFDR = .01) and LF/HF 
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ratio (pFDR = .04), and increase in pNN50 (pFDR = .002) and normalised HF (pFDR = 

.001). 

Discussion  

The present study investigated whether gastric physiological activity varies across 

distinct psychological states. Gastric measures showed selective modulation during 

fear, though the majority of features were not found to be significant, suggesting limited 

sensitivity across the tested conditions. Fear was associated with increased total gastric 

power and mean dominant power relative to baseline, without significant shifts in dom-

inant frequency or band distribution. This pattern may suggest modulation of gastric 

wave amplitude rather than their frequency composition. The findings therefore tenta-

tively suggest that emotional arousal can influence gastric activity without necessarily 

producing frequency changes or overt rhythm disruption. This trend is contrary to pre-

vious findings and classical theories [16,17] that propose gastric suppression during 

sympathetic activation. It might also be possible that we are seeing the initial stage of 

gastric modulation that leads to gastric suppression. Future work should examine 

whether longer or more intense emotional inductions produce different patterns of gas-

tric response.  

In contrast to gastric activity, cardiac measures demonstrated broader sensitivity to 

the psychological phase. Cognitive load was associated with increased heart rate and 

reductions in multiple HRV indices, including LF, normalised LF, HF, total power, and 

LF/HF ratio, reflecting reduced overall variability during sustained cognitive demand. 

Emotional conditions produced more selective spectral changes, particularly reductions 

in LF/HF ratio alongside increases in normalized HF power. These findings suggest 

that cardiac indices track both cognitive and affective demands, reflecting generalized 

autonomic adjustments across psychological contexts. 

While the increase in heart rate, indicating general arousal, is consistent with previ-

ous research [3], the observed increases in HRV indices typically associated with par-

asympathetic activity during the psychological states diverge from conventional find-

ings. These unexpected findings warrant cautious interpretation and further investiga-

tion. While HRV indices are known to be sensitive to factors such as caffeine intake 

and physical fitness [41], these were not strictly controlled in the present study and may 

have contributed to the observed variability in cardiac responses.  

Together, these results suggest differential sensitivity of cardiac and gastric systems 

to psychological state. Cardiac measures showed variation across both cognitive and 

emotional conditions, whereas gastric modulation appeared more specific to fear-re-

lated emotional processing. Notably, cognitive load did not significantly alter gastric 

power despite variation in cardiac signals. This pattern might suggest that gastric myo-

electrical dynamics may be more closely linked to affective arousal than to non-emo-

tional cognitive effort, though this interpretation remains preliminary and requires rep-

lication and further investigation. 

The present findings reflect modulation under brief, laboratory-controlled inductions 

of psychological states. The five-minute induction periods were designed to capture 

transient state-dependent changes; however, longer or more sustained manipulations 
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may reveal slower gastric dynamics not observable within this timeframe. Variability 

in signal quality and individual differences in gastric sensitivity may also contribute to 

heterogeneity in gastric responses. Additionally, gender-level analysis was not con-

ducted as significant gender-based differences in gastric activity have not been previ-

ously established for the conditions tested. Furthermore, lifestyle factors including caf-

feine intake, smoking, and physical fitness were not strictly controlled, which may have 

introduced variability in cardiac measures. Future research could employ extended in-

duction protocols with stricter controls for lifestyle factors and a more gender-balanced 

sample. Systematically examining individual differences in gut–brain coupling would 

further clarify the conditions under which gastric myoelectrical activity is sensitive to 

psychological modulation. 
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Abstract. Recent behavioral IS research has examined the autism-IT linkage, show-

ing that autistic traits predict intrinsic interest in IT and are elevated among IT profes-

sionals and students. Evidence also suggests that many individuals in the IT field un-

derperform in sociocognitive tasks and experience difficulty with auditory distrac-

tions. However, the underlying neurophysiological mechanisms remain poorly under-

stood. This paper integrates emerging IS scholarship on autistic traits with neurosci-

ence-based methods and proposes two directions for future neuroIS research. The first 

examines social cognition through theory of mind processing using eye tracking and 

pupillometry. The second investigates auditory processing using electroencephalog-

raphy (EEG) to assess cognitive load and sensory gating. Together, these directions 

highlight how neuroIS can uncover the mechanisms underlying the autism-IT linkage 

and inform more effective workplace practices and IT pedagogy. 

Keywords: Autistic Traits · Autism · Theory of Mind · Auditory Processing · EEG · 

Eye Tracking · Neurodiversity. 

Introduction 

Autism has long been characterized in the popular press as an “engineer’s disorder” [29] 

and an “open secret” of the IT profession [22]. However, systematic examinations of the 

autism-IT relationship have only recently begun in IS research. Recent behavioral IS work 

suggests that autistic traits predict one’s intrinsic interest in technology [16] and that those 

high in autistic traits are disproportionately represented in the IT profession [14]. 

 

Despite these advances, existing IS research has relied primarily on self-report and behav-

ioral measures. As a result, the underlying neurophysiological mechanisms by which autis-

tic traits shape sociocognitive and auditory processing in IT professionals remain poorly 

understood. Autism is a neurodevelopmental condition with well-documented neural 
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correlates in social cognition and sensory processing—domains central to both IT work and 

IS inquiry. By integrating neuroscience methods with IS theory, neuroIS research is 

uniquely positioned to address this gap, moving beyond behavioral evidence to explain the 

underlying mechanisms of the phenomenon. 

 

This paper synthesizes existing IS work on autistic traits and poses two high-level questions: 

1) how do autistic traits in IT professionals shape their sociocognitive and sensory pro-

cessing, and 2) what implications do these neurocognitive differences have for communi-

cation, collaboration, and alignment in IT contexts? 

 

Guided by this agenda, we outline two directions for future neuroIS research: a) using eye 

tracking and pupillometry to examine social cognition, particularly theory of mind pro-

cessing, and b) using electroencephalography (EEG) to investigate auditory processing dif-

ferences. Together, these directions illustrate how neuroIS can advance theoretical under-

standing, methodological approaches, and practical insight into the autism–IT linkage.  

Autism and Autistic Traits in IS Research 

Autism is a neurodevelopmental condition characterized by persistent deficits in social 

communication and interaction, along with restricted or repetitive patterns of behavior, in-

terests, or activities [2]. Despite its binary clinical diagnosis (positive/negative), autism is a 

spectrum condition, and autistic traits are continuously distributed throughout the whole 

population, with most people at subclinical levels [9]—one can be “a bit autistic” [13, p. 

223]. Consequently, autistic traits can be examined as individual differences, allowing re-

searchers to study meaningful variation regardless of diagnostic status.  

Behavioral IS research has adopted this continuous view using self-report instruments such 

as the Autism Spectrum Quotient (AQ-50; [8]) and its brief versions (e.g., AQ-9; [15]). This 

line of work shows that autistic traits predict one’s intrinsic interest in IT [16]. Further, IT 

workers exhibiting higher rates of clinically significant autistic traits and greater prevalence 

of autism diagnoses in their immediate families compared to the general population [14]. 

These results suggest that autistic traits may play a role in the attraction and self-selection 

into the IT field. As autism is associated with a range of differences in social cognition and 

sensory processing, these behavioral findings have important implications for IT profes-

sionals’ sociocognitive and neurocognitive processing, particularly in light of widely ob-

served social challenges among IT professionals [14]. NeuroIS methods offer a promising 

avenue for addressing these questions and informing this area of IS research.  
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Direction 1: Social Cognition, Theory of Mind, and Eye Tracking 

As a core component of social cognition [1], theory of mind (ToM), or mentalizing, refers 

to the ability to attribute mental states—such as beliefs, intentions, and emotions—to one-

self and others [26]. It enables one to interpret and predict others’ behavior and is founda-

tional to effective communication and collaboration. ToM impairments are a leading cog-

nitive explanation for social communication differences in autism [4] [6]. 

Functional neuroimaging studies show that autistic people exhibit reduced activation in key 

ToM-related regions, including the medial prefrontal cortex (mPFC), the posterior superior 

temporal sulcus (pSTS), the precuneus, and the amygdala, leading to greater cognitive effort 

and difficulty [28]. Importantly, such differences are also observed in those high in autistic 

traits who do not meet diagnostic criteria [5] [7]. 

Cognitive Load 

Recent IS research [14] provides converging behavioral evidence, showing that IT students 

required longer response times (RT) than management students in an advanced ToM task, 

called the Reading the Mind in the Eyes Test [7], which asks participants to infer mental 

states from photographs of the eye region of faces. Since RT is positively related to task 

complexity or cognitive load [30], longer RT suggests reliance on deliberate, effortful rea-

soning rather than intuitive mentalizing [20] [27]. However, neuroIS methods allow more 

direct assessment of these processes. For example, pupillometry provides a well-established 

physiological indicator of cognitive effort, with greater pupil dilation reflecting increased 

mental load during complex social inference tasks. 

P1:  Compared to the general population, IT professionals will exhibit greater cognitive 

effort in ToM tasks, reflected in greater pupil dilation. 

Gaze Fixation Pattern 

Beyond effort, eye tracking can reveal how visual attention is allocated to socially relevant 

cues. A substantial body of work shows that autism is associated with atypical gaze fixation 

patterns during social tasks, such as reduced fixation on eye regions, altered scanning of 

facial features, and different transitions between social and non-social elements of visual 

scenes [19]. Meta-analytic and systematic reviews confirm that reduced eye fixation is one 

of the most robust eye-tracking markers associated with autistic traits [24, 25]. Notably, 

even when individuals high in autistic traits perform adequately on explicit ToM tasks, eye-

tracking data reveal reduced spontaneous attention to socially salient cues. Instead, they 

rely on effortful compensatory strategies that are mentally exhausting over time [20] [27]. 
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P2:  Compared to the general population, IT professionals will exhibit atypical gaze fixation 

patterns during ToM tasks, including reduced fixation on socially relevant cues and altered 

scan paths across social stimuli. 

Methodological Considerations 

The above propositions related to ToM processing can be examined using eye tracking and 

pupillometry. College students majoring in IT and business—serving as proxies for future 

IT professionals and their business counterparts—can be recruited as participants. Relevant 

demographic characteristics (e.g., gender, age, diagnostic status) should be controlled. 

With respect to stimuli, P1 can be tested using the same social stimuli employed in prior 

behavioral studies, such as photographs of the eye region of faces from the Reading the 

Mind in the Eyes Test [7]. In contrast, examining fixation and scanning patterns for P2 

would require different stimuli—those that present whole faces and include socially irrele-

vant cues—such as the Cambridge Mindreading Face‑Voice Battery [12]. 

Direction 2: Auditory Processing and EEG 

In addition to social cognition, autism is associated with altered sensory processing, includ-

ing hyper- and hypo-responsiveness to sensory input [2]. Across sensory domains, auditory 

processing differences show the strongest association with autistic traits in both clinical and 

nonclinical populations [3]. These differences are particularly relevant for IT education and 

work contexts, where communication often relies heavily on spoken language in lectures, 

meetings, and collaborative work. 

Auditory Cognitive Load 

Although practitioner accounts suggest that many IT professionals describe themselves as 

“visual” thinkers [18] [21], such self‑descriptions may reflect not only visual strengths but 

also relative weakness in auditory processing. Anecdotal classroom observations similarly 

indicate that many IT students disengage quickly from spoken lectures and shift toward 

visual or hands-on materials, even when interest in the content remains high. From a sensory 

processing perspective, such disengagement is consistent with elevated auditory cognitive 

load rather than lack of motivation or simple preference. 

If auditory processing is more demanding for IT students and professionals, this has im-

portant implications for classroom instruction, workplace meetings, and media choice. Tra-

ditional theories such as media richness theory emphasize matching message equivocality 

to medium richness [10]. A sensory-processing account instead highlights the importance 
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of person-technology fit, where communication effectiveness also depends on one’s capac-

ity to process and integrate sensory input. EEG provides a real-time measure of cognitive 

demands during auditory processing. Increased power in the alpha (8–12 Hz) and theta (4–

8 Hz) frequency bands is indicative of heightened cognitive load, attentional control, and 

working memory engagement during challenging listening tasks.  

P3:  Compared to the general population, IT professionals will experience greater cognitive 

load during auditory processing tasks, reflected in increased alpha and theta EEG activity. 

Auditory Sensory Gating 

Auditory cognitive load is closely related to—but distinct from—auditory sensory gating, 

which refers to the neural system’s ability to suppress responses to repetitive or irrelevant 

auditory stimuli before they consume higher-order cognitive resources. By inhibiting re-

dundant sensory input at early stages of processing, effective gating protects attention and 

reduces the likelihood of sensory overload [23]. 

Research shows that reduced auditory gating leads to attentional difficulties and cognitive 

overload and is frequently observed in autistic individuals. Importantly, impaired gating can 

amplify downstream cognitive load by allowing irrelevant auditory input to compete for 

cognitive resources, thereby increasing attentional demands and task effort [23]. 

In IT education and work contexts, reduced gating could manifest as higher distractibility 

in sound-rich environments, difficulty maintaining focus during meetings, and preferences 

for quiet or acoustically controlled work settings. Accordingly, implementing collaborative 

workspaces by collocating team members in a single shared space—an approach that may 

be effective for workers in other occupations—may prove counterproductive for IT em-

ployees. These differences help explain well-documented preferences among many IT pro-

fessionals for environments that minimize auditory demands. For example, individuals high 

in autistic traits report higher cognitive absorption in task performance but greater sensitiv-

ity to noise and distractions [17]. Unsurprisingly, IT workers have long been interested in 

telecommuting or “any alternative which would … reduce work interruptions” [11, p. 138]. 

During the Covid-19 pandemic, as offices became quieter, some IT workers who previously 

preferred working from home even returned to the office due to reduced noise and distrac-

tion [31].  

P4: Compared to the general population, IT professionals will exhibit reduced auditory sen-

sory gating, reflected in diminished suppression of repetitive stimuli (S2 relative to S1) and 

reduced early ERP responses such as the P1 component. 
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Methodological Considerations 

Similar to the earlier propositions, P3 and P4 can be examined using college students ma-

joring in IT and non‑IT fields as proxies for IT professionals and the general population, 

respectively, while controlling for relevant demographic characteristics.  

With respect to stimuli, P3 can be tested using both speech and non‑speech auditory tasks. 

Speech stimuli may include spoken words or sentences presented under varying levels of 

complexity or speech-to-noise ratio, whereas non‑speech stimuli (e.g., pure tones) allow 

assessment of more basic auditory processing demands independent of linguistic pro-

cessing. Cognitive load during these tasks is reflected in alpha and theta EEG activity. 

P4 can be assessed using the standard paired‑click paradigm, where pairs of identical clicks 

are presented approximately 500ms apart, and gating is indexed by the degree of neural 

response suppression to the second stimulus (S2) relative to the first (S1). This suppression 

effect is typically quantified using early ERP components such as P1, N1, and P2, with 

reduced S2/S1 suppression indicating impaired filtering of redundant auditory input [23]. 

Conclusion 

This paper advances neuroIS research by integrating IS scholarship on autistic traits with 

neuroscience methods to examine the neurocognitive mechanisms underlying sociocogni-

tive and auditory processing in IT populations. Using eye tracking, pupillometry, and EEG, 

the proposed directions move the autism-IT linkage beyond self‑report and behavioral out-

comes toward direct assessment of underlying mechanisms.  

Key contributions lie in extending core IS theories, such as media richness and alignment, 

through a sensory‑processing and neurodiversity lens. Differences in theory‑of‑mind and 

auditory processing suggest that business-IT communication challenges may stem from sys-

tematic variation in sociocognitive and sensory processing patterns rather than solely from 

incentives, attitudes, or knowledge gaps. This view highlights person-job-technology fit as 

an important boundary condition for coordination and collaboration in IT contexts. 

Building on this theoretical reorientation, future design research can investigate how com-

munication technologies, collaboration practices, work environments, and pedagogical ap-

proaches can be structured to manage cognitive and auditory load while maintaining effec-

tiveness. While this paper outlines only two illustrative directions, it demonstrates the 

broader potential of neuroIS to inform both IS theory and evidence‑based improvements in 

IT work practices and IT pedagogy. 
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Abstract. Generative artificial intelligence (GenAI), particularly large language 

model (LLM)-based assistants, is increasingly embedded in knowledge work, re-

quiring users to regulate attention and coordinate multiple information sources 

during task execution. At the same time, attention-deficit/hyperactivity disorder 

(ADHD), affecting approximately 2-5% of adults worldwide, is associated with 

systematic variability in executive functioning. Yet it remains unclear how vari-

ability in executive function shapes attention allocation and interaction dynamics 

during human-GenAI collaboration. Drawing on the Reflective-Impulsive 

Model, this study proposes a controlled eye-tracking experiment comparing 

adults with ADHD and non-ADHD controls in LLM-supported knowledge work. 

Using eye-tracking metrics, we examine process-level differences in attentional 

regulation between reflective and impulsive LMM-based GenAI use. The study 

contributes to Neuro-Information Systems research by operationalizing reflective 

and impulsive GenAI use through gaze-based indicators and examining ADHD-

related variability in executive functioning as a boundary condition in LLM-sup-

ported knowledge work. 

Keywords: Eye-Tracking · GenAI · Knowledge Work · ADHD · Reflective-

Impulsive Model 

Introduction 

Generative Artificial Intelligence (GenAI) is rapidly becoming part of everyday 

knowledge work [1]. Particularly, large language model (LLM)-based assistants are 

increasingly relevant because they support language-intensive tasks such as drafting 

texts, structuring information, problem-solving, and ideation that are central to many 

contemporary professional activities [1, 2]. Global survey data indicate that approxi-

mately 75% of employees report already using AI at work, with nearly half having 

started using Artificial Intelligence (AI) within the last six months [3], suggesting that 

LLM-supported task execution is no longer emerging but increasingly normative in 

digital work practices. Employees now routinely interact with AI systems while per-

forming cognitively demanding tasks across a wide range of digital work contexts [2, 

4]. At the same time, attention-deficit/hyperactivity disorder (ADHD) affects 
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approximately 2-5% of adults worldwide [5, 6], representing a substantial population 

engaged in digital work environments.  

Knowledge work is inherently attention- and control-intensive, requiring sustained 

goal maintenance, inhibition of distractions, and integration of information across mul-

tiple sources [7, 8]. LLM-supported tasks further amplify these demands, as users must 

continuously coordinate task requirements, source material, AI-generated output, and 

their own responses [9]. ADHD is associated with systematic variability in executive 

functions, particularly sustained attention, inhibitory control, and working memory 

[10]. These mechanisms are central to regulating behavior in such cognitively demand-

ing, multi-channel task environments in digital knowledge work [11]. Despite this the-

oretical relevance, little is known about how adults with ADHD engage with LLM-

based GenAI during complex workplace tasks. 

To conceptualize variability in LLM-supported behavior, we draw on the Reflective-

Impulsive Model (RIM), which posits that behavior arises from the interplay between 

a deliberative, reflective system and a faster, cue-driven, impulsive system [12]. Yet, 

LLM-supported work has rarely been examined at a behavioral dual-process level, par-

ticularly in populations characterized by variability in executive functioning, such as 

adults with ADHD. By capturing visual attention allocation and processing trajectories, 

eye-tracking enables direct observation of attentional regulation, information integra-

tion, and processing stability during task execution [13]. Prior research demonstrates 

that eye-movement metrics are sensitive to executive-function differences and can re-

veal systematic process-level variability even when final performance outcomes are 

comparable [14]. Against this background, our study proposal addresses the following 

research questions: 

 

RQ1: How do visual attention and eye-movement patterns during LLM-supported 

workplace tasks differ between adults with ADHD and non-ADHD controls? 

RQ2: How does LLM-based GenAI use differ in reflective versus impulsive pro-

cessing between adults with ADHD and non-ADHD controls? 

Theoretical Background and Related Work 

Reflective Impulsive Model. The Reflective Impulsive Model (RIM) conceptual-

izes behavior as the joint outcome of two interactive processing systems: a reflective 

system that relies on deliberative, rule-based reasoning like facts, values, and explicit 

goals, and an impulsive system that operates through associative links and motivational 

orientations, eliciting faster, cue-driven responses [12]. The reflective system is re-

source-demanding and relies on executive control, whereas the impulsive system oper-

ates automatically and requires minimal cognitive capacity. Under conditions of dis-

traction, arousal, or high cognitive load, reflective processing can become unstable, 

increasing the influence of impulsive responses [12]. 

In the context of information technologies (IT), this perspective has been extended 

into a triadic model, in which technology use is driven by reflective and impulsive sys-

tems, modulated by an interoceptive awareness system that generates temptations [15]. 

Interoceptive signals, such as cravings and boredom, affect decision-making by 
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weakening reflective control and strengthening impulsive influences [15]. Further stud-

ies link impulsivity, executive dysfunction, and specific inhibitory control deficits to 

disordered online behavior, with attentional impulsivity playing a central role and in-

teracting with weaker executive functions and inhibitory control [16]. Hence, reflective 

processes are largely dependent on the prefrontal cortex, impulsive processes on the 

amygdala-striatum, and interoceptive awareness on the insula [15]. This mapping is 

relevant for ADHD because ADHD has been associated with differences in neurocog-

nitive systems that support executive control and impulse regulation, which are central 

to maintaining reflective processing under cognitive demands [17]. 

 

ADHD, GenAI, and Knowledge Work. Knowledge work requires sustained goal 

maintenance, selective attention, inhibition of irrelevant information, and integration of 

multiple information sources [18]. Many professional tasks, such as writing reports, 

structuring information, evaluating alternatives, and generating ideas, depend on exec-

utive functions that regulate attention, working memory, and strategic control [7, 19]. 

These tasks are increasingly shaped by LLM-based GenAI assistants, which are em-

bedded in interactive, prompt-based workflows and support a broad range of language-

intensive cognitive tasks. As a result, these systems are reshaping how knowledge is 

generated, organized, evaluated, and applied in contemporary work settings [1, 20-23]. 

At the same time, effective use of LLM-based GenAI places additional self-regulatory 

demands on users. Rather than processing a single information source, users must con-

tinuously coordinate attention across task instructions, source materials, AI-generated 

output, and their own evolving responses. Consequently, successful use depends not 

only on what the system produces, but also on how individuals monitor, verify, and 

strategically integrate LLM-generated content during task execution [1, 24, 25]. 

These demands are relevant for adults with ADHD, which is a neurodevelopmental 

condition characterized by systematic variability in executive functioning [10, 26]. 

ADHD-related performance differences tend to become more pronounced in demand-

ing tasks that require individuals to continuously ignore irrelevant information and re-

peatedly shift their attention between task elements. When inhibitory resources are 

strained, regulating responses becomes more difficult, increasing susceptibility to more 

impulsive, less reflective responding [27]. At the same time, individuals with ADHD 

may experience episodes of sustained, high-intensity engagement under motivating 

conditions (“hyperfocus”), which can support strong goal-directed processing in spe-

cific task contexts and may reflect strong reflective processing [28, 29].  

The effect of LLM-supported knowledge work on adults with ADHD can therefore 

be double-edged: While LLM-based GenAI output can externalize structure and reduce 

working-memory load, it can also introduce salient cues that compete for limited exec-

utive resources [9]. Although digital technologies have been discussed as potential 

training or support tools for executive functioning [30], empirical evidence regarding 

GenAI-assisted work in adult ADHD is limited and heterogeneous [7]. Understanding 

this variability requires a process-oriented perspective on situated human-AI interaction 

[31]. 



102 

 

Research Propositions 

To the best of our knowledge, no prior Neuro Information Systems (NeuroIS) study 

has systematically examined how adults with ADHD engage with LLM-supported 

workplace tasks using eye-tracking measures. Existing literature provides observations 

regarding the cognitive demands of LLM-supported work [9, 21], executive-function 

variability associated with ADHD [6, 26], and the usefulness of gaze metrics for cap-

turing latent attentional processes [32, 33]. These observations can be linked to the RIM 

and guide directional expectations for the proposed study. 

LLM-supported workplace tasks require users to coordinate task instructions, source 

material, generated output, and the production of responses [21, 25, 31]. Such environ-

ments place demands on sustained attention, inhibitory control, and structured infor-

mation integration [11, 18]. Prior research on ADHD suggests that cognitively demand-

ing multi-source tasks may be associated with different attentional regulation patterns 

and greater variability in executive control [6, 26, 34]. Based on these observations, we 

derive the following propositions in the context of different workplace tasks: 

 

Proposition 1: During structuring tasks, adults with ADHD are expected to display 

stronger impulsive processing than non-ADHD controls, reflected in less stable gaze 

patterns, faster shifts between interface elements, and reduced sustained attention to 

task instructions and source material. 

 

Proposition 2: During evaluation tasks, adults with ADHD are expected to differ 

from non-ADHD controls in reflective processing, shown in fewer verification-oriented 

gaze transitions between task requirements, LLM output, and response areas under high 

executive-control demands. 

 

Proposition 3: During creative tasks, adults with ADHD are expected to exhibit 

sustained and structured attention patterns stronger than non-ADHD controls, indicat-

ing reflective and goal-directed engagement under stimulating task conditions. 

 

Proposition 4: Across workplace task types, adults with ADHD are expected to 

show stronger shifts between reflective and impulsive processing than non-ADHD con-

trols, such that structuring and evaluation tasks more strongly elicit impulsive tenden-

cies, whereas creative tasks more strongly elicit reflective and sustained engagement. 

Study Proposal 

Proposed Study Design. The study aims to examine how adults with ADHD differ 

from non-ADHD controls in their use of LLM-based GenAI during workplace-relevant 

knowledge tasks. Building on the theoretical background, we first conduct a qualitative 

pre-study to validate a set of realistic task scenarios that preserve ecological validity 

while enabling experimental control. This step follows NeuroIS and eye-tracking re-

search emphasizing the importance of theory-driven and standardized stimuli for pro-

cess measurement [33, 35].  
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Based on the literature on knowledge work and cognitive task demands, the pre-

study focuses on three workplace task types that differ systematically in their pro-

cessing requirements while avoiding specialized domain knowledge: structuring tasks, 

which require organizing and synthesizing information into a coherent format [36], cre-

ative tasks, which require idea generation and divergent thinking [21, 23] and evalua-

tion tasks, which require reviewing, comparing, or critically assessing AI-generated 

content [21, 36]. These three task types were selected because they vary in levels of 

ambiguity, verification demands, and executive control requirements, making them 

suitable contexts for examining reflective and impulsive LLM-based GenAI use [37, 

38]. Each task is embedded in a standardized digital interface containing four prede-

fined Areas of Interest (AOIs): task instructions, source material, LLM output, and re-

sponse area. This common interface structure supports comparability across conditions 

and enables consistent process-level gaze analysis [39]. A pilot validation sample will 

assess scenario realism, clarity, perceived difficulty, and the appropriateness of LLM 

support. Based on this feedback, task wording, timing, and AOI boundaries will be 

refined before the main study. 

The empirical investigation follows a two-step design. First, an online experiment 

with university students will examine behavioral differences in LLM-supported task 

performance across the three task types using a larger sample. Participants from the 

ADHD group will be classified based on a formal ADHD diagnosis and a validated 

adult ADHD self-report measurement [40, 41]. Remaining participants will form the 

non-AHD control group. This first step allows adequately powered inferential analyses 

and strengthens group classification validity. Second, a controlled lab-based eye-track-

ing experiment with a smaller subsample will investigate the underlying attentional and 

cognitive mechanisms under standardized conditions. We propose a mixed experi-

mental design with a between-subjects factor (ADHD vs. non-ADHD control group) 

and a within-subjects factor (three workplace task types: structuring, creative, and eval-

uation). To strengthen internal validity, all participants complete the same three tasks 

using the same standardized LLM-based assistant interface, while the order of tasks is 

randomized across participants to reduce sequence, fatigue, and learning effects [38, 

39]. Participants will be instructed to meaningfully engage with the LLM assistant dur-

ing each task, while retaining autonomy regarding the extent of use. The participant 

compensation will be independent of task performance. Task instructions, exposure 

time, and presented LLM outputs are standardized wherever possible. This design en-

ables us to examine whether adults with ADHD differ from controls in task behavior, 

visual attention allocation, gaze transitions, and indicators of reflective versus impul-

sive LLM-based GenAI use across distinct workplace task contexts. At the same time, 

the comparison across task types allows an analysis of whether certain task demands 

increase reliance on impulsive, cue-driven processing or foster more stable, reflective, 

and goal-directed engagement. 

 

Eye-Tracking Measurements. Eye-tracking is a non-intrusive process-tracking 

method that captures visual attention and information processing during task execution 

by recording where, when, and for how long individuals allocate gaze to elements of a 

digital interface [33, 42, 43]. To capture reflective and impulsive LLM-based GenAI 
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use as process behavior in workplace tasks, we follow established eye-tracking prac-

tices in IS research, which emphasize theory-driven AOIs, fixation- and transition-

based metrics, and triangulation with behavioral data [e.g. 14, 33, 44-47]. 

Prior eye-tracking studies suggest that adults with ADHD often achieve comparable 

task accuracy while exhibiting higher cognitive processing effort and less stable atten-

tional allocation [48]. Moreover, adults with ADHD tend to show shorter fixation du-

rations on task-relevant information, increased saccadic activity, and less efficient or 

more irregular gaze trajectories, particularly in tasks requiring executive control [34, 

49]. These patterns reflect differences in attentional stability and visual information 

integration during cognitively demanding tasks. Accordingly, we operationalize atten-

tional regulation using three gaze indicators: First, fixation duration and total dwell time 

on task-relevant AOIs capture sustained visual engagement with relevant task elements. 

Second, saccadic activity reflects the frequency of gaze shifts and thus indicates the 

degree of visual exploration and attentional reorientation during task processing. And 

third, gaze dispersion captures the spatial variability of gaze distribution across the in-

terface and serves as an indicator of fragmented or unstable visual exploration under 

cognitive load [42, 50, 51]. 

Building on the RIM, we examine gaze patterns consistent with reflective versus 

impulsive LLM-based GenAI use [12, 15]. Reflective use is expected to be associated 

with longer dwell times on task requirements and constraints, more frequent regressions 

and transitions between instructions, LLM output, and the participant’s draft, and ex-

tended engagement with LLM output prior to finalizing the response [32, 52]. In con-

trast, impulsive use can be reflected in shorter reading phases of LLM output, rapid 

gaze shifts toward response production with limited revisiting of task constraints, and 

more dispersed gaze patterns during demanding trials [32, 53]. Because eye-tracking 

captures visual attention rather than cognitive processes directly, gaze metrics are in-

terpreted as indicators of underlying reflective or impulsive processing. 

Hence, ADHD-related differences in executive control can affect the stability of re-

flective processing so that these gaze-based indicators allow us to examine whether 

GenAI-supported task behavior differs systematically between ADHD and non-ADHD 

participants. To strengthen inference, gaze metrics are triangulated with task perfor-

mance and GenAI interaction logs, following NeuroIS recommendations for multi-

method measurement [33, 45]. Integrating gaze and behavioral features further supports 

the identification of meaningful individual differences in ADHD-related processing 

patterns [49, 53].  

Expected Results and Contributions 

Based on the theoretical framework, we expect systematic group differences in pro-

cess-level attention dynamics during LLM-supported workplace tasks. In line with 

prior research showing that comparable task outcomes can mask differences in cogni-

tive effort and attentional stability [48, 49], we anticipate that adults with ADHD will 

show greater variability in attentional stability, particularly in cognitively demanding 

or ambiguous tasks. At the same time, we expect that specific task contexts may elicit 

sustained, structured engagement patterns consistent with hyperfocus, reflecting strong 
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goal-directed processing under motivating conditions. Rather than assuming uniform 

deficits, the study therefore examines variability in how reflective and impulsive dy-

namics unfold during human-GenAI collaboration. Reflective use is expected to appear 

in stable engagement with task requirements and structured integration of LLM output, 

whereas impulsive use may involve rapid acceptance patterns and less iterative verifi-

cation. We further expect task characteristics to moderate these dynamics by increasing 

the demands of executive functioning. 

Theoretically, this research contributes to NeuroIS research in three ways. First, it 

advances a process-level understanding of LLM-supported knowledge work by linking 

the RIM to observable human-GenAI interaction, demonstrating how reflective and im-

pulsive mechanisms can be operationalized through gaze-based process indicators. Sec-

ond, by conceptualizing ADHD not as a deficit category but as a form of systematic 

executive-function variability, the study positions ADHD as a meaningful boundary 

condition for understanding heterogeneous AI use behavior, highlighting both regula-

tory challenges and context-dependent strengths. Third, it demonstrates how theory-

driven eye-tracking metrics capture latent processing dynamics even when final perfor-

mance appears comparable.  

Practically, this research contributes to the design of inclusive LLM-supported work 

systems. By identifying how different attentional and interaction patterns unfold across 

cognitive profiles, the findings can inform interface structures, verification cues, and 

workflow designs that support stable and reflective LLM-based GenAI engagement. 

Importantly, the study moves beyond a deficit-oriented framing of ADHD. Instead of 

positioning ADHD as a problem to be corrected, the findings may help organizations 

better understand when LLMs can function as a cognitive support and when task con-

figurations may increase attentional strain. Such insights can guide the development of 

adaptive human-GenAI collaboration strategies that leverage cognitive strengths while 

mitigating context-specific challenges. In doing so, the research supports more nuanced 

and inclusive integration of LLM-based GenAI into organizational knowledge work. 

Finally, this study proposal has several limitations that should be acknowledged and 

offers avenues for future research. First, the planned recruitment of university students 

as proxies for workplace knowledge workers may limit ecological validity. Although 

student samples are common in experimental research and suitable for identifying un-

derlying cognitive mechanisms, students may differ from employed adults in work ex-

perience, organizational routines, and habitual LLM-based GenAI use. This may also 

apply to adults with ADHD, whose self-regulation demands can vary across academic 

and workplace contexts. Future research should therefore extend the design to working 

populations and organizational settings. Second, this study focuses on LLM-based 

GenAI assistants as a specific and currently dominant form of GenAI in knowledge 

work. While this focus allows for a controlled and theoretically grounded investigation 

of human-GenAI interaction, it also limits the generalizability of the findings to other 

types of generative systems like image-based, multimodal, or agentic AI systems. Dif-

ferent GenAI technologies may impose distinct cognitive demands and interaction pat-

terns, which are not captured in the present design. Future research should therefore 

extend this work by examining and comparing multiple forms of GenAI to better un-

derstand how different system characteristics shape attention, cognitive processing, and 
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user behavior in knowledge work contexts. Third, although controlled task scenarios 

improve internal validity, they necessarily simplify real workplace environments. In 

addition, characteristics such as the length or complexity of LLM-generated responses 

may influence gaze behavior. Future research may therefore complement controlled 

experiments with more naturalistic settings and additional controls for output charac-

teristics. 
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Abstract. Real-effort tasks are widely used in economic research to enhance ex-

ternal validity while maintaining experimental control. However, prior studies 

suggest individuals’ affective and physiological responses to such tasks vary, 

challenging assumptions about their neutrality. This study partially replicates and 

extends a prior experiment by examining responses and performance across four 

tasks at two difficulty levels. In a lab experiment with 28 participants, we meas-

ured heart rate (HR) while participants completed math, ball, word finding and 

zero-counting tasks. We replicate evidence that task characteristics affect emo-

tional engagement and potentially performance. Cluster analysis of HR patterns 

yields mixed results: two tasks show declining HR over time, while the other two 

vary substantially. This study helps develop a more nuanced view of the suitabil-

ity of real-effort tasks for modelling real-world situations. 
 

Keywords: heart rate • time series clustering • real-effort task  

Introduction 

Research on the interplay between decision-making, affective factors and decision task 

structure is attracting increasing attention across disciplines like NeuroIS [1], psychol-

ogy [2], and economics [3], with the aim of identifying physiological mechanisms un-

derlying behavior and choice [4, 5]. Many controlled experiments examine why deci-

sion-makers engage in effortful or costly actions [6, 7] with two experimental para-

digms. In “stated effort”, participants report intended effort by selecting from a range 

of values [8, 9]. In “real effort”, participants exert cognitive or physical effort, such as 

solving math tasks [10] or throwing balls at a target [11]. A cost-effort function converts 

effort into a financial penalty that is subtracted from participants’ compensation [12, 

13]. Real-effort tasks aim to increase external validity by eliciting psychological and 

affective responses relevant in real-world decisions [3, 14].  

But the real-effort paradigm has several limitations. First, a given task may evoke 

varying psychological responses across individuals [3, 15]. Second, different tasks may 

trigger distinct reactions within the same individual, potentially resulting in unpredict-

able behavior and uncontrolled variation in decision outcomes [3]. Affective reactions 

such as gratitude [16], anger [17], warm glow [18], and anxiety [15] have been proposed 
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as explanations. Third, design-contingent factors like demand and ceiling effects may 

introduce bias into the observations [13].  

While some research addresses the first [15, 19] and third issues [13], the second is 

largely unexplored. This paper partially replicates and extends a previous experiment 

on within-subject variations in reactions to real-effort tasks [20] and aims to contribute 

to answering the following research questions: 

RQ1: How do different real-effort tasks differ in their effects on subjective and phys-

iological affective responses within the same participant?    

RQ2: To what extent are task-related differences in subjective and physiological af-

fective responses associated with differences in performance?  

Related Work and Hypotheses  

Real-effort tasks. Real-effort tasks aim to elicit authentic behavioral and psychological 

reactions by requiring participants to exert creative, cognitive, or physical effort [3]. 

Tasks typically require solving puzzles, typing, doing calculations, doing physical cler-

ical work, or small online games [13]. Research on affective reactions to such tasks is 

limited. Prior studies found that slider, math, and counting tasks induce higher reported 

anxiety than stated-effort tasks, though the slider task induces less anxiety than other 

real-effort tasks [15] and that arousal (measured as changes in HR) varies across par-

ticipants in a slider task [19]. These studies compared between, not within, participants. 

One within-participants study found that HR arousal was lower in an engaging ball 

catching than a challenging math task, and that higher ball catching task enjoyment was 

correlated with higher valence and happiness scores [20].  

Prior research in affective and emotional psychology suggests that individuals are 

likely to respond differently to real-effort tasks depending on the task characteristics 

and individuals’ subjective experiences and perceptions of these tasks. Self-Determi-

nation Theory (SDT) proposes that tasks that support basic psychological needs (au-

tonomy, competence, and relatedness) are associated with greater intrinsic motivation 

and more positive affective experiences [21]. Specifically, tasks that provide a sense of 

volition (autonomy), challenge and mastery (competence), and social connection (re-

latedness) tend to elicit greater interest, enjoyment, and satisfaction compared to tasks 

that are repetitive, externally controlled, or lack personal relevance [21, 22]. Apart from 

the objective task characteristics, perceived support of these needs changes individuals’ 

affective reactions to tasks, which can lead to substantial inter-individual differences 

[21, 22]. 

Extending this view, Cognitive Appraisal Theory (CAT) posits that affective reac-

tions are shaped by individuals’ evaluations of events in relation to their goals, values, 

and situational constraints [23]. Tasks appraised as meaningful, engaging, or aligned 

with personal goals are more likely to elicit positive emotions such as interest or satis-

faction. Similarly, Affective Events Theory (AET) proposes that work-related events, 

including task engagement, trigger affective reactions that vary across individuals de-

pending on factors such as perceived challenge, reward, and personal relevance [24].  

Taken together, SDT, CAT and AET strongly suggest that real-effort tasks are un-

likely to be affectively neutral. By design, these tasks are intended to be repetitive and 
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to have no intrinsic value so as not to distort effort provision within the controlled la-

boratory setting [3, 13]. Beliefs about performance in some tasks, such as math tasks, 

depend on competence or at least the individual’s beliefs about their competence [3].  

We expect affective responses to tasks to differ within individuals depending on how 

meaningful [23], engaging [22], challenging and repetitive [24] they are.  

H1: Different real-effort tasks elicit different affective reactions in the same partic-

ipant. 

Based on SDT, we would expect that real-effort tasks which make individuals feel 

incompetent, rejected or oppressed give rise to psychological needs frustration, which 

in turn is associated with negative effect and negative performance outcomes [22]. Ex-

perimental evidence on the effect of affective reactions on performance in real-effort 

tasks is mixed. Anxiety was negatively associated with performance in a slider task 

[15], but another study found no link between affect and performance [19]. In the only 

within-subject study, higher task enjoyment increased effort in a math task but not a 

ball-catching task [20].  

H2: Performance in real-effort tasks increases with positive affect. 

Assessment of affective state. Affective states are typically assessed using self-re-

port instruments [25].While they are simple to implement and inexpensive [26], they 

can be influenced by factors such as social desirability, self-esteem, and interoceptive 

abilities [26–28]. If the affective state needs to be assessed at several points in the ex-

periment, administering a survey every time interrupts the experimental tasks and may 

alter participants’ beliefs about the study as well as lead to participant fatigue and high 

time demands [28]. This makes biosignal-based approaches, which record physiologi-

cal signals and infer affective states from changes in the signals [29], a good alternative 

for continuous and unobtrusive measurements not subject to self-report biases [29–31]. 

Measurement tools are now portable and affordable [30, 32]. HR-based measures, 

which are particularly easy to access [33], have been widely studied and correlate with 

changes in affective states [2, 29] like arousal [29] and stress [34, 35], although infer-

ring discrete emotions from HR signals alone remains a challenge [1, 2, 36, 37].  

Prior research suggests that HR and HRV reflect complex autonomic processes as-

sociated with emotional regulation rather than direct markers of specific emotional 

states [31, 37]. Variations in HR and HRV are understood to reflect regulatory capacity, 

flexibility, and the dynamic balance between sympathetic and parasympathetic activity, 

rather than discrete emotions per se [31, 37]. HR and HRV differ substantially between 

individuals, which complicates cross-subject comparisons. These differences reflect in-

dividual characteristics such as baseline autonomic tone, fitness, and regulatory capac-

ity, as well as situational cues and different perceptions and reactions to these cues  [31, 

37, 38]. Similar HR and HRV patterns can be the result of different affective experi-

ences, depending on contextual factors and individual differences [31, 37]. Conversely, 

different patterns may result from similar affective reactions. Another challenge, exac-

erbated in field settings, is the fact that HR signals are highly sensitive to methodolog-

ical and contextual factors, including posture, respiration, and task conditions, which 

can introduce additional variability and make interpretation difficult [38].  
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Experimental Study Design 

Treatments. We use a within-subject design with four real-effort tasks of different 

types (calculations, games, counting, puzzles), associated with different affective reac-

tions. The math task, summing up integers [10], tends to induce anxiety [15, 39]. The 

ball-catching task, where participants catch randomly falling balls with a slider at the 

bottom of the screen, tends to induce engagement and enjoyment [40]. The grid search 

task, counting zeros in a grid [41], is considered very tedious [15]. The word finding 

task, finding anagrams from a series of letters, is considered to be a creative puzzle-

solving type of task [42]. Since some literature suggests that the level of difficulty [11, 

14] and the timing of the performance feedback [43, 44] play a role in shaping affective 

reactions, task difficulty was varied (high or low), and feedback was given either im-

mediately after each task or delayed to the end of the experiment.  

Procedure. Participants were equipped with Polar H10 HR Sensors, which provide 

highly reliable HR measurements [33, 45]. The experiment was implemented in oTree 

[46] and FRISBEE [47]. In Part One, participants received general instructions and a 

consent form, watched a 10-minute nature relaxation video [19, 48] and completed a 

short survey on their current affective and cognitive states (see below). The video 

served as a resting period to help participants achieve a relaxed state prior to starting 

the experiment, and to provide baseline HR measurement. In Part Two, participants 

played four rounds of tasks, in order of expected mental load to minimize fatigue effects 

(increasing mental load: ball task, counting zeroes, math, word finding). In each round, 

they received task instructions, played it for one minute, answered the survey on their 

current affective and cognitive state again and then watched 5-minute nature relaxation 

video as a washout period before proceeding to the next round. Part Three collected 

socio-demographic variables.  

Measurement instruments (survey). Affective states are often measured with the 

Self-Assessment Manikin (SAM), which captures the dimensions of valence, arousal, 

and dominance through pictorial scales [49]. Changes in SAM are associated with 

changes of affective states like stress, sadness, and anxiety [50], and the SAM arousal 

dimension with changes in HR [49, 51]. The Discrete Emotions Questionnaire (DEQ) 

is another instrument with strong psychometric properties for assessing eight discrete 

emotional states: anger, disgust, fear, anxiety, sadness, desire, relaxation, and happiness 

[52]. The DEQ has been shown to reflect changes in emotional states after exposure to 

experimental stimuli [52]. The perceived cognitive state after each task was measured 

with three NASA-TLX subscales: perceived mental demand (of the task), perceived 

effort and perceived frustration [53]. 

Preliminary results 

Participants. We recruited 28 students from a large European university (male=16, 

female=12). Sample size calculations for a repeated measures design, with medium ef-

fect size (f=0.25), significance level of at least 0.05, power of 0.8 and intrasubject cor-

relation of at least 0.4 indicate that this is an appropriate sample size.  
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Task performance. Participants solved, on average, 7.71 math tasks (SD=4.9), 

caught 36.5 balls (SD=10.19), found 1.61 words (SD=1.031) and counted 2.82 zeroes 

(SD=2.97). When measuring performance on a percentage score (0-100%) and aggre-

gating across tasks, participants performed better in easy than hard tasks (Mdn=70.63 

and 52.61; U=165.5, p<0.01). High difficulty was perceived as more frustrating 

(U=37.5, p<0.01). Somewhat surprisingly, the word finding task was associated with 

the highest perceived effort and frustration, even exceeding the math task. As expected, 

the ball and counting tasks were associated with the lowest perceived mental load.  

Hypothesis testing. Mixed effects regressions with random intercepts for every par-

ticipant indicate that different tasks elicit different reactions (Table 1): HR and SAM 

valence are lower in the word counting task than the math task. Counting and word 

finding tasks made participants least happy. H1 is supported. Increased difficulty was 

associated with lower valence, immediate feedback with lower perceived arousal.  

 

Table 3. Regression Results 

Predictor HR Valence Arousal Happiness Performance 

Task: Ball -1.62 (0.99)  0.50 (0.33)  0.00 (0.28)  0.54 (0.38) -7.80 (7.28) 

Task: Count -1.28 (0.99) -0.50 (0.33) -0.46 (0.28) -0.75 (0.38)* -23.25 (7.50)** 

Task: Word 
-4.08 

(0.99)*** 

-1.57 

(0.33)*** 
-0.04 (0.28) 

-1.54 

(0.38)*** 
-48.73 (7.28)*** 

Gender: Fem  4.29 (4.19) -0.21 (0.25) -0.11 (0.24) -0.06 (0.42)  4.57 (5.28) 

Difficulty: H  -0.86 (4.15) -0.69 (0.25)*  0.03 (0.24) -0.51 (0.42) -17.85 (5.24)** 

Feedback: I  -6.66 (4.15)  0.15 (0.25) -0.61 (0.24)* -0.20 (0.42)  4.66 (5.24) 

AIC 699.41 386.90 357.84 436.42 1004.68 

Note. * p < 0.05, ** p < 0.01, *** p < 0.001. Random effects for participants  

 

Participants performed worst in counting and word finding tasks, and at high difficulty 

(Table 1, “Performance”). Higher levels of SAM valence are positively correlated with 

performance (=5.75, SD=2.49, p<0.05) across all tasks and controlling for difficulty. 

H2 is supported.  

Overall model fit was strong (conditional R² ranging from 32.8% to 90.1%), except 

for arousal (17.2%). The fixed effects of task type and gender had moderate influence 

on subjective measures (26.3% for valence, 18.2% for happiness) but little impact on 

physiological responses (4.3% for heart rate). Our results suggest that individual dif-

ferences between participants explain a large part of the variance in the changes in 

physiological measures. 

Pairwise task contrasts show clear valence, happiness, HR and performance differ-

ences between certain tasks (Table 2). In line with our regression results, we see that 

participants perform worse in the word task than in the math task. In fact, participants 

perform worse in the word task than any other task. SAM valence for the word task is 

also lower than for any other task; in line with our expectations, SAM valence for the 

ball task is higher compared to the count task. Participants report greater happiness for 

the math and ball tasks compared to the word task, and for the ball task compared to 

the count task. HR is lower for the word task compared to all other tasks. All other 

contrasts are not significant.  
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Overall, we see surprisingly little differences between the math and ball tasks (none 

are significant) and the math and count tasks (except performance). The ball task is 

clearly enjoyed more than the count task, but this does not lead to a performance im-

provement. The word task is strictly dominated in terms of enjoyment and performance. 

SAM arousal does not differ between tasks.  

 

Table 2. Pairwise task contrasts 

 HR Valence Arousal Happiness Performance 

math - ball 1.618 -0.5 0 -0.536 7.802 

math - word 4.083*** 1.571*** 0.036 1.536*** 48.731*** 

math - count 1.283 0.5 0.464 0.75 22.385* 

ball - word 2.466* 2.071*** 0.036 2.071*** 40.929*** 

ball - count -0.335 1.000* 0.464 1.286** 14.583 

count - word 2.801* 1.071** 0.429 -0.786 26.346** 

Note. * p < 0.05, ** p < 0.01, *** p < 0.001. Random effects for participants  

 

Clustering. We compare partitional clustering using Dynamic Time Warping 

(DTW) as the distance measure with Partitioning Around Medoids (PAM) for centroid 

calculation [54, 55], as used in [20], with k-shape clustering with shape-based distance 

(SBD), as used in [19], across k=2 to 4 clusters for our time-series analysis. We 

achieved the best silhouette width at 0.295 with DTW and k=2 (Figure 1), comparable 

to [19, 20]. Best overall accuracy of 39.3% was obtained with SBD and k=4, which is 

notably worse than the 66% reported in [20], but given that the current study compares 

4 not 2 types of tasks, still better than the 25% given by chance. 

HR patterns do not clearly vary with the four real-effort tasks (Figure 1), aside from 

a decline over time in the majority of ball and word task observations (cluster 1 includes 

67% of ball and 75% of word task observations). In cluster 2, HR rises over time. Clus-

ter 1 starts above baseline HR, cluster 2 slightly below. Math and count tasks are spread 

approximately evenly between the two clusters. 

 

 

Fig. 9. Clustering Results. 
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Discussion and Future Research 

This study partially replicates and extends a previous study [20] on the relationship 

between HR patterns, affective responses and performance in real-effort tasks, with the 

aim of improving experimental representations of real-world situations. In line with 

that study, we find differences in affective reactions: the word task is particularly likely 

to stress participants; the word and counting tasks are associated with least perceived 

happiness. Positive affect is associated with higher performance. Pairwise task compar-

isons show clearly that the word task is enjoyed less than any other task, and that per-

formance in the word task is lower than in any other task. This warrants further re-

search; our expectation was that creative tasks would be enjoyed more than math or 

count tasks, which are considered to induce anxiety and to be tedious, respectively [15, 

39]. The classification of the word finding task as a creative task might be reconsidered, 

as far as that implies the assumption of greater enjoyment than other tasks. Future stud-

ies might use other real-effort tasks classified as creative, as well as “fun” tasks, to 

compare with the word finding task to establish whether there are systematic differ-

ences in enjoyment-related perceptions and performance. 

HR patterns show a similar decline during the ball and word tasks. HR patterns in 

math and count tasks are mixed: these tasks were evenly spread between both clusters. 

Since task order was fixed, a general HR decline from ball to counting zeroes to math 

to word task might have been expected: without physical exertion, HR decreases over 

time. While we cannot exclude or quantify such an effect, our cluster analysis indicates 

that it was not the only effect: cluster 2 actually exhibits increasing HR on average and 

contains observations for tasks of all types. Cluster 1 exhibits declining HR and con-

tains the majority of ball and word task observations. We conclude that, as frequently 

pointed out in literature, we observe large between-subject differences in HR patterns, 

which makes cross-subject comparisons difficult [38]. While our clustering approach 

clearly adds some value, as indicated by the better-than-chance classification, further 

research is needed to determine the limits of this approach.   

Another challenge for this study and future studies on this topic remains the inter-

pretation of HR patterns with respect to their affective correlates. More studies are re-

quired to determine whether, in the specific context of these and other real-effort tasks, 

such correlations between perceptions and physiological measures can be established. 

Subjective measures are inherently context-dependent, as participants anchor their re-

sponses to situational cues and internal reference frames [56], while HR measures are 

less clearly linked to context [37]. This is reflected in our results, where task type had 

a much larger effect on changes in perceived affect than changes in HR. By conducting 

similar studies with other populations and controlling for additional context- and per-

sonality-related factors, we aim to provide a clearer picture of the underlying processes 

yielding affective reactions to experimental tasks in the future. 

Further research is needed to disentangle the effect of task types on arousal, as well 

as the effect of task parameters on affective reactions and performance. The connection 

between task type, mental load and affective state also warrants further investigation.  

Limitations of this study are its small sample size and sociodemographic composi-

tion (students only). Future studies are needed to replicate these results and detect small 
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effect sizes in other populations, as well as medium to small effect sizes when intrasub-

ject correlation is low.  

Overall, our results suggest that care is needed to choose the right experimental task 

such that the intended psychological reactions are elicited, and that no unintended affect 

or cognition is induced that could lead to systematic behavioral differences. 
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Abstract. Knowledge workers increasingly use generative artificial intelligence 

(GenAI) to co-create work outcomes. While feedback on work can evoke affec-

tive reactions that shape subsequent behavior, it remains unclear how GenAI-

assisted work influences these reactions. Drawing on affective events theory and 

research on effort investment, we examine how using GenAI shapes individuals’ 

affective reactions to feedback on their work outcomes and the extent to which 

they revise them. We conduct a controlled between-subject experiment in which 

participants complete writing tasks either with or without GenAI. After each task, 

participants receive standardized feedback while neurophysiological reactions 

(feedback-related negativity, FRN) are recorded using EEG. We propose that 

GenAI use reduces effort investment, leading to weaker affective reactions to 

feedback (reflected in attenuated FRN amplitude irrespective of feedback va-

lence) and greater extent of revision for the work outcomes. The study contributes 

to research on consequences on human–AI collaboration for individuals and 

feedback reactions. 

Keywords: Affective reactions · Feedback · GenAI · Effort · Feedback-related 

negativity 

Introduction 

Knowledge workers increasingly use generative artificial intelligence systems (GenAI) 

to create work outcomes [1]. Unlike prior tools, GenAI can contribute directly to those 

outcomes, leading to what can be referred to as the co-creation with AI systems [2]. In 

many cases, these work outcomes are shared with colleagues, superiors, or clients, who 

then provide feedback; in fact, feedback is an essential aspect of knowledge work in 

organizations [3].  

Literature shows that people can experience affective reactions when they receive 

feedback on their work [4, 5]. Affective reactions are dependent on several factors, such 

as personal investment into the work outcomes, reflected, for example,  by time or effort 

spent, as well as the type of feedback provided [6]. Affective reactions to feedback can 

then influence subsequent behavior [4], influencing, for example, reluctance to revise 

work results, but can also influence performance on unrelated tasks [5]. 

Prior literature shows that working with GenAI alters work processes and, conse-

quently, the relationship between workers and their work outcomes [7]. With workers 
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having to spend less effort to achieve a work outcome [7, 8], they may also be less 

personally invested, show weaker, that is, less intense, affective reactions to feedback, 

and be more open to revising a work outcome. This could fundamentally change the 

way of working in knowledge work, making it more iterative and fostering co-creation 

within teams, as people are less protective of their own initial ideas and more willing 

to revise. In this study, we therefore explore the following research question:  

How does working with GenAI influence individuals' affective reactions to feedback on 

their work outcomes and their extent of revision of those work outcomes? 

To investigate this question, we conduct a between-subject lab experiment. Partici-

pants complete a writing task without or with GenAI assistance. After completing the 

task, participants receive standardized, random feedback on their work. Affective reac-

tions to feedback are measured neurophysiologically (EEG) to determine whether 

working with GenAI attenuates these reactions. We then ask participants to revise their 

text and measure revision behavior. 

Working with GenAI fundamentally changes how knowledge work is conducted, 

and how workers feel about the results they produce [7]. With this study, we seek to 

clarify how working with GenAI shapes affective reactions to feedback. We contribute 

to the emerging human-AI collaboration literature [9], specifically exploring the dy-

namics in human-AI dyads [10], as well as to the literature on affective reactions to 

feedback [11]. This study will have practical implications, providing insights into how 

GenAI-assisted work may influence feedback reactions and iteration behavior in 

knowledge work. 

Background and Hypotheses Development 

Affective Reactions to Feedback on Work Outcomes 

Feedback on one’s work is an essential practice in organizations [3]. Both positive and 

negative feedback can trigger affective reactions [5], particularly when they are sur-

prising, deviating from expectations [12]. According to affective events theory, work-

place events such as evaluations or criticism evoke affective reactions that shape sub-

sequent attitudes and behaviors [13]. These affective reactions influence how individ-

uals respond to feedback, including their defensiveness toward criticism and their will-

ingness to revise their work. The intensity of affective reactions depends on how per-

sonally invested or involved individuals feel in the evaluated outcome, or the extent to 

which the outcome is contingent on their actions [5, 14, 15].  

The neurological reaction to feedback can be measured via event-related potentials 

(ERPs) in electroencephalographic (EEG) signals [16]. One such component, the feed-

back-related negativity (FRN), reflects early evaluative processing of feedback out-

comes. FRN has traditionally been interpreted as being sensitive to feedback valence 

[6], however, it may reflect the magnitude of deviation from expectations, rather than 

whether outcomes are positive or negative per se; so larger amplitudes may be observed 

for outcomes that differ more strongly from what was anticipated, i.e., reflecting sur-

prise [16].  
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Importantly, FRN amplitude is not only determined by expectation deviations but is 

also influenced by the degree to which outcomes are perceived as contingent on one’s 

own actions. Specifically, FRN amplitudes are reduced when individuals merely ob-

serve outcomes rather than actively generate them, and this reduction is associated with 

lower reported subjective involvement [15]. Thus, the affective reactions to feedback 

and the neural response may depend not only on expectation deviations but also on how 

the outcome was produced. 

Generative AI, Effort Investment, and Feedback Reactions 

GenAI is increasingly used by knowledge workers to create work outcomes [1, 17, 18], 

with the GenAI directly contributing (sometimes significant portions) to work results. 

Recent literature suggests that compared to human-only, unassisted work, GenAI-as-

sisted work can influence how knowledge workers feel about their work results, includ-

ing diffused felt responsibility or ownership [8, 19–21]. Moreover, when GenAI takes 

over certain aspects of the task, it may reduce the (felt) effort required to produce work 

outputs [7, 8, 22]. This is relevant, because effort investment and how much an outcome 

is valued are associated [7, 14]. Hence, if GenAI reduces one’s effort investment for 

achieving a task outcome, that outcome may feel less tied to one’s actions and less 

personally significant or meaningful. Aligned with this suggestion, Kosmyna et al. find 

that “essays written with the help of LLM carried a lesser significance or value to the 

participants” [21]. Moreover, they show that working with GenAI as compared to work-

ing alone leads to a difference in neural activity [21]. However, other studies show that 

GenAI use may lead to additional effort, for example, for prompting or fact checking 

[8, 23], which is why we will measure felt effort as part of our experiment.  

Based on the above, we suggest that evaluative feedback on the work outcome may 

elicit a weaker affective reaction when the work result was produced with a GenAI. 

More specifically, we expect that working with GenAI is associated with a reduced 

FRN amplitude. Importantly, FRN has been shown to reflect deviations from expecta-

tions irrespective of feedback valence [16]. Accordingly, the proposed dampening ef-

fect is expected to occur for both positive and negative feedback. While in this study 

we focus on effort as a mediating construct, we call for future research to explore addi-

tional pathways on how GenAI shapes reactions to feedback. 

Hypotheses 

Accordingly, we propose the following conceptual model for our study (Fig. 1), with 

the three hypotheses below: a direct effect of working with a GenAI on the affective 

reaction to feedback (H1), partial mediation through effort (H2), and a behavioral con-

sequence in the effect on the extent of revision for work outcomes (H3).  

We do not theorize full mediation of affective reaction to feedback through effort 

(H2), because, as discussed above, GenAI use may influence worker behavior and per-

ception in a variety of ways including perceived ownership or responsibility [8]. Be-

cause affective reaction to feedback is known to influence subsequent behavior, we 

theorize it influences revision behavior, that is, the extent of revision. However, we 
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acknowledge that other explanations may be possible, for example, working with 

GenAI may affect individuals’ confidence in the generated output or their perceived 

authorship. 

Hypothesis 1: Working with GenAI directly reduces individuals' affective reac-

tion to feedback on their work outcomes. 

Hypothesis 2: The relationship between GenAI use and affective reaction to feed-

back is partially mediated by effort, so that working with GenAI reduces effort 

(H2a), and reduced effort reduces the affective reaction to feedback (H2b). 

Hypothesis 3: Lower affective reaction to feedback increases extent of revision 

of work outcomes. 

 

Fig. 1. Conceptual model 

Method 

Design 

To investigate how working with GenAI influences affective reactions to feedback on 

work outcomes, the study uses a between-subject experimental design with two condi-

tions: (1) human-only, in which participants complete a series of four writing tasks 

within their domain knowledge without GenAI assistance, and (2) human+GenAI, in 

which participants complete the same tasks with the assistance of a GenAI, such as 

ChatGPT (see [7]). The emotional reactions are measured neurophysiologically directly 

after feedback presentation. 

Participants 

Participants are recruited from a university student pool. Students are appropriate par-

ticipants because they are familiar with writing tasks and the topic, and they themselves 

become future knowledge workers. Participants receive course credit for participation. 

Participants will be split equally across conditions. 

Procedure 

The study follows a pre-defined procedure (Fig. 2) as described below. In the Introduc-

tion and pre-questionnaire, participants first provide informed consent, and fill in a pre-

questionnaire on demographics, prior GenAI experience, and baseline mood. They are 
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informed that they will write several short essays and receive immediate feedback on 

those essays along several dimensions. They will be informed that the feedback will be 

based on an automatic evaluation by a specialized AI system trained on a database of 

prior submissions. To increase feedback credibility, the AI is described as having 

shown high agreement with human expert raters. Moreover, a brief delay prior to the 

AI giving feedback to the participants will be added. 

 

Fig. 2. Experiment procedure 

As part of the writing task, participants write a short essay of about 250 words within 

a 4-minute time limit. In the human-only condition, participants write without GenAI 

support; in the human+GenAI condition, participants are encouraged to use a GenAI 

tool (ChatGPT) to assist with writing. 

After completing each essay, participants receive multidimensional feedback on 

their text, for example, on its structure or the quality of its arguments. The feedback is 

presented sequentially to allow for measuring emotional reactions to each feedback 

statement. For each dimension, the feedback states whether performance is above av-

erage or below average compared to prior submissions of other participants with respect 

to the feedback dimension in the form:  

“Compared to submissions from other participants, the 

<feedback dimension, e.g., clarity of your argument> is 

<feedback direction, e.g., below average>.” 

To ensure comparable exposure to feedback events across participants, feedback is 

randomized rather than based on actual essay quality (also see [11]). This allows us to 

isolate the effects of the experimental manipulation and avoid performance-related con-

founds, because essays produced alone or with GenAI support may systematically dif-

fer across quality dimensions. We acknowledge that this may reduce feedback credibil-

ity in some cases. Therefore, we will assess and control for three related but distinct 

aspects: participants’ perceived surprise of each feedback event as a direct indicator of 

subjective expectation deviation (reflecting a potential “standard” participants may 

compare the feedback against; see [5]), post-experimental feedback credibility or sus-

picion, and the objective fit between assigned feedback and independently scored essay 

quality as a proxy for feedback plausibility. This allows us to control for to what extent 

the random feedback reflected actual quality, and to exclude suspicious participants. 

Participants will receive equal amounts of positive and negative feedback. 

After receiving feedback on all dimensions, participants are asked to revise their text 

for 2 minutes, capturing their extend of revision of the work outcome. Importantly, 

none of the participants will have access to GenAI in this step. This prevents 
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participants in the GenAI condition to merely re-generate the essay according to the 

feedback. The steps from writing to revision will be repeated four times per participant 

with different essay topics. The order of topics will be randomized. After completing 

the revision for the last essay, participants will complete a post-questionnaire (see next 

section). In the debriefing, participants are informed that the feedback was randomized 

and not based on actual text, and that this was necessary to ensure standardized exper-

imental conditions. 

Measurement 

The between-subject experiment uses a binary manipulation: (1) human-only, that is, 

writing without GenAI support, vs. (2) human+GenAI, that is, writing with GenAI sup-

port. Participants will be randomly assigned to either condition and will remain in that 

condition for all four writing tasks. 

Affective reaction to feedback is our central dependent variable. As discussed in 

Section 2, we operationalize affective reactions to feedback using the FRN, an ERP 

associated with early evaluative processing of feedback outcomes. FRN is a negative 

deflection occurring approximately 200–300ms after feedback onset [16]. Prior re-

search shows that FRN amplitude reflects the evaluation of outcomes relative to expec-

tations, with larger (i.e., more negative) amplitudes observed for outcomes that are un-

expected or carry greater affective significance [16]. In line with this interpretation, we 

use FRN amplitude as a neural indicator of the intensity of evaluative processing of 

feedback. Reduced affective reactions are expected to manifest in attenuated FRN am-

plitudes (i.e., less negative deflections). FRN will be analyzed as the maximal ampli-

tude within a predefined time window [16, 24] 200–300 ms following feedback onset 

at the frontal midline electrode (Fz, [6, 24]), relative to a pre-feedback baseline. Be-

cause physiological measurements can be noisy, multiple feedback events are used to 

obtain reliable estimates [24], i.e., one feedback event and reaction measurement per 

feedback dimension per essay topic. 

Following Campbell et al. [7], to measure effort, we combine self-reported perceived 

task effort using the NASA-TLX task load scale [25] and behavioral proxies such as 

the number of characters typed. To measure the revision extent, we combine measures 

like the number of edits made, the number of characters changed, and the textual simi-

larity between the original and revised texts using semantic embeddings. 

Moreover, we will collect several control variables, including perceived credibility 

of the feedback (allowing us to exclude participants overly suspicious of the feedback), 

perceived autonomy during task completion, attitude towards AI, and baseline mood 

[13] as well as self-relevance of output. Additionally, we will calculate a feedback-fit 

score, relating essay quality (automated scoring via LLM, see [7]) to the standardized, 

random feedback the participant received, allowing us to control for the reasonably 

expected feedback-performance-gap. 
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Ethical Considerations 

The study involves partial deception, as feedback is randomized rather than based on 

actual performance. Therefore, the participants are fully debriefed after the experiment. 

The study is reviewed by the institutional review board (ethics committee). 

Expected Contribution 

This study contributes to the emerging discourse on human-GenAI work, shedding light 

on human-AI dynamics [10] and how working with GenAI affects workers [8]. More 

broadly, it advances our understanding of IS use by complementing self-reports through 

neurophysiological measures as suggested by Dimoka et al [26]. More specifically, the 

study identifies and tests a mechanism through which GenAI use shapes reactions to 

feedback. We propose that working with GenAI reduces effort investment in producing 

work outcomes, which in turn attenuates affective reactivity to evaluative feedback, as 

reflected in reduced FRN amplitude. By linking effort investment, neurophysiological 

reactions to feedback, and subsequent revision behavior, the study provides a process-

level account of how human–AI collaboration alters feedback processing. 

Providing and receiving feedback is essential within organizations [3, 5]. From a 

practical perspective, this mechanism suggests that GenAI-assisted work may reduce 

resistance to feedback and thereby foster more iterative work practices. As a result, 

individuals may be more open to revise intermediate outputs and engage in improve-

ment cycles, which has implications for the feedback culture in GenAI-supported work 

environments. 
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Abstract. This research-in-progress investigates cognitive offloading as a key 

mechanism through which generative AI (GenAI) use influences task perfor-

mance and skill development. Drawing on cognitive offloading literature, we 

conceptualize distinct offloading modalities that differentially shift necessary or 

unnecessary mental load to GenAI systems. We argue that these offloading mo-

dalities have opposing effects on skill development, either supporting or inhibit-

ing it. To examine these mechanisms, we propose a neurophysiological experi-

ment in which participants complete a software development task with GenAI 

support. Using electroencephalography (EEG), we measure differences in mental 

load associated with alternative offloading modalities and relate them to both task 

performance and subsequent skill development. By directly assessing cognitive 

load during GenAI use, this study seeks to uncover the cognitive processes un-

derlying the ambivalent effects of GenAI on task performance and skill develop-

ment, thereby advancing the theoretical understanding of cognitive offloading in 

GenAI-enabled knowledge work. 

Keywords: Cognitive offloading · skill development · task performance · GenAI 

· deskilling · upskilling  

Introduction 

With the diffusion of generative AI (GenAI) into organizational life, these systems 

are becoming increasingly relevant for knowledge-intensive work [1] and have already 

been shown to improve individual task performance [2–5]. Examples include the grow-

ing use of tools such as GitHub Copilot to support software development [2], the use 

as an AI assistant for customer support agents [3], and the use of GenAI to generate 

and refine advertising slogans [4].  

In this context, emerging research indicates that GenAI use shapes individuals’ skill 

development in ambivalent ways [3, 6]. On one hand, studies indicate that the use of 

GenAI positively affects skill development, for example in the context of language 

skills [3]. On the other hand, first studies also show that GenAI use might have a 
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negative effect on skills due to overreliance, for example in the context of software 

development [6]. 

Accordingly, it remains important to reveal the underlying mechanisms driving how 

GenAI use influences skill development. While early work has demonstrated direct ef-

fects of GenAI use on skills [3, 6], it has paid less attention to the cognitive mechanisms 

that could account for these effects, leaving the “why” and “how” insufficiently ex-

plained. 

To fill this gap, we draw on cognitive science literature, focusing on cognitive of-

floading [7]. Cognitive offloading refers to relying on external actions or artifacts to 

reconfigure a task’s information-processing requirements and thereby reduce cognitive 

effort [8]. In the context of GenAI-supported knowledge work, we argue that this per-

spective offers a useful lens for explaining the cognitive mechanisms through which 

GenAI use shapes skill development. Moreover, we will examine how cognitive of-

floading relates to task performance, allowing us to identify potential differences be-

tween its effects on skill development and its effects on performance. We therefore ask: 

How does GenAI-enabled cognitive offloading, affect users’ skill development and task 

performance?  

To address our research question, we propose a neurophysiological experiment using 

electroencephalography (EEG) [9] to examine GenAI-enabled cognitive offloading in 

a software development task. While prior studies primarily document high-level effects 

of GenAI use on task performance and skill development [3, 6], our approach is well 

suited to uncover the underlying cognitive mechanisms that may account for these ef-

fects [10, 11]. This study aims to contribute to the literature by challenging established 

assumptions about the interrelation between task performance and skill development in 

the context of cognitive offloading. We expect that the unstructured use of GenAI will 

disrupt previously observed patterns in which improvements in task performance are 

aligned with skill development [12, 13]. 

Background 

The Interdependence of Skill and Task Performance 

Skill can be conceptualized as the integration of declarative and procedural 

knowledge [14]. Declarative knowledge refers to knowledge about things and facts [15, 

16], that is, what an individual knows. Procedural knowledge, in contrast, captures tacit 

knowledge namely, knowledge of how to carry out a task. Knowing that a recipe re-

quires a specific sequence of ingredients is an example of declarative knowledge, 

whereas being able to prepare the dish by following and executing the cooking steps is 

an example of procedural knowledge.  

Task performance and skill development are interrelated, as learning-by-doing leads 

to the continuous accumulation of problem-solving experience [13], which in turn di-

rectly results in a significant reduction in average task completion times and an increase 

in productivity [12]. Conversely, performing a range of tasks enhances skill develop-

ment by helping employees integrate abstract principles and latent schemas, which in 

turn improves their efficiency in tackling new or different types of problems [12]. 
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Prior research on skill development demonstrates that both the format and the timing 

of information delivery significantly shape the development of skills and task perfor-

mance [15, 17, 18]. Generative AI introduces a novel distinction relative to prior infor-

mation technology artifacts in that it is capable of performing complex tasks autono-

mously, rather than merely supporting or structuring human information processing 

[19, 20]. This expanded capability fundamentally alters how information is delivered 

and processed during task execution, with important implications for the relationship 

between task performance and skill development [21]. 

Cognitive Offloading  

When someone writes information down to remember it later, they engage in cogni-

tive offloading, defined as “the use of physical action to alter the information processing 

requirements of a task so as to reduce cognitive demand” ([8], p. 677). Traditional ex-

amples include using a calculator to solve a math problem or relying on a shopping list 

to remember items in the supermarket [8]. GenAI provides substantial expansion op-

portunities by enabling users to offload not only fragments of information but poten-

tially broader portions of tasks and their execution to a single system through human-

like conversational interaction which reduces the effort of cognitive offloading substan-

tially [22]. 

Previous research shows that cognitive offloading is influenced by both task charac-

teristics and individual cognitive and metacognitive factors. Offloading behavior in-

creases when memory load is high making external aids more attractive [23]. In time-

critical contexts, individuals often engage in cognitive offloading as these actions can 

be faster and more reliable than internal computations alone [22]. Beyond objective 

task demands, subjective self-confidence plays a crucial role. Lower self-confidence 

reliably predicts greater reliance on memory aids, even when self-confidence is exper-

imentally decoupled from actual performance [24]. Consistent with this, the skill level 

does not deterministically predict cognitive offloading. Instead, metacognitive evalua-

tions explain additional variance, and cognitive offloading has been shown to benefit 

individuals across a wide range of ability levels [23]. Finally, cognitive offloading is 

strongly influenced by the effort required to do so. Increased physical or procedural 

effort (e.g. additional steps or access restrictions) reduces cognitive offloading [22]. 

Conversely, when the effort required for cognitive offloading is minimized, as in the 

case of GenAI systems, a larger portion of the mental load is likely to be shifted to the 

systems. 

Hypothesis Development 

Cognitive offloading acts as a crucial mechanism for improving task performance 

by providing environmental support that reduces internal cognitive demands, thereby 

enabling the reallocation of resources for the execution tasks [25, 26]. Nevertheless, 

reliance on external memory comes with costs [6, 14], including reduced depth of pro-

cessing and a “directed forgetting” effect that occurs when individuals expect continu-

ous access to outsourced information [25, 26].  
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We conceptualizes two modes of cognitive offloading in the context of skill devel-

opment. Substitutive offloading refers to the condition in which GenAI replaces mental 

processes that are essential for skill development, thereby offloading both unnecessary 

and necessary mental load [10, 11]. Although this form of offloading may enhance task 

performance by reducing immediate cognitive demands, it is expected to undermine 

skill development by bypassing the cognitive effort required for internalization and 

competence formation [26, 27].  

In contrast, constructive offloading describes the use of external support to reduce 

only unnecessary mental load, such as routine or peripheral processing demands, while 

maintaining engagement in the core cognitive activities required for learning [10, 11]. 

By scaffolding rather than replacing essential mental processing, constructive offload-

ing is expected to support task performance while simultaneously fostering skill devel-

opment over time [28]. Constructive offloading reduces only unnecessary mental load, 

meaning cognitive burden that does not contribute to skill development, while preserv-

ing the mental load essential for learning. Consequently, users in the constructive of-

floading condition outperform those in the no-offloading condition on task perfor-

mance, yet underperform relative to those in the substitutive offloading condition. Crit-

ically, however, because substitutive offloading eliminates all mental load, including 

that which is essential for skill acquisition, the constructive offloading condition yields 

superior skill development compared to both the no-offloading and substitutive offload-

ing conditions. Thus, we hypothesize: 

Hypothesis 1a. Task performance will be higher in the constructive offloading 

condition than in the no offloading condition. 

Hypthesis 1b. Task performance will be higher in the substitutive offloading con-

dition than in the constructive offloading condition. 

Hypothesis 2a. Skill development will be higher in the no offloading condition 

than in the substitutive offloading condition. 

Hypothesis 2b. Skill development will be higher in the constructive offloading 

condition than in the no offloading condition. 

Together, these hypotheses formalize a central tension in GenAI-enabled work: sub-

stitutive offloading reaches hightest task performance but can undermine the develop-

ment of skills , whereas constrctuve offloading reaches highest level of skill develop-

ment on a lower level of task performance. 

Proposed Research Design 

Experimental Design. We will conduct a neurophysiological laboratory experiment 

to examine how GenAI-enabled cognitive offloading, implemented through different 

cognitive offloading modalities, affects task performance and skill development in a 

software development context. To capture cognitive offloading, we will use EEG-based 

measures which are widely used in research on information systems [9, 29, 30]. We 

aim to recruit N = 60 participants, the majority of which will be information systems 

students with basic programming familiarity. Participants will be randomly assigned to 

one of the three experimental conditions which are described below.  
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Task and Procedure. The experimental task will involve software development 

tasks using a hypothetical programming language created for the experiment. We will 

use a hypothetical language to minimize variability in prior language-specific expertise 

and to establish a more comparable baseline across participants. We select coding as 

the application domain because GenAI is widely used and particularly capable in soft-

ware-related tasks [19]. 

Participants will complete two coding tasks. Task 1 (training task) will require im-

plementing a function that computes Fibonacci numbers. Task 2 (evaluation task) will 

require implementing a function that computes Tribonacci numbers, which is structur-

ally similar yet non-identical and comparable to support task completion. In the no of-

floading condition (control), participants receive a static text manual of the program-

ming language to assist performance. In the substitutive offloading treatment, partici-

pants use a GenAI system to generate and complete the coding solution, fully offloading 

the task to the system. In the constructive offloading treatment, participants first de-

velop an initial solution using only the manual and are subsequently allowed to use 

GenAI for feedback and improvements of their code. 

Measures. We propose to measure cognitive offloading using alpha-band event-re-

lated spectral perturbation (ERSP) derived from time–frequency EEG analysis. Follow-

ing prior research, we focus on task-related desynchronization in the upper alpha band 

(10–13 Hz), as reductions in alpha power reliably indicate increased cortical activation 

and memory-related processing in parietal and frontal regions [31, 32]. Consistent with 

established IS research, we will analyze alpha ERSP during task engagement to assess 

systematic differences in neural activation associated with offloading behavior [29, 33]. 

Higher alpha activity indicates lower cognitive load, thereby allowing researchers to 

objectively capture the extent to which users offload cognitive processes to GenAI 

across the no-offloading, constructive offloading, and substitutive offloading condi-

tions. 

We will measure task performance during Task 1 through the execution time and 

functional correctness of the code provided. Accordingly, we will measure skill devel-

opment via a transfer-learning test using Task 2 performed without any external sup-

port. Skill development will be operationalized through execution time and functional 

correctness of the submitted solution. We will control for age, gender, handedness 

(left/right), education, AI literacy, algorithm aversion, prior software development 

skills, and perceived task difficulty. 

Expected Contributions 

This research contributes to the information systems literature in three ways. First, 

it advances an account of the underlying mechanisms linking GenAI use to skill devel-

opment by conceptualizing cognitive offloading as the underlying mechanism. Second, 

it develops a conceptualization that distinguishes how cognitive offloading affects task 

performance and skill development across offloading modalities, clarifying when 

GenAI enhances skill development versus when it introduces dependencies. Third, this 

study contributes to NeuroIS by providing objective, real-time neurophysiological evi-

dence of how cognitive offloading to GenAI affects users' cognitive processes during 
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skill development, which cannot be captured through traditional self-report measures 

[34]. 
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Abstract. Digitalization has transformed modern work by increasing efficiency 

while also introducing new forms of strain. Technostress (TS) describes subjec-

tive, physiological, and behavioral stress responses related to digital technology 

use. Existing TS research has predominantly focused on neurotypical populations 

and rarely integrates multiple stress dimensions within a single design. This paper 

addresses these gaps by proposing a controlled experimental research design that 

systematically compares neurodivergent and neurotypical individuals under 

standardized digital stress conditions. The proposed design combines structured 

and unstructured digital tasks with a multimodal measurement approach covering 

subjective perceptions, physiological activation, and observable interaction be-

havior. By integrating neurodiversity into TS research, the paper contributes to a 

more differentiated understanding of digital stress and provides a methodological 

approach for more inclusive digital work design. 

Keywords: Technostress · Neurodiversity · Digital Stress · Research Design · 

Stress Physiology · Cognitive Workload · Human–Computer Interaction 

 

Introduction 

Digital technologies have become a central part of modern work environments. Infor-

mation and communication technologies enable new forms of collaboration, increase 

flexibility, and structure core work processes [1, 2, 3]. At the same time, the growing 

reliance on digital systems is associated with increasing experiences of overload, inter-

ruption, and expectations of constant availability. These phenomena are commonly 

summarized under the term Technostress (TS), also referred to as digital stress [1, 2, 4, 

5]. 
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TS describes stress reactions that arise in response to the use of digital technologies,  

particularly when these technologies are experienced as complex, interruptive, or diffi-

cult to control [1, 2]. Prior research has shown that TS can negatively affect well-being, 

job satisfaction, and performance, and may also influence work behavior and organiza-

tional outcomes [2, 4-6]. At the same time, recent studies emphasize that digital tech-

nologies can also act as supportive resources, for example by enabling autonomy or 

improving work processes, highlighting the dual nature of technology as both a stressor 

and a resource [6-8].  

This dual role highlights that TS should not be understood as a purely negative phe-

nomenon, but rather as the result of an interaction between technological demands, 

available resources, and individual characteristics [8]. In this context, digital stress de-

pends not only on technological features but also on how individuals perceive and pro-

cess these demands. However, existing research has primarily focused on neurotypical 

(NT) populations, largely overlooking differences in cognitive and sensory processing 

across individuals. 

Open questions remain regarding how different groups of individuals perceive and 

process digital stressors. In particular, neurodivergent (ND) individuals, such as those 

with attention-deficit/hyperactivity disorder (ADHD), autism spectrum conditions, or 

dyslexia, often show distinct patterns in attention regulation, executive functioning, and 

sensory processing [10-13]. As these characteristics are highly relevant in digital work 

environments, ND individuals may experience and process digital stressors differently 

compared to NT individuals. 

Despite the increasing relevance of neurodiversity in the workplace, empirical re-

search that systematically examines these differences in the context of TS remains lim-

ited [1, 2, 4]. Furthermore, existing TS research often focuses on either subjective, 

physiological, or behavioral indicators, while multimodal approaches have only rarely 

been applied to compare different user groups within a single research design [15-19]. 

This constitutes an important limitation, as stress is a multi-layered phenomenon in 

which subjective perception, physiological activation, and behavioral responses may 

diverge [15]. 

To overcome this limitation, this paper proposes a controlled experimental research 

design that systematically compares ND and NT individuals under standardized digital 

stress conditions. By integrating subjective, physiological, and behavioral measures 

within a multimodal framework, the paper aims to contribute to a more differentiated 

understanding of TS. This design enables the analysis of how ND and NT individuals 

respond to digital stressors and provides a basis for designing more inclusive digital 

work environments. 

Background and Research Gap 

This section summarizes key concepts related to TS and neurodivergence, identifies the 

research gap addressed in this paper, reviews TS in digital workplaces, examines how 

neurodivergence influences information processing and stress responses, and highlights 

the need for a multimodal research approach. 
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Technostress in Digital Work Contexts 

Research on TS primarily originates from the fields of information systems (IS) and 

occupational psychology. Previous studies have identified core categories of technol-

ogy-related stressors, including techno-overload, techno-invasion, techno-complexity, 

and techno-uncertainty [1, 2, 4]. These stressors describe situations in which individu-

als experience excessive demands, blurred work–life boundaries, difficulties in using 

technologies, or constant technological change.  

More recent research suggests that traditional TS frameworks may not fully capture 

the evolving nature of digital work environments. Emerging stressors such as system 

unreliability or increased monitoring, or constant tool switching have been identified 

as additional sources of strain [8, 20]. In response, newer measurement approaches, 

such as the digital stressors scale (DSS), conceptualize TS as a multidimensional con-

struct that reflects a broader range of technology-related demands [21]. 

TS has been associated with a variety of negative outcomes, including cognitive 

overload, reduced job satisfaction, decreased performance, and health-related impair-

ments [1, 2, 4, 6]. It has also been linked to negative organizational outcomes, such as 

changes in work behavior and increased tendencies toward knowledge hiding [22]. Ex-

perimental research further indicates that digital stressors are associated with physio-

logical stress responses, including changes in heart rate variability (HRV), blood pres-

sure, and cortisol levels [15, 17, 18, 23, 24]. These physiological responses reflect ac-

tivation of the autonomic nervous system and provide objective indicators of stress.  

At the same time, digital technologies should not be viewed exclusively as sources 

of stress but can also function as supportive resources. Depending on their design, the 

context of use, and individual characteristics, digital technologies can be experienced 

as a supportive resource, for example, when they enhance autonomy or facilitate work 

processes [6, 7]. Concepts such as techno-eustress describe situations in which technol-

ogy use is experienced as motivating or performance-enhancing [6], while techno-relief 

refers to the potential of digital tools to reduce stress and support work processes [25]. 

In this context, digital technologies can act both as hindrance stressors (e.g., interrup-

tions, overload) and as challenge stressors (e.g., stimulating tasks, autonomy) [26].  

Given the multidimensional and context-dependent nature of TS, researchers have 

emphasized the importance of integrating subjective, physiological, and behavioral in-

dicators, as these may capture different but complementary aspects of stress [16, 27]. 

However, and to the best of our knowledge, such multimodal approaches have rarely 

been applied in a comparative context across different user groups. 

Neurodivergence and Stress Processing 

Alongside TS research, the concept of neurodiversity has gained increasing attention in 

organizational and information systems contexts. Neurodiversity refers to natural vari-

ations in how individuals perceive, process, and respond to information, including con-

ditions such as ADHD, autism spectrum conditions, and dyslexia [10–13]. Recent IS 

research also argues that neurodiversity should be considered more systematically be-

cause neurodiversity facets can influence cognition, emotion, decision-making, and 
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user behavior, and because ignoring such differences may reduce the inclusivity and 

explanatory power of IS research [28]. 

While neurodiversity encompasses a broad spectrum of conditions, this study fo-

cuses on selected forms of neurodivergence that are particularly relevant in digital work 

environments. Specifically, ADHD, autism spectrum conditions, and dyslexia are con-

sidered, as they are associated with differences in attention regulation, executive func-

tioning, and sensory processing that are highly relevant in technology-mediated work 

settings [29]. 

Prior research suggests that individuals with ADHD may experience difficulties in 

sustained attention, impulse control, and executive functioning, which can affect their 

ability to manage multiple tasks, maintain focus, and resist distractions in digital envi-

ronments [14]. Autism spectrum conditions are associated with differences in sensory 

processing and information filtering, which may increase sensitivity to environmental 

stimuli and contribute to sensory overload in complex or dynamic digital interfaces [14, 

30]. Dyslexia, characterized by persistent difficulties in reading and processing written 

language, may influence how individuals interact with text-intensive digital systems 

and increase cognitive effort in information processing tasks [14]  

These characteristics are highly relevant in digital work contexts and may lead to 

differences in subjective, physiological, and behavioral stress responses. For example, 

differences in attention regulation may be reflected in interaction patterns such as task-

switching frequency, response times, or error rates, while sensory sensitivity may in-

fluence visual attention and gaze behavior in complex interfaces [18].  

At the same time, workplace research highlights that ND individuals can contribute 

specific strengths, such as attention to detail, pattern recognition, or problem-solving 

abilities, particularly in supportive environments [10-13]. However, despite these in-

sights, quantitative and experimental research that directly compares ND and NT indi-

viduals in controlled digital work scenarios remains limited.  

Research Gap and Research Questions 

While prior research has provided valuable insights into TS and, separately, into neu-

rodiversity in the workplace, these research streams have largely evolved inde-

pendently. TS research has predominantly focused on NT populations, whereas neuro-

diversity research has mainly examined cognitive characteristics, inclusion, and work-

place strengths and challenges. As a result, there is limited empirical evidence on how 

ND and NT individuals differ in their perception of and response to digital stressors in 

work-related contexts.  

In addition, TS is increasingly conceptualized as a multidimensional and context-

dependent phenomenon. However, many studies focus on isolated aspects, such as self-

reported perceptions or individual physiological indicators. Although multimodal ap-

proaches have been proposed in prior research, they have rarely been applied to sys-

tematically compare ND and NT individuals in controlled digital work environments 

[27]. This is particularly relevant, as subjective perception, physiological activation, 

and observable behavior may diverge. 
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Furthermore, existing research is predominantly based on survey-based or cross-sec-

tional designs, while controlled experimental studies in realistic digital work scenarios 

remain limited. This constrains the ability to examine causal relationships and to com-

pare how different user groups respond to controlled digital stress conditions. 

Against this background, this study proposes a controlled experimental research de-

sign that systematically compares ND and NT individuals under controlled digital stress 

conditions. The design integrates subjective perceptions, physiological stress re-

sponses, and observable interaction behavior in a multimodal approach.  

Based on this approach, the following research questions (RQ) are proposed: 

• RQ1: To what extent do ND and NT individuals differ in their subjective perception 

of digital stressors in a controlled digital work scenario? 

• RQ2: To what extent do ND and NT individuals differ in their physiological stress 

reactions (heart rate, heart rate variability) under digital stress conditions? 

• RQ3: To what extent do ND and NT individuals differ in observable work and in-

teraction behavior under digital stress conditions? 

Methods 

To answer the proposed research questions, this section presents the methodological 

framework of the study. It describes the experimental design, participant selection, pro-

cedure, measurement approach, and planned data analysis. The aim is to provide a co-

herent and transparent description of how differences in TS responses between ND and 

NT individuals can be examined in a controlled setting. 

Research Design 

This paper proposes a controlled experimental research design to systematically inves-

tigate how ND and NT individuals perceive and respond to digital stressors. To capture 

group-specific and context-dependent effects, the design combines a between-subjects 

factor and a within-subjects factor. Neurodivergence (ND and NT groups) serves as the 

between-subjects factor, while participants complete different digital task types as 

within-subject conditions. 

This approach allows comparison of stress responses between groups, while also 

examining how the same individuals react across different digital work contexts. In 

addition, the use of two task types supports a more differentiated interpretation of re-

sults and improves the potential generalizability of the proposed design. 

An overview of the proposed experimental flow is provided in Figure 1. The proce-

dure consists of a baseline phase, a task phase with counterbalanced task order, an im-

mediate post-task phase, and a follow-up assessment capturing perceptions of digital 

stress in everyday work settings. 
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Fig. 10. Overview of the proposed experimental design 

Participants 

As shown in Fig. 1, the proposed study aims to include both ND and NT participants. 

ND status would be operationalized through self-report and would focus on forms of 

neurodivergence that are particularly relevant to digital work environments, including 

ADHD, autism spectrum conditions, and dyslexia. Because the study is concerned with 

work-related digital stress, the target sample should consist of adults who regularly use 

digital tools in work-related or closely comparable settings. 

Participants could be recruited through online channels, professional networks, and, 

where appropriate, university populations with relevant digital work experience. In ad-

dition to group membership, demographic and contextual information, such as age, 

gender, education and prior experience with digital tools, would be collected to account 

for potential confounding influences and ensure comparability between groups [31]. 

With regard to sample size, the proposed design should aim for at least 50 partici-

pants per group as a lower bound for meaningful group comparisons. Larger samples 

would be preferable to increase statistical power but may not be feasible within practi-

cal constraints. Because this paper presents a research design rather than an imple-

mented study, this number should be understood as a design-oriented benchmark rather 

than as a finalized recruitment target. 
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Experimental Tasks 

To approximate realistic digital work environments, the proposed design includes two 

experimental tasks reflecting different forms of digital interaction and stress exposure: 

 

Task 1: Structured task – Web shop scenario. The first task is a structured, goal-

oriented scenario based on a web shop environment. Participants are asked to complete 

a clearly defined task, such as placing an online order. During task execution, controlled 

digital stressors are introduced, including interruptions, changing requirements, system 

delays, temporary malfunctions or crashes, and time pressure. This task is intended to 

represent process-driven digital work with explicit goals and external constraints. 

 

Task 2: Unstructured task – Social media scenario. The second task is a more un-

structured and dynamic scenario based on a social-media-like environment. Partici-

pants perform loosely defined activities, such as interacting with content, writing short 

responses, maintaining a chat conversation, and switching between parallel activities. 

In contrast to the web shop task, this scenario is intended to reflect less structured digital 

environments characterized by continuous information flow, multitasking, and higher 

demands on cognitive flexibility. 

 

Across both tasks, TS is induced through experimentally controlled stressors embed-

ded in the digital environment, including interruptions, multitasking demands, time 

pressure, and system-related issues. This approach allows digital stress to be repre-

sented in a controlled yet ecologically plausible manner. 

To reduce potential order effects, the sequence of tasks would be systematically var-

ied across participants. One subgroup would start with the structured task and then 

complete the unstructured task, while the other subgroup would follow the reverse or-

der. This counterbalancing procedure is intended to minimize order effects such as fa-

tigue, learning, task familiarity, and potential carry-over effects between tasks. 

Procedure 

The following phases structure the experimental procedure and capture stress responses 

across baseline, task execution, post-task assessment, and follow-up self-report. To re-

duce expectation effects, participants are not explicitly informed that stress represents 

the main focus of the study. Instead, a neutral description of the experiment is provided 

to minimize anticipatory stress and potential response biases. 

 

Baseline Measurements Phase. The first phase would consist of a short baseline pe-

riod under resting conditions. During this phase, heart rate (HR) and HRV would be 

recorded to establish individual physiological reference values. In addition, participants 

would complete a brief pre-task questionnaire assessing their current condition, includ-

ing perceived energy level, sleep quality, recent physical activity, caffeine or nicotine 

intake, and medication use. This information is intended to document factors that may 

influence physiological stress responses independently of the experimental tasks. 



143 

 

Task Phase. In the second phase, participants would complete both experimental tasks 

in counterbalanced order. During task execution, physiological and behavioral data 

would be recorded continuously. This setup would allow stress responses to be exam-

ined in relation to specific task events, such as interruptions, delays, or system errors. 

 

Post-Task Phase. The third phase would consist of an immediate post-task assessment. 

Physiological recording would continue for a short period after task completion in order 

to capture short-term recovery processes. Participants would also complete a post-task 

questionnaire assessing perceived stress, task difficulty, and subjective experience dur-

ing the tasks. Following task completion, participants would be debriefed about the 

purpose of the experiment and given the opportunity to ask questions. 

 

Follow-up Assessment. In addition, the design proposes a follow-up self-report assess-

ment after a defined interval. This follow-up would include standardized TS-related 

instruments, such as the DSS [21], as well as semi-structured questions on how partic-

ipants perceive digital stress in their everyday work contexts. The purpose of this fol-

low-up is to complement the immediate laboratory-based assessment with a less situa-

tion-specific perspective on digital stress in daily work life. 

Measures 

To reflect the multidimensional nature of TS, the proposed design follows a multimodal 

measurement approach that integrates the following subjective, physiological, and be-

havioral indicators: 

 

Subjective stress. Subjective stress would be assessed at several points in time. Pre-

task measures would capture the participants’ initial condition before stress induction. 

Immediate post-task measures would assess perceived stress, task difficulty, and sub-

jective experience during the experimental tasks. In addition, the follow-up assessment 

would be used to capture more stable and context-related perceptions of digital stress 

in everyday work. For this assessment, standardized instruments such as the DSS [21] 

could be combined with Likert-scale items and selected semi-structured questions to 

capture subjective experiences more comprehensively.  

 

Physiological measures. Physiological measures would include HR and HRV, rec-

orded using a wearable chest-strap device. Measurements would be taken during base-

line, throughout task execution, and during the immediate post-task phase. Baseline 

values are important because they provide an individual physiological reference point 

and allow stress-related changes to be interpreted relative to each participant’s resting 

state. Physiological responses reflect activation of the autonomic nervous system and 

provide objective indicators of stress. In particular, HRV-based metrics such as the root 

mean square of successive differences (RMSSD) could be analyzed to capture short-

term variations in autonomic regulation, especially parasympathetic activity [32].  
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Behavioral data. Behavioral data are collected during task execution using interaction-

tracking methods, including mouse movements, click behavior, response times, and 

task-switching patterns. These measures help capture observable responses to digital 

stressors, such as increased hesitation, error-proneness, or inefficient interaction pat-

terns. If feasible, eye-tracking can be integrated to assess visual attention and cognitive 

processing during task performance. Metrics such as fixation duration and gaze transi-

tions provide additional insights into attentional strategies and cognitive load in com-

plex digital environments. 

Data Analysis 

The proposed data analysis follows the multimodal research design and integrates sub-

jective, physiological, and behavioral indicators. Group comparisons between ND and 

NT can be conducted using statistical methods appropriate for the mixed design, such 

as repeated measures analysis of variance (ANOVA), to assess within-subject effects 

across task types, between-group differences, and interaction effects between group 

membership and task condition. 

Physiological data can be analyzed relative to baseline values to assess changes in 

activation during the task phase and short-term recovery in the post-task phase. De-

pending on data structure and quality, mixed-effects models may be considered, partic-

ularly in the presence of repeated or unbalanced observations. 

In addition, correlation and regression analyses can examine relationships between 

subjective stress perception, physiological responses, and behavioral indicators, allow-

ing the evaluation of convergence or divergence between perceived and objectively 

measured stress responses. Such discrepancies are especially relevant in TS, where 

physiological activation, subjective appraisal, and behavior may not always align. 

Finally, exploratory analyses can consider whether contextual or individual varia-

bles, such as prior experience with digital tools, are associated with stronger or weaker 

stress responses. These analyses are exploratory rather than confirmatory and can serve 

as a basis for future research. 

Ethical Considerations 

The proposed study induces and measures TS in a controlled laboratory setting and 

therefore requires clear ethical safeguards to protect participants’ well-being and au-

tonomy. Participants would receive information on the procedure and measurement 

methods, provide written informed consent, and be free to withdraw at any time without 

disadvantage. 

Although the tasks are designed to induce digital stress, the procedure would remain 

within the range of typical workplace-related strain rather than excessive burden. Par-

ticipants would be monitored throughout the experiment, and the procedure would be 

stopped if signs of significant distress occur. After the study, participants would be 

debriefed and given the opportunity to discuss their experience. All collected data 

would be stored pseudonymously and used solely for research purposes in compliance 

with data protection regulations. 
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Discussion and Outlook 

This paper addresses the underexplored intersection of TS and neurodiversity by pro-

posing a controlled experimental research design that combines subjective, physiolog-

ical, and behavioral measures. The proposed design responds to three limitations in 

prior research: the limited integration of neurodiversity into TS research, the limited 

use of multimodal approaches in comparative studies across user groups, and the scar-

city of controlled experimental studies in realistic digital work contexts. 

By systematically comparing ND and NT individuals, the proposed design acknowl-

edges that digital stress should not be treated as a homogeneous phenomenon. Combin-

ing self-reports with physiological and behavioral indicators supports a more differen-

tiated understanding of stress responses, especially where perceived stress and objec-

tive indicators diverge. 

Several limitations must be acknowledged. First, the proposed design is based on a 

laboratory setting, which may reduce ecological validity compared to real-world work 

environments [33]. Second, ND groups are inherently heterogeneous, and the selected 

conditions cannot represent the full spectrum of neurodiversity. Third, the proposed 

sample size and recruitment feasibility may constrain practical implementation. 

Future research could extend this approach through field studies, larger and more 

differentiated samples, and the inclusion of contextual factors such as coping strategies, 

digital work experience, or workplace design. 

Conclusion 

Digitalization has fundamentally transformed modern work environments, while also 

introducing new forms of strain commonly described as TS. Within this research field, 

individual differences in how digital stressors are perceived and processed remain in-

sufficiently understood, particularly with regard to neurodiversity. Existing TS research 

has largely focused on neurotypical populations and has rarely combined subjective, 

physiological, and behavioral perspectives within a single design. 

To address these limitations, this paper proposes a controlled experimental research 

design that systematically compares ND and NT individuals under standardized digital 

stress conditions. By integrating structured and unstructured task scenarios with a mul-

timodal measurement approach, the design enables a differentiated analysis of stress 

responses across multiple dimensions. 

The key contribution of this work lies in explicitly linking neurodiversity to TS re-

search and demonstrating the importance of considering heterogeneous cognitive and 

sensory processing patterns when studying digital stress. The proposed approach high-

lights that TS should not be treated as a uniform phenomenon, but rather as a complex 

interaction between technological demands and individual characteristics. 

Future research can build on this design to conduct empirical studies, extend the 

approach to real-world work settings, and further explore how digital environments can 

be designed to support diverse user needs and promote more inclusive and cognitively 

adaptive workplaces. 
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Abstract. Why do some decision-makers respond to workplace discrimination 

with inclusive action, while others remain unaffected? Addressing this question 

requires moving beyond self-report to examine affective and physiological pro-

cesses underlying leadership decision-making. Grounded in Affective Events 

Theory, this study investigates whether discriminatory workplace scenarios trig-

ger affective and neural responses that influence decisions. Sixty participants 

viewed neutral or discriminatory workplace videos while multimodal neurophys-

iological signals, including electroencephalography, electrocardiography, and 

electrooculography, were recorded. They then performed hiring tasks assessing 

inclusive choices. Self-report analyses indicate differences between conditions, 

accompanied by autonomic effects. Ongoing analyses assess whether discrimi-

natory scenarios elicit stronger affective-interoceptive engagement, and whether 

these responses predict inclusive decision-making. By integrating brain-body 

measures with behavioral outcomes, we aim to provide a process-level view of 

inclusive decision-making and identify neurophysiological markers associated 

with it. These findings contribute to research on decision processes and inform 

future work on adaptive decision environments and bias-aware support systems. 

Keywords: Inclusive decision-making · Affective Events Theory · Multimodal 

neurophysiological assessment · EEG · ECG · EOG  

Introduction 

Decision-making in organizational contexts often involves evaluating socially and 

morally salient information [1]. Inclusive decision-making is shaped not only by can-

didate qualifications but also by how decision-makers process emotional cues that in-

fluence judgment and choice [2]. Such emotionally salient events may alter attentional 
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and evaluative processes, influencing how fairness considerations are integrated into 

later evaluations [3]. 

Despite these advances, most research on inclusive leadership and biased decision-

making relies on self-report measures [4, 5]. While informative, these approaches pro-

vide limited access to the real-time cognitive and affective processes through which 

workplace events shape decisions. Moreover, prior neurophysiological research has pri-

marily focused on economic exchanges, trust, or abstract risk paradigms [6], leaving 

open how affective responses to discrimination-specific workplace events influence 

subsequent organizational decisions. This limitation is critical because workplace dis-

crimination represents a socially and morally charged context in which affective re-

sponses are likely to influence fairness-related judgments and hiring decisions [7]. Ac-

cordingly, the present study addresses the following research question: To what extent 

do discriminatory workplace scenarios elicit affective and neurophysiological re-

sponses, and how are these responses related to subsequent inclusive hiring decisions? 

To address this question, the present study adopts a multimodal neurophysiological 

approach. Participants are exposed to video-based workplace scenarios depicting dis-

criminatory and neutral interactions while physiological responses are continuously 

recorded, including heart rate, heartbeat-evoked potentials, and blink-related EEG ac-

tivity. These measures are combined with subjective affect ratings and a subsequent 

hiring decision task.  

This study makes two contributions. First, it links real-time affective and physiolog-

ical responses to inclusive decision-making in organizational contexts. Second, it ex-

tends prior NeuroIS research by examining discrimination-specific stimuli, moving be-

yond abstract economic paradigms to more ecologically valid workplace settings.  

Related Work 

This study builds on work within the NeuroIS paradigm, which integrates neurosci-

ence tools to capture processes that individuals are unable or unwilling to report accu-

rately, including deep emotional and moral evaluations [6, 8]. Applied to affective and 

decision processes, this approach enables continuous, real-time measurement of re-

sponses as they unfold during task execution [6].  

Empirical work within the NeuroIS framework shows that neurophysiological sig-

nals capture underlying processes that influence decision-making in IS contexts. For 

example, Dimoka identified the neural correlates of trust in e-commerce decisions, link-

ing activation in the caudate nucleus, anterior paracingulate cortex, and orbitofrontal 

cortex to reward expectations, prediction of others’ behavior, and uncertainty in trans-

actions [6, 9]. Building on this foundation, more recent research demonstrates that neu-

rophysiological measures such as EEG and heart rate variability provide continuous, 

real-time indices of cognitive and affective states during decision-making. EEG studies 

show that variations in alpha and beta activity track working memory load and atten-

tional engagement in complex decisions [10], while higher vagally mediated HRV is 

associated with better decision performance, particularly under risk and uncertainty 

[11]. Together, these findings establish that both neural and cardiac signals capture af-

fective responses that exert measurable influence on decision behavior. 
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 At the level of specific physiological markers, prior work shows that heartbeat-

evoked potentials index affective-interoceptive processing [12], while heart rate reflects 

autonomic activation [13]. Attentional engagement during emotionally relevant events 

can be observed through ocular and electrophysiological indicators. Spontaneous blink 

rate and blink-related EEG activity are sensitive to sustained attentional engagement 

and cognitive workload under affective demands [14, 15]. Empirical work further 

shows that HEP dynamics vary with emotionally salient and arousal-related states and 

that emotional stimuli are associated with reduced blink rate. Affective arousal intensi-

fies evaluations and shapes subsequent judgments [16].  

Taken together, this study establishes that neurophysiological signals provide com-

plementary indicators of affective and attentional processes that influence decision be-

havior. However, existing studies have largely focused on economic exchanges, tech-

nology use, or abstract risk paradigms. Existing NeuroIS work has only examined to a 

limited extent how neurophysiological responses to discrimination-specific stimuli 

translate into inclusive or non-inclusive hiring decisions in organizational contexts. 

Theoretical Background and Hypotheses Development 

Drawing on Affective Events Theory (AET) [7], discriminatory workplace interac-

tions can be understood as affective events that trigger emotional appraisal, attentional 

shifts, and regulatory engagement during exposure. AET provides the overarching 

framework for the present hypotheses, explaining how workplace events elicit affective 

responses that shape subsequent evaluations and decisions. When perceived as viola-

tions of fairness and inclusion norms, such interactions may increase emotional salience 

and influence how fairness considerations are incorporated into later decisions [7]. 

These responses are reflected in physiological markers of autonomic arousal and atten-

tional engagement, including heart rate, heartbeat-evoked potentials, and spontaneous 

blink rate.  

  

H1: Exposure to discriminatory (vs. neutral) workplace scenarios will elicit greater 

neurophysiological arousal, indexed by elevated heart rate, modulation of heartbeat-

evoked potential, and reduced spontaneous blink rate. 

AET further posits that affective responses to workplace events influence subsequent 

judgments and behaviors [7]. Physiological arousal during affective events reflects the 

intensity of emotional appraisal and shapes how information is weighed in later evalu-

ations. Specifically, stronger autonomic and interoceptive responses indicate height-

ened event salience, while sustained attentional engagement reflects deeper processing 

of fairness-relevant information. Affective responses are central to fair decision-mak-

ing, with negative emotional reactions and associated arousal increasing the likelihood 

of norm enforcement behaviors such as rejection or punishment of unfairness [17, 18]. 

At the same time, affective engagement more broadly guides social decisions by in-

creasing the salience and weighting of fairness-relevant information, thereby promoting 

prosocial and compensatory choices [19]. In the context of discriminatory scenarios, 

stronger affective responses are therefore expected to increase the salience of fairness 

considerations and promote corrective, inclusive decision-making. 
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H2: Greater neurophysiological arousal during exposure to discriminatory work-

place scenarios will be positively associated with inclusive hiring decisions in the sub-

sequent task. 

While physiological markers capture the intensity of the affective response, subjec-

tive experience captures its evaluative quality, specifically how the event is appraised 

in terms of valence and perceived arousal. This distinction is important because valence 

reflects whether the event is perceived as a fairness violation and thus generates direc-

tional motivational pressure toward correction rather than mere activation. Within AET, 

the combination of negative appraisal and affective intensity determines both the direc-

tion and strength of the downstream behavioral effect. Accordingly, more negative va-

lence and higher arousal are expected to translate into more inclusive hiring choices. 

H3: More negative subjective valence and higher arousal in response to discrimina-

tory workplace scenarios will be positively associated with more inclusive hiring deci-

sions. 

Method 

Design and Participants 

The study employed a within-subjects experimental design with multimodal physi-

ological recording (EEG, ECG, EOG) to assess responses to workplace scenarios. This 

approach captures affective and attentional processes as they unfold in real time. By 

simultaneously recording cardiac, ocular, and cortical signals, the present design ena-

bles the assessment of distinct but complementary indices of autonomic arousal, inter-

oceptive processing, and attentional engagement.  

Participants first completed the Discrimination Sensitivity Task (DST) while physi-

ological signals were recorded following a baseline measurement. Following recording, 

they performed the Diversity-Inclusive Hiring Task (DIHT) to assess inclusive deci-

sion-making (Figure 1). EEG, ECG, and EOG signals were recorded continuously dur-

ing the DST, with heart rate, heartbeat-evoked potentials, and spontaneous blink rate 

derived as the primary neurophysiological indices corresponding to the study hypothe-

ses.  

60 participants took part in the study (M age = 32.26, SD = 7.28; 60.4% men, 39.6% 

women). Due to insufficient data quality, seven recordings were excluded from physi-

ological analyses, resulting in a final sample of 53. Participants reported an average of 

3.57 years of decision-making experience (SD = 4.41), and managed 3.74 employees 

(SD = 8.47), primarily in entry- to mid-level leadership roles.  

Prior to the laboratory study, the video stimuli were validated in two independent 

online surveys to ensure reliable differentiation between conditions. In the first valida-

tion, valence t(94) = 12.79, p < .001, d = 2.89, and arousal t(94) = −5.13, p < .001, d = 

-1.16, differed significantly between conditions. The 30 best-performing videos from 

each condition were revalidated (N = 96), replicating significant differences in valence 

t(96) = 17.46, p < .001, d = 3.86, and arousal t(96) = −7.88, p < .001, d = -1.74.  
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EEG (32-channel 10–20 layout; Brain Products LiveAmp) and ECG/EOG (BITa-

lino) were recorded and synchronized via the LSL with PsychoPy for stimulus presen-

tation and markers. Prior to task onset, a three-minute baseline recording (eyes 

open/closed) was obtained. Analyses will be conducted at the trial level. Neural, auto-

nomic, and ocular indices will be derived from continuous EEG, ECG, and EOG signals 

during the 10-second videos. These measures include blink-related (EOG) and heart 

rate (ECG) markers alongside EEG responses to discrimination-related stimuli.  

 

Tasks 

Discrimination Sensitivity Task (DST). The DST was designed to elicit affective and 

attentional responses to discriminatory workplace events while multimodal physiolog-

ical signals were recorded. Participants viewed 10-second videos depicting workplace 

interactions. The stimulus set comprised 60 videos (30 discriminatory, 30 neutral), each 

presented twice across eight blocks (15 trials per block). Video order was randomized 

across blocks to minimize habituation effects and order-related biases. Each trial began 

with a 500ms fixation cross, followed by a 10-second video during which neurophysi-

ological signals were recorded. After stimulus exposure, participants rated valence and 

arousal using the EmojiGrid [20] and completed three evaluative items assessing per-

ceived fairness and acceptability.  

 

Diversity-Inclusive Hiring Task (DIHT). After completing the DST and removing 

physiological recording devices, participants completed the DIHT. In this task, partic-

ipants selected one candidate from each of six pairs of candidate profiles for participa-

tion in a leadership development program. Across randomized pairs, profiles were 

matched on qualifications, professional experience, performance indicators, and lead-

ership potential. In four pairs, profiles differed in a single diversity characteristic (e.g., 

Figure 1: Overview of the experimental procedure: following a baseline recording (EEG, 

ECG, EOG), participants completed the DST, and then the DIHT. 



153 

 

gender), while two pairs were fully equivalent and served as controls. Profiles were pre-

validated to ensure comparable competence and suitability for the role. The DIHT op-

erationalizes inclusive decision-making as a behavioral choice under conditions of in-

formational equivalence. Because profiles are matched on all qualification-relevant di-

mensions, any systematic preference for or against candidates differing in a diversity 

characteristic reflects the degree to which diversity relevant information is incorporated 

into the selection decision. This candidate-selection paradigm provides a controlled and 

ecologically valid measure of hiring bias that moves beyond self-reported diversity at-

titudes, which are prone to social desirability inflation, by capturing actual behavioral 

choices. Selecting candidates from underrepresented or diversity relevant groups under 

conditions of matched qualifications reflects the integration of diversity relevant infor-

mation into the decision process and is therefore interpreted as an inclusive decision. 

To quantify perceived equivalence, a comparability index was computed based on the 

distance of ratings from the scale midpoint (3 = equally suitable), with higher values 

indicating greater similarity between candidates. The index indicated high equivalence 

(M = 0.75), suggesting candidates were generally perceived as similarly qualified. Pairs 

were randomized. 

Neurophysiological measures 

Physiological activity was recorded continuously during the DST. EEG (32-channel 

10–20 layout; Brain Products LiveAmp) was acquired at 1500 Hz, while cardiac and 

oculomotor signals were recorded using BITalino ECG and EOG sensors (1000 Hz). 

All data streams were synchronized via the Lab Streaming Layer (LSL) framework, 

with PsychoPy controlling stimulus presentation and sending event markers to ensure 

precise temporal alignment between physiological signals and experimental events. 

Three neurophysiological measures were derived in direct correspondence with the 

study hypotheses. Heart rate (HR), extracted per video segment from R-peak intervals 

detected in the ECG signal, indexes autonomic arousal in response to emotionally sali-

ent stimuli [13]. Elevated HR during discriminatory relative to neutral scenarios is in-

terpreted as heightened sympathetic activation, reflecting affective appraisal of the 

event. Heartbeat-evoked potentials (HEP), computed by time-locking continuous EEG 

activity to detected R-peaks and averaging across heartbeat epochs within each 10-sec-

ond stimulus window, index interoceptive awareness and the degree to which cortical 

processing integrates afferent cardiac signals [12]. HEP amplitude modulation is ex-

pected to covary with the perceived salience of the discriminatory event. Spontaneous 

blink rate (SBR), operationalized as the number of blinks per 10-second video window 

detected from the EOG signal, indexes sustained attentional engagement. Reduced SBR 

during discriminatory scenarios reflects the involuntary suppression of blinking under 

heightened attentional demand, indicating deeper processing of the discriminatory con-

tent [15]. 

EEG preprocessing will follow established pipelines including band-pass filtering 

(0.1–40 Hz), re-referencing to the average reference, and artifact correction using inde-

pendent component analysis. ECG data will be preprocessed using NeuroKit2, 
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including signal cleaning, R-peak detection, and artifact correction. Recordings with 

more than 50% missing samples will be excluded. 

Analysis Plan 

Analyses will be conducted at the trial level to capture brain–body responses as they 

unfold during stimulus exposure. Given the within-subjects design and the nested struc-

ture of repeated observations within participants, multilevel modeling will be used as 

the primary analytic framework, allowing physiological responses to be examined 

across conditions while accounting for individual variability. 

To examine condition differences in physiological responding (H1), neurophysio-

logical measures will be compared between discriminatory and neutral scenarios, with 

trial order retained as a covariate to account for potential habituation effects across re-

peated exposures. Baseline measures will be used to control individual differences in 

resting physiological tone. 

To examine the relationship between physiological responses and subsequent inclu-

sive hiring decisions (H2 and H3), aggregated physiological indices from the DST will 

be used as predictors of decision outcomes in the DIHT, alongside subjective affect 

ratings. This linking approach is designed to directly test whether affective and neuro-

physiological responses during exposure to discriminatory scenarios translate into more 

inclusive behavioral choices in the subsequent task. 

Subjective affective responses and neurophysiological measures will be analyzed in 

parallel to assess convergence across measurement modalities and evaluate the com-

plementary contribution of physiological indices relative to self-report data alone. Un-

like self-report measures, which are susceptible to social desirability and retrospective 

bias, physiological responses provide continuous, real-time indices of affective and at-

tentional processes as they unfold during stimulus exposure. 

Initial Results 

Self-reported affective responses were assessed using the EmojiGrid, yielding stand-

ardized signed measures of valence and arousal averaged within participants for neutral 

(NEU) and discriminatory (NEG) workplace scenarios. Discriminatory scenarios were 

rated as significantly more unpleasant (M = −0.144, SD = 0.061) than neutral scenarios 

(M = 0.058, SD = 0.047) and elicited higher arousal (NEG: M = 0.072, SD = 0.089; 

NEU: M = −0.005, SD = 0.070). Paired-samples t-tests confirmed robust condition dif-

ferences for both valence, t(52) = −35.77, p < .001, d = -3.02, and arousal, t(52) = 6.92, 

p < .001, d = 0.96. These results indicate that the video stimuli successfully differenti-

ated between neutral and discriminatory workplace scenarios and elicited distinct af-

fective responses during stimulus exposure. 

Physiological responses were analyzed at the stimulus level to capture brain–body 

responses to discrimination-related events. ECG data were preprocessed using Neu-

roKit2, including signal cleaning, R-peak detection, and extraction of heart rate and 

time-domain HRV indices. Trials with fewer than five R-peaks or durations shorter 

than seven seconds were excluded. Mean heart rate (HR) and HRV indices (MeanNN, 
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RMSSD) were computed per stimulus and normalized within participants. Preliminary 

analyses indicated a trend toward higher heart rate during discriminatory scenarios 

compared to neutral scenarios, t(52) = −1.93, p = .060, d = 0.27, accompanied by lower 

MeanNN, t(52) = 1.89, p = .065, d = −0.25. No difference was observed for RMSSD, 

t(52) = −0.32, p = .752. As analyses are ongoing, these findings should be considered 

preliminary. The observed pattern suggests modest autonomic modulation during ex-

posure to discriminatory workplace scenarios. Further neural analyses will clarify 

whether brain–body responses during stimulus exposure relate to downstream inclusive 

decision-making in the hiring task. 

 

 

 

Discussion 

The initial results confirm that the experimental paradigm successfully differentiates 

between neutral and discriminatory workplace scenarios. Discriminatory interactions 

were rated as more unpleasant and arousing than neutral scenarios, supporting their 

characterization as affective events within the AET framework and indicating that the 

video stimuli reliably evoke distinct affective responses. Preliminary autonomic anal-

yses suggest modest physiological engagement during exposure to discriminatory con-

tent. Although these effects remain trend-level and require further validation through 

complete multimodal analyses, their direction is consistent with the expected increase 

in autonomic arousal under affective load, providing initial evidence that discrimina-

tory workplace events may elicit measurable brain–body responses during stimulus ex-

posure. 

Figure 2: Mean Valence and Arousal Ratings by Condition (Neutral vs. Discriminatory Sce-

narios). 



156 

 

Situated within the broader NeuroIS literature, these preliminary findings extend 

prior work into a domain that has received little empirical attention. Empirical research 

has shown that neurophysiological signals capture cognitive and affective processes 

underlying decision-making in IS contexts. Foundational studies have identified neural 

correlates of key decision variables, such as trust in e-commerce, where Dimoka [9] 

linked activation in trust- and distrust-related regions to evaluative judgments in trans-

actions. More recent work demonstrates that measures such as EEG and heart rate var-

iability provide real-time indices of internal states and are increasingly integrated into 

decision-support systems. The present study applies a comparable logic to a qualita-

tively different domain: socially and morally charged workplace interactions. The shift 

from abstract economic or technological paradigms to naturalistic video-based discrim-

ination scenarios represents a meaningful extension of the NeuroIS evidentiary base 

into organizational contexts where affective responses are likely to carry direct conse-

quences for fairness-related decision outcomes. 

The multimodal design, combining EEG, ECG, and EOG during video-based work-

place scenarios, demonstrates the feasibility of recording concurrent physiological sig-

nals during exposure to dynamic, ecologically grounded stimuli. This represents a 

methodological contribution to the NeuroIS toolkit, though one that should be under-

stood as an early step rather than a complete framework. At this stage, full multimodal 

integration at the analytical level has not yet been implemented. Autonomic and ocular 

signals are currently conceptualized as complementary sources of information that can 

help contextualize and situate neural responses measured with EEG, with systematic 

cross-signal analyses planned for subsequent work. 

In subsequent analyses, ECG and EOG signals will be integrated with EEG measures 

to provide a more comprehensive account of autonomic and attentional dynamics dur-

ing stimulus processing. This integration will allow examination of whether discrimi-

natory workplace scenarios elicit patterns of physiological responding consistent with 

affective differentiation between conditions and, critically, whether those responses 

predict inclusive hiring behavior in the subsequent task. More broadly, the paradigm 

provides a basis for future research investigating how physiological responses during 

exposure to socially salient workplace events relate to downstream organizational de-

cisions, an area that remains underexplored in the NeuroIS literature. 
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Abstract. Mental fatigue is increasingly common in digital environments. At the 

same time, wearable EEG devices embedded in headphones enable real-time de-

tection of mental fatigue, creating new opportunities for adaptive systems. How-

ever, user-centered requirements for biosignal-based fatigue-adaptive systems re-

main largely unexplored. To address this gap and derive design implications, we 

conducted 15 laddering interviews with knowledge workers across three scenar-

ios: individual work, remote meetings, and online shopping. Results show that 

users value fatigue mitigation, decision support, privacy, and autonomy. Effec-

tive systems should provide context-sensitive suggestions, unobtrusive notifica-

tions, and transparent data handling to support performance and well-being. 

 

Keywords: Mental Fatigue, Adaptive System, EEG, Wearables, Interview Study 

Introduction 

As information technology has become ubiquitous, the demands it poses, such as 

greater availability of information and constant reachability [1–3], have put additional 

strain on our cognitive resources. As a result, considerable parts of the working popu-

lation report suffering from mental fatigue [4, 5]. Mental fatigue occurs after prolonged 

periods of engaging with cognitively demanding tasks. It is characterized through de-

creased performance, lapses in concentration, and reduced mental well-being [4]. For 

professionals in safety-critical areas like healthcare personnel, this puts human safety 

at risk [6], whereas for knowledge workers more generally, economic damage and long-

term health risks like burnout are possible consequences [7]. Outside of work, mental 

fatigue can also affect daily life, e.g., by negatively impacting physical performance [8] 

and the ability to participate in social activities [9]. 

Mental fatigue can be passively assessed with neurophysiological data, electro-en-

cephalography (EEG) being the most established method [10]. When combined with 

suitable machine learning algorithms, this allows for real-time insights [11]. Together 

with advances in wearable sensing devices, which facilitate the setup and use of EEG 

compared to traditional, clinical systems [12, 13], this opens the door for biosignal-

adaptive systems [14] which can be used in real-world settings. Concretely, headphone 

mailto:michael.knierim%7d@kit.edu
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EEG has shown potential for wearable cognitive load [15], flow [16] and mental fatigue 

[17] detection. However, user-centric design requirements for EEG-based fatigue-

adaptive systems remain largely unexplored. As pointed out by Kögel et al. [18], the 

vast majority of brain-computer-interface-related studies either focus on the technical 

aspects of these systems or use quantitative data to assess the user perspective. Quali-

tative studies addressing the needs and expectations of potential users in knowledge 

work settings are lacking, with the few existing studies limited to the clinical domain 

[19, 20]. As such EEG-based systems will play a prominent role in the user's work and 

leisure activities, potentially influencing their behaviour and prompting self-reflection 

and interoception, it is important to consider the user perspective when designing these 

systems to avoid friction and promote system acceptance. Furthermore, even though 

several mental fatigue mitigation strategies have been proposed [21] which mainly 

function through cognitive load reduction [22] and motivation increases [23], these 

strategies have thus far not been linked to biosignal-adaptive systems. Which interven-

tions such systems should perform, how, and in which context, has so far not been 

studied. Thus, we pose the following research question: 

RQ: How to design mental fatigue-adaptive systems based on headphone EEG data 

across knowledge work and leisure contexts? 

To answer this question, we conducted 15 laddering interviews across three different 

contexts – individual knowledge work, remote meetings, and shopping under pressure 

– deriving design implications and proposing how such a system could function in dif-

ferent contexts. 

Conceptual Foundations 

In  EEG data, the power of the theta (4-8 Hz) and alpha (8-13 Hz) wavebands and 

their ratios are seen as reliable markers of mental fatigue [10, 24]. As these frequency 

ranges are associated with an awake yet unfocused brain state [25], rising theta and 

alpha power during cognitively demanding tasks indicates increasing mental fatigue 

[24]. Importantly, global changes in these bands, rather than region-specific effects 

alone, are sufficient for detection [10], enabling mental fatigue measurement even with 

low spatial coverage setups such as headphone EEG.  

Recently, there have been several publications in the NeuroIS community concerned 

with biosignal-adaptive systems that trigger adaptations based on the user’s cognitive 

state and behavior, thus offering timely and situational support. Systems capable of 

adapting the responses of genAI assistants [26] and suggesting breaks in remote meet-

ings [27] based on cognitive load, assessed through EEG and eye tracking, have been 

proposed. Further proposed systems include gaze-based trust building in remote meet-

ings [28], and visual complexity adjustments in Virtual Reality environments, where 

EEG is used to assess attention [29]. Most pertinently, an EEG-based mental fatigue 

alert system for drone operators has been developed [30]. However, the aim of this 

system is increased performance rather than fatigue mitigation. Furthermore, the 64-

channel EEG setup which was used is unsuited for everyday scenarios.  

So, even though mental fatigue detection in everyday situations is possible through 

headphone EEG and cognitive state-adaptive systems are being developed, a user-led 
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study on how a mental fatigue-adaptive system should be designed is lacking.  

Methodology 

Laddering Interviews. We conducted laddering interviews to elicit Attribute–Con-

sequence–Value (ACV) chains by repeatedly asking “why” questions to uncover un-

derlying user values [31]. Laddering is commonly used to guide the design process for 

information systems [32]. To ensure scalability and structure, we used Ladder-

Chat [33], a conversational agent that guides participants through hard laddering se-

quences with interactive probing. Participants completed three separate chat sessions, 

one per scenario, allowing systematic comparison of consequences and values while 

maintaining contextual separation. Participants were sent a link to the study and com-

pleted it remotely, with interviews lasting 39 minutes on average. Before the interview 

started, participants were informed about the purpose of the study, as well as the lad-

dering interview technique, and gave their consent. At the start of the interview, partic-

ipants were confronted with short descriptions for each scenario and were asked to rank 

the scenarios in order of importance to them. This ranking would then dictate the order 

of scenarios for the interview. The placeholder order was always: individual work, re-

mote meeting, online shopping. 

Scenarios. Two knowledge work settings (mentally demanding individual tasks; 

large, remote meetings without active participation) and one leisure setting (purchasing 

an expensive product online under time pressure) were considered.3 Prior research 

shows that cognitively demanding office work and technology-mediated collaboration 

induce mental fatigue and impair performance and well-being [24, 34–37]. Although 

less studied, time pressure and information overload have also been shown to nega-

tively affect decision-making in shopping [38, 39]. Including three distinct scenarios 

from work and leisure settings serves multiple purposes. Although all three contexts 

involve mental fatigue, they differ in terms of task type (e.g., open-ended cognitive 

work vs. structured decision-making), social embeddedness (e.g., individual vs. collab-

orative), and duration of fatigue exposure (e.g., sustained effort over varying time spans 

vs. short-term pressured choices). By spanning work and leisure domains, we aim to 

identify design implications that are universal to fatigue-adaptive systems, as well as 

those that are highly context-dependent. In all three scenarios, participants imagined 

wearing EEG headsets that detect mental fatigue while performing activities. Partici-

pants were asked to describe the desired system functionality and underlying reasons 

for their choices in each scenario. When prompted about system requirements in the 

different scenarios, participants were not limited in the amount of ideas they could con-

tribute, even if the ideas were very different from one another. Therefore, the ideas did 

not need to build on one another or be implementable simultaneously.  

Participants. 15 knowledge workers (9 male, 6 female; age 20–35, M = 27) partici-

pated in the study. The majority held a Master’s degree (n = 11); others held a Bache-

lor’s degree (n = 2) or completed secondary education (n = 2). Professions included 

 
3 The scenario descriptions, an exemplary chat excerpt and an ACV tree are uploaded to: 

https://osf.io/xte5u/overview?view_only=47a96443b4834ee98c44e13dc7605626   

https://osf.io/xte5u/overview?view_only=47a96443b4834ee98c44e13dc7605626
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researchers (5), IT professionals (4), consultants (3), and student assistants (3). Partici-

pants were recruited through convenience sampling and include researchers and student 

assistants from the authors’ institutions. No monetary incentive for participation was 

provided. Table 1 gives an overview of the participants’ demographic information, 

along with their stated scenario priorities. 

Table 1. Participant preferences for scenarios along with demographic information. 

ID 
Prio 

1 

Prio 

2 
Prio 3 Age 

Gen-

der 
Occupation 

P1 I* M** S*** 30 m Researcher 

P2 I M S 26 m Researcher 

P3 M I S 27 m IT 

P4 I M S 28 m Researcher 

P5 I M S 27 f Researcher 

P6 I S M 31 m 
Research As-

sistant 

P7 I S M 22 f 
Research As-

sistant 

P8 I S M 27 f 
Research As-

sistant 

P9 M S I 35 f Researcher 

P10 I M S 26 f IT 

P11 I M S 27 m Consultant 

P12 S I M 24 m IT 

P13 S I M 20 m Consultant 

P14 I M S 26 f IT 

P15 S M I 22 m Consultant 

* I = Individual Work, **M = Meeting, ***S = Shopping (Placeholder order was I-M-S) 

 

Analysis. After manually verifying LadderBot’s automated matrices and ACV 

chains, three researchers iteratively coded the data to derive design implications. First, 

a codebook was developed from three joint analyses. The remaining interviews were 

then independently coded by scenario.  Themes were regularly refined to ensure con-

sistency. 

Mental Fatigue-Adaptive Systems for Work and Life 

Utilizing the ACV model inherent to laddering interviews, we first discuss the attrib-

utes for the different scenarios mentioned by interviewees (see Table 2 for an over-

view). Afterwards, the underlying benefits these attributes provide and which goals 
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they satisfy – as extracted from the consequences and values – are considered (see Table 

3 for an overview). Finally, we derive design implications and propose how the system 

should function in different contexts. It should be noted that multiple attributes, conse-

quences and values were extracted per interview, meaning that multiple, sometimes 

contradictory views could be expressed by each participant.  

Attributes 

Individual Work. The most frequently mentioned attribute was a break suggestion 

(P1, P2, P4-P7, P9-P12, P14, P15), including recommendations for both break length 

(P7) and activity (P14), expressing a strong desire for immediate mental fatigue reduc-

tion. In contrast, some participants preferred maintaining workflow by blocking inter-

ruptions instead of pausing to improve focus (P2, P8, P10). Others suggested recom-

mending less demanding tasks (P1, P14) or agentic AI support for task completion 

(P11). Interoceptive features such as visualizing fatigue history (P12) and productivity 

comparisons over time (P9, P12) were also mentioned. Regarding implementation, par-

ticipants emphasized low visual prominence and infrequent notifications (P1, P3, P5, 

P6, P8), user control over interventions (P7), and privacy-preserving design (P5, P13). 

 

Remote Meetings. As in the previous scenario, the most frequently mentioned at-

tribute was a break suggestion (P3, P5, P9, P10), proposing short pauses with concrete 

recovery guidance. Three participants (P1, P5, P11) emphasized early warnings so the 

system would intervene before fatigue negatively affects them. Regarding implemen-

tation, three participants preferred discrete notifications (P5, P9, P11), whereas P7 

asked for an obvious and short alert. Three participants (P4, P14, P15) suggested basing 

the mechanism on the fatigue states of all participants, with P14 and P15 proposing 

group-level warnings. Privacy concerns were raised by P4 and P14, and P4 requested 

that the system explicitly displays the current fatigue state. As alternatives to interrup-

tion, two participants (P8, P12) proposed automatically generated transcripts or sum-

maries, while P7 suggested keyword detection to notify users when relevant topics 

arise. Finally, P13 proposed automatically logging off and notifying the team. 

 

Shopping under Pressure. In the shopping context, most participants wanted the sys-

tem to provide relevant product information, particularly technical details, prices, re-

views, and delivery times (P4, P7, P8, P10, P12). The second most-mentioned attribute 

was getting competent advice (P11, P13-P15) or guidance in general to speed up the 

process (P9, P13, P15). Three participants specifically asked the system to detect their 

preferences and provide personalized recommendations (P3, P7, P13). Three other par-

ticipants wanted the system to show a selection of relevant products, potentially with 

underlying product comparisons (P7, P10, P12). More simple measures included play-

ing calming background music (P15) or providing a warning about the mental fatigue 

state (P2). With regards to how the adaptations should be designed, it was mentioned 

that mental fatigue should not be abused to encourage impulsive buying but rather take 

measures to reduce it (P1, P4, P8). The system should act unbiased (P11) and be im-

plemented as an open-source system (P1) to ensure that the system transparently helps 
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users, rather than following revenue-maximizing goals. 

 

Table 2. Overview of identified attributes per scenario. 

Individual Work Remote Meetings Shopping Under Pres-

sure 

Break suggestion - 

Discrete notifications - 

Privacy-preserving design - 

- Early warnings 

Block interruptions Short, prominent notifi-

cations 

Provide product infor-

mation 

Fatigue-adapted task rec-

ommendation 

Meeting-wide fatigue 

mechanism 

Give personalized advice 

AI task support Group-level fatigue 

warnings 

Find selection of relevant 

products 

Show fatigue history Generate meeting sum-

maries 

Calming background mu-

sic 

Show productivity level Display current fatigue 

state 

Don't encourage impulse 

buying 

User control over system Keyword detection for 

relevance notification 

Unbiased system 

- Automatically log off 

from meeting 

Open-source system 

Consequences & Values 

Across all three scenarios, participants consistently linked fatigue detection and re-

duction to improved performance and well-being (e.g., P1, P13). Fatigue reduction was 

broadly associated with higher productivity and better decisions (e.g., P2, P7, P15), 

improved mood and reduced stress (e.g., P2, P11, P14), and broader mental health ben-

efits (e.g., P3, P12, P13). Moreover, autonomy-related values emerged across contexts: 

participants emphasized retaining freedom of action (P5, P6), decision autonomy (P4), 

and increased control and confidence (P8, P9, P10, P14, P15). Trust in the system and 

concerns that it should not become burdensome were also raised (e.g., P4, P6, P11). At 

the same time, clear contextual differences appeared. In individual work, self-aware-

ness and longer-term flourishing, such as improved well-being and living a happy life 

(e.g., P4, P11, P13), were emphasized. In remote meetings, fatigue was primarily con-

nected to social functioning, including being an active, reliable team member and 

avoiding social awkwardness (e.g., P7, P9, P10, P11, P15). In shopping, consequences 

were more utility-oriented, emphasizing time value, financial benefits, and long-term 

satisfaction (e.g., P1, P7, P12, P14, P15). 
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Table 3. Overview of identified consequences and values per scenario. 

Individual Work Remote Meetings Shopping Under Pres-

sure 

Improved performance 

Improved well-being 

Higher productivity 

Improved decision making 

Improved mood 

Reduced stress 

Retain freedom of action 

Retain decision autonomy 

Improve confidence in actions 

Trust in system 

No burden through system 

Increase self-awareness Being a reliable team 

member 

Being time efficient 

Long-term personal 

growth 

Avoiding social awk-

wardness 

Financial benefits and 

purchase satisfaction 

 

Design Implications and System Functionality 

Deriving design implications from the ACV chains analysed above, we propose how 

a mental-fatigue adaptive system should function in different contexts. Concerns that 

the system itself should not be burdensome support the planned use of EEG headphones 

to collect data discreetly and continuously. The fatigue state is then determined through 

user-specific machine learning models with relative power of pertinent frequency bands 

and their ratios as input. If mental fatigue is detected, the system adapts contextually. 

In work settings, the system should primarily suggest breaks, tailoring timing, dura-

tion, and activity to fatigue level and task demands. During individual work, it should 

additionally block irrelevant interruptions and offer task-related support (e.g., agentic 

AI assistance). In remote meetings, fatigue states of all participants – if available – 

should inform coordinated interventions, while individual support may include auto-

mated summaries or keyword-based alerts. In the shopping scenario, in which partici-

pants were presented with an explicit decision-making task under time pressure, the 

most desirable category of adaptation measures was found to be more efficient and 

effective goal facilitation, which involves providing information, personalized recom-

mendations, and decision support to reduce cognitive demands and indirectly mitigate 

fatigue. However, this finding likely reflects the scenario's framing of decision-making 

and should not be considered a general principle for all leisure contexts. In any case, 
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our findings clearly suggest that although the values and motivations for using such 

systems are similar across all three scenarios, the desired measures depend heavily on 

the fatigue-inducing situation and differ more strongly between related and unrelated 

activities (e.g., work vs. leisure). 

Across contexts, notifications should be clear yet unobtrusive, favoring false nega-

tives over false positives. Interventions must remain suggestions to preserve user au-

tonomy. Data privacy must be ensured, with no sharing to external parties. 

Discussion and Outlook 

Our findings indicate that users perceive mental fatigue-adaptive systems as helpful 

for supporting their work and everyday life activities. However, participants empha-

sized that interventions should remain suggestions rather than enforced actions. Prior 

research has already pointed to the importance of maintaining user control, for example 

by allowing users to override system behavior or by framing adaptations as optional 

rather than enforced [27, 28]. Similarly, concerns regarding privacy and transparency, 

also emphasized in prior work [27, 28], were prominent in our findings, with partici-

pants stressing the need for responsible data handling and control over personal infor-

mation. Our results further highlight the importance of context in shaping how support 

should be operationalized, extending prior work that typically focuses on one context 

[30]. In work settings, participants preferred fatigue mitigation, e.g. through break rec-

ommendations, whereas in the shopping scenario users valued decision support. These 

differences highlight the importance of designing adaptive systems with careful con-

sideration of the specific context. At the same time, general user values remained 

largely consistent across settings, like the goals of performance, well-being, and main-

taining a sense of control.  

This study contributes to research and practice in two ways. First, it provides empir-

ical insights into user requirements for mental fatigue-adaptive systems across multiple 

contexts, extending prior work that has largely focused on single scenarios. By showing 

that user preferences vary not only between individuals but also across contexts, our 

findings highlight the need for future research to explicitly account for contextual var-

iability when studying adaptive systems. Second, the study derives concrete design im-

plications for practice, emphasizing that effective systems should provide context-sen-

sitive support while preserving user autonomy and ensuring transparent, privacy-pre-

serving data handling. Together, these insights offer a foundation for designing and 

evaluating user-centered fatigue-adaptive systems in real-world settings. 

The proposed system functionality offers a foundation for developing and empiri-

cally testing such systems in real-world settings. Future research can build on this by 

evaluating the identified design implications in larger and more diverse samples and by 

further analyzing the detailed ACV chains. Overall, this paper provides an initial over-

view of shared and context-specific patterns and outlines promising directions for the 

design of mental fatigue-adaptive systems. 
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Abstract. This study investigates the impact of the framing bias on financial au-

ditor behavior during the identification and diagnosis of audit evidence indicative 

of aggressive financial reporting. Specifically, we investigate the visual behav-

iors of susceptible auditors vs. non-susceptible auditors during a simple audit 

task. We test our predictions using eye-tracking, in a controlled experiment where 

participants are tasked with performing an audit of financial reporting in an Audit 

Management Information System (AMIS). Results show that susceptible auditors 

exhibit higher total duration of fixations associated with ineffective detection for 

target information. By identifying the visual attention differences of susceptible 

and non-susceptible auditors, we elucidate how the framing bias may influence 

auditor performance. 

Keywords: Eye-tracking·Financial Auditing·Framing Bias 

Introduction 

Audit management information systems (AMIS) are essential to the performance of 

audits [1, 2]. In spite of the increased awareness of the detrimental effects of cognitive 

biases on auditors’ decisions, recent studies show that some auditors still remain sus-

ceptible to them [3]. In this study, we seek to elucidate the visual behavior of auditors 

susceptible to the framing bias in the performance of a simple audit task in an AMIS. 

The framing bias has been identified to be an important bias in auditing due to its pos-

sibility of leading to an increase in the risk of error regarding ongoing judgment [4]. An 

accurate understanding of the visual behavior associated with the framing bias could 

eventually help design better choice environments in an AMIS by attracting auditors’ 

attention to salient items in a predictable way by means of nudges [1]. 

A framing bias occurs when a modification in the description of a task, which does 

not alter its normative meaning, changes the decision that is made [5]. The framing 

effect is thus characterized by inconsistencies in decisions across tasks which remain 

fundamentally unchanged. In auditing, studies carried out concerning the framing bias, 

mailto:prince.teye@univ-lyon3.fr
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primarily focus on its existence, effects, or debiasing techniques [6]. Again, cognitive 

biases in auditing are generally studied in the context of complex tasks since these tasks 

are associated with a higher risk of error. Consequently, decisions related to simple 

audit tasks remain largely unexplored [7]. From a practical standpoint, investigating 

simple audit tasks is necessary since novice auditors begin their practice with such 

tasks. Furthermore, an audit mission is generally composed of both simple and complex 

tasks making it impractical to overlook simple tasks.  

The main objective of this study is to explore the differences in the attentional char-

acteristics associated with the framing bias in a simple aggressive reporting detection 

task. In order to highlight this difference, we use eye-tracking technology. Aggressive 

financial reporting is the use of optimistic projections in the accounting standards to 

create financial statements that present a more positive outlook of a company than is 

actually the case. These actions are taken to give the investment community a falsely 

enhanced view of a business, or for the personal gain of management [1].  

Our research offers two major contributions. From a theoretical standpoint, this 

study fills the gap of understanding the psychological construct associated with biased 

auditors behavior during the identification and diagnosis of audit evidence indicative 

of aggressive financial reporting. With the rise of remote work spurred by the recent 

COVID-19 pandemic, audits have largely shifted from mostly hardcopy materials to 

digital trails. Thus, the importance of understanding the traits of a skeptical auditor as 

per his attention measured with his eye movements on digital platforms cannot be over-

stated. In doing so, this paper responds to the call by Lynch and Andiola [8] for the 

application of eye-tracking in accounting and auditing research. Second, from a practi-

cal standpoint, this paper underscores the need, in the pursuit of high quality audits, to 

understand the cognitive profiles of individual auditors. Audit managers and seniors 

should be guided by the effect of the framing bias on novice professionals and collab-

orate with UX developers to elaborate AMIS interfaces best suited for different profile 

categories.  

Prior Research and Hypotheses Development 

     The study of cognitive biases originates from the field of psychology [5, 9]. In 

adapting these studies to the auditing domain, Shanteau [10] delineates three ap-

proaches: replication studies (accurate reproduction of the original studies using audi-

tors as subjects), adaptation studies (spin-offs from the original studies but concepts 

modified to reflect accounting/auditing issues), and problem-driven studies (exclu-

sively focused on accounting/auditing issues, differing methodologically from original 

studies and not considered as spin-offs). In auditing, most papers relating to cognitive 

biases focus on adaptation studies, and problem driven studies hence not much is known 

from the replication standpoint [11, 12]. In view of this gap in the literature, we employ 

a replication approach of the original studies of cognitive biases in order to identify the 

level of susceptibility of auditors. Furthermore, an advantage of a replication approach 

is that it is more faithful to the original concept of the framing bias and has a wider 

applicability. Again, the replication study adopted in this research is better suited to a 



 

 

more enduring trait form of the bias compared to a temporary situational form which is 

reflected in the majority of adaptation studies [4, 6]. Consequently, we formulate the 

following hypothesis: 

H1 Auditors are susceptible to the framing bias 

 

     Eye-tracking literature indicate that, on average, ineffective searches of target in-

formation are correlated with a higher number of fixations of the stimulus, and that 

erroneous detections of target information are associated with longer and more frequent 

fixations [13, 14]. Again, the possibility for successful detection decreases with time, 

which could be due to cognitive resource depletion through stimulus encoding pro-

cesses [15, 1]. Auditing research suggests that the framing bias is associated with poorer 

risk assessments and inefficient hypothesis activations [4, 16, 6]. Given that the framing 

bias leads to poorer outcomes in auditing, we argue that in eye-tracking terms, it may 

lead to ineffective searches for target information characterized by a higher number of 

fixations. This may further lead to a depletion of cognitive resources. Consequently, we 

hypothesize the following: 

H2 The framing bias is associated with a higher total duration of fixations 

H3 The framing bias leads to a poorer detection of aggressive financial reporting 

items 

Research Method 

     We conducted an experiment with 40 novice professional financial auditors with 

work experience ranging from 3 months to 1 year. The use of novices for this study is 

justified as a result of various studies indicating a higher susceptibility of novices to 

cognitive biases compared to their more experienced counterparts [12, 17]. Further-

more, novices are more likely to perform simple tasks. The experimental design was 

approved by the Institutional Review Board. 

Research Design and Protocol 

     In order to confirm our hypotheses, we conducted a computerized test in which 

we tasked our participants with examining pieces of audit evidence adapted from Phil-

lips [18, 19]. Participants undertook the test in the laboratory; they first had to read and 

accept the terms and conditions of participating. Subsequently, participants read the 

instructions for the audit exercise, which required them to undertake a self-paced re-

view of audit evidence about a fictitious company. The instructions for the audit exer-

cise were preceded by background information about the company and key information 

about the audit, such as the level of materiality and the accounting year. 

     Consequently, each participant had to inspect, in the fictitious interface of an 

AMIS, 6 pieces of audit evidence emanating from 6 distinct accounts in the financial 

statements. The order of appearance of the audit evidence was fully randomized. Of the 

6 items, 2 were aggressive. After having examined all the 6 items of the audit evidence 

at their own pace, participants manually moved to the next page where they performed 

a free recall task which involved the identification of the audit items adjudged 
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aggressive. Given that this research is focused on simple, low mental effort tasks, we 

take steps to control the level of difficulty. As recommended by Brosnan et al [20], we 

take the following steps: we remove superfluous survey questions, we use short sen-

tences and simple language, and we avoid technical terms. 

     After that, the Hurtt professional skepticism scale (HPSS) was administered. The 

Hurtt scale measures ex ante an individual’s level of trait professional skepticism [21]. 

Professional skepticism is an attitude that includes a questioning mind, being alert to 

conditions which may indicate possible misstatement due to error or fraud, and a critical 

assessment of evidence [19, 21]. Following this, participants took the test relating to 

the framing bias. 

     The material for the framing bias was obtained from Tversky and Kahneman [22] 

on the framing of acts. This task manipulates risk aversion by presenting two frames 

which indicate two decisions to be made. The first decision  point is framed as a riskless 

prospect whereas the second decision is framed as a risky prospect. Individuals exhib-

iting inconsistent preferences across frames, and at odds with expected marginal utility 

are susceptible to the framing bias [22]. Furthermore, the choice of our material in this 

study is as a result of its robustness to alterations in contextual environments [23]. Sub-

sequently, we collected demographic data for control purposes. 

     The independent variable is the framing bias while the dependent variable is the 

auditors’ accurate detection of aggressive financial reporting items. HPSS, and prior 

experience in related experiments are control variables. The eye-tracking metric is the 

duration of fixations. In this study, the total duration of fixations is the total length of 

time of fixations of a participant on all the six AOIs, and it is a proxy for cognitive load, 

and processing levels [24] 

Apparatus and Measures 

     Eye-tracking (Tobii pro nano) was used to gather the behavioral measures 

throughout the experiment, at a sampling frequency of 60 Hz. The total duration of 

fixations were gathered for each area of interest (AOI). Due to the randomization on 

the page of account examination, AOIs could have different representations per partic-

ipant and per attempt. AOIs were all of the same size. For each participant, the eye 

tracker was calibrated using a nine-point fixation technique thus adjusting for partici-

pants’ individual differences in eye characteristics [25]. 

Results 

     We briefly present some results from our study. Hypothesis 1 states that auditors 

are susceptible to the framing bias. As earlier indicated, individuals exhibiting incon-

sistent preferences across frames (neither consistently risk lovers nor consistently risk 

averse in the decision points), and whose preferences are at odds with expected mar-

ginal utility are susceptible to the framing bias. It was observed that 57.5% of partici-

pants were susceptible to the framing bias, compared to 42.5% who were not suscepti-

ble. This supports the assertion that auditors are susceptible to the framing bias. 



 

 

     Hypothesis 2 stipulates that the framing bias is associated with a higher total du-

ration of fixations. A major objective of this study is to identify the differences in the 

attentional characteristics associated with the framing bias in a simple aggressive re-

porting detection task. To ascertain this, we verify if there is a significant difference 

between the total duration of fixations of biased participants  and unbiased participants. 

We conduct a linear regression with random intercept model and a two-tailed level of 

significance. For all stimuli, we find that total duration of fixations were higher for 

biased participants than for unbiased participants (t=2.07, p-value=0.05). Again, the 

average duration of fixations were higher for the biased participants than the unbiased 

participants (t=2.369, p-value=0.023). Regarding only target stimuli (aggressive finan-

cial reporting items), we find that the total duration of fixations was higher for biased 

participants than for unbiased participants at a 10% significance threshold (t=1.90,    p-

value=0.07). Following this, we verify if the framing bias leads to poorer decision mak-

ing.  

     Hypothesis 3 states that the framing bias leads to a poorer detection of aggressive 

financial reporting items. In testing H3, we control for the participant’s trait skepticism 

(HPSS), and prior experience of related tests. Results of the model indicate an estimate 

of -1.35, and a p-value of 0.03 indicating that the framing bias is associated with poorer 

detection of aggressive financial reporting. We carry out a robustness check for multi-

collinearity and obtain variance inflation factors of  1.31 and 1.29 for the experiment 

experience, and the HPSS respectively, confirming the absence of multicollinearity 

among the independent variables. 

Discussion and Conclusion 

     Our results suggest that H1 and H3 are fully are supported while H2 is fully sup-

ported for all stimuli and marginally supported for target stimuli.  First, novice auditors 

are susceptible to the framing bias. With regards to the visual behavior of the biased 

auditors in the audit task, they are associated with higher total duration of fixations for 

all stimuli, and for target stimuli. The total duration of fixations is a proxy for pro-

cessing levels. Finally, we find that the framing bias is associated with poorer detection 

of aggressive financial reporting elements. 

     Dual process theory (DPT) [26] provides a theoretical backing to our findings. 

The literature generally identifies three perspectives to DPT with regards to the order 

in which Type 1 and Type 2 processing occur [27]; default interventionist, parallel pro-

cessing, and hybrid model. Our results support a hybrid model which proposes that 

Type 1 processing provides two potential intuitive responses which may then be mod-

erated by Type 2 processing [28]. In our study, the more rapid and intuitive response 

which could be interpreted as Type 1, demonstrated by a lower total duration of fixa-

tions, generally led to correct responses. For biased individuals, this decision making 

process was moderated by a slow, reflective, higher processing effort which could be 

interpreted as Type 2, demonstrated by a higher total duration of fixations. In this case 
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the apparent higher processing effort led to less accurate decisions since it was informed 

by a cognitive bias.  

Our research so far offers both theoretical and practical contributions. On the theo-

retical side, our results support the idea that poorer detection of aggressive items is due 

to the interference of higher processing levels, possibly representing cognitive load or 

confusion as a result of the framing bias. However, we find no pupillometric evidence. 

While an alternative interpretation could be that the framing bias leads to more interest 

or focus on target information due to higher processing levels, the eventual outcome of 

a poorer detection of target stimuli invalidates this explanation. From a practical stand-

point, this paper underscores the need, in the pursuit of high quality audits, to under-

stand the susceptibility profiles of novice auditors to cognitive biases. Audit managers 

and seniors should collaborate with UX developers to elaborate personalized AMIS 

interfaces which present a lesser use of cognitive resources to novices who are more 

susceptible to cognitive biases. 

Our study presents some limitations which provide the opportunity for further re-

search. First, the homogeneous nature of the sample may not take cultural differences, 

a factor which may influence the effects of cognitive biases [29], into account. Conse-

quently, individuals practicing in different jurisdictions may experience different out-

comes. Further research could investigate these effects on non-European settings. Sec-

ond, our study focuses on trait framing bias replicated from an original study in psy-

chology. Further studies could adopt other manifestations of the framing bias to verify 

the generalizability of our conclusions.  
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Appendix: Experimental Material   

 

Informed Consent form : 

Dear Participant, 

This study was developed as part of a research program conducted by X University in collabora-

tion with researchers at Y University. It deals with practices related to financial auditing. 

Your answers will remain strictly anonymous and will only be used for academic purposes. The 

accuracy and sincerity of your answers are crucial to the quality of this work. We thank you in 

advance for your kind cooperation. 

Informed consent form This study attempts to gather information on the differences in individual 

performances during auditing tasks among professionals. You will be presented with a series of 

questions about an auditing task, your preferences, and your personality. The questionnaire lasts 

about 15 minutes. The risks of participation are minimal in this study. However, you may feel 

emotionally uncomfortable when you have to make judgments. We hope that thanks to your par-

ticipation, researchers at X University and Y University will know more about the relationship 

between contextual and personal factors impacting performance during auditing tasks. All data 

obtained from participants will be kept confidential and will only be reported in a global format 



 

 

(ie only combined results and never individual reports on a particular person). All the question-

naires will be anonymous and know that the research team will have access to them. The collected 

data will be stored on a secure server of the Qualtrics company until the principal investigator 

removes them. There is compensation for complete and valid participation. You should have 

validated all attention checks to receive compensation. Participation in this study is entirely vol-

untary. You have the right to withdraw at any time or refuse to participate fully. If you wish to 

withdraw, please inform the principal researcher at this email address: xxx. If you have any ques-

tions about this study, you can contact the principal researcher. x University’s Ethics Board has 

determined that the data collection related to this study meets the ethics standards for research 

involving humans. If you have any questions related to ethics, please contact the Research and 

Ethics Board secretariat at xxx or by e-mail at xxx 

I consent to participate in this study  a.Yes  b.No 

 

Audit Task 

You will now proceed to a self-paced review of audit evidence of Meter-Tek Company reported 

in 6 sentences, categorized into one of various financial statement accounts. 

Meter-Tek is a manufacturer and marketer of water, electricity and natural gas meters and you 

are their auditor. Materiality as with other audits is set at $100,000. 

Meter-Tek’s accounting year is from 1st January to 31st December. The accounting year being 

audited is 2021. 

The audit evidence will be displayed one at a time 

Cash: The staff accountant noted that bank accounts are reconciled monthly 

Trade Receivables: An examination of year-end customer balances indicates that the December 

31, 2021 allowance for doubtful accounts is inadequate. 

R&D and Engineering Expenses: Total engineering expenses decreased by $40,000 from 2020 

Inventories: Test counts conducted at the December 31, 2021 inventory observation did not re-

veal exceptions and were subsequently agreed to the final inventory listing. 

Investments in Affiliated Companies: Meter-Tek continues to hold equity interests of 25% in 

two profitable companies that are accounted for using the equity method. 

Accounts Payable and Accrued Liabilities: The search for unrecorded liabilities involved an 

examination of payments and invoices processed subsequent to year-end and revealed significant 

understatements. 

 

Audit Task Questions 

Please evaluate the client’s financial reporting as a whole. 

Aggressive financial reporting refers to accounting practices that are designed to overstate a com-

pany’s financial performance. It includes but is not limited to 

1. Sharp rises in incomes or sharp decreases in expenses from previous years 

2. Manipulations or violations of accounting principles, policies or standards to enhance 

financial performance 

3. Misreporting 

Not aggressive Very at all 1 2 3 4 5 6 7 8 9 10 aggressive 
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Of the following 6 accounts you have read on the previous page, which warrant further exami-

nation? 

a. Cash      

b. Accounts Payable and Accrued Liabilities 

c. Trade Receivables    

d. R&D and Engineering Expenses 

e. Inventories     

f. None 

g. Investments in Affiliate Companies 

 

Hurtt’s Professional Skepticism Scale 

Statements that people use to describe themselves are given below. Please circle the response 

that indicates how you generally feel. There are no right or wrong answers. Do not spend too 

much time on any one statement. 

 Strongly 

Disagree 

 

    Strongly 

Agree 

I often accept other people’s explanations 

without further thought 

                    1 2 3 4 5 6 

I feel good about myself                     1 2 3 4 5 6 

I wait to decide on issues until I can get 

more information 

                    1 2 3 4 5 6 

The prospect of learning excites me 

 

                    1 2 3 4 5 6 

I am interested in what causes people to 

behave the way that they do. 

 

                    1 2 3 4 5 6 

I am confident of my abilities.  

 

                    1 

 

2 

 

3 

 

4 

 

5 

 

6 

 

I often reject statements unless I have 

proof that they are true 

 

                    1 2 3 4 5 6 

Discovering new information is fun 

 

                    1 2 3 4 5 6 

I take my time when making decisions 

 

 

                    1 2 3 4 5 6 

I tend to immediately accept what other 

people tell me. 

 

                    1 2 3 4 5 6 

Other people’s behavior does not interest 

me 

                    1 2 3 4 5 6 



 

 

 

I am self-assured.                     1 2 3 4 5 6 

My friends tell me that I usually question 

things that I see or hear 

 

                    1 2 3 4 5 6 

I like to understand the reason for other 

people’s behavior 

 

                    1 2 3 4 5 6 

I think that learning is exciting. 

 

                    1 

 

2 

 

3 

 

4 

 

5 

 

6 

 

I usually accept things I see read or hear 

at face value 

 

                    1 

 

 

2 

 

 

3 

 

 

4 

 

 

5 

 

 

6 

 

 

I do not feel sure of myself 

 

                    1 

 

2 

 

3 

 

4 

 

5 

 

6 

 

I usually notice inconsistencies in expla-

nations 

                    1 

 

2 

 

3 

 

4 

 

5 

 

6 

 

 

Most often I agree with the others in my 

group 

 

                    1 

 

2 

 

3 

 

4 

 

5 

 

6 

 

 

I dislike having to make decisions quickly 

                    1 

 

2 

 

3 

 

4 

 

5 

 

6 

 

 

I have confidence in myself                     1 2 3 4 5 6 

 

I do not like to decide until I’ve looked at 

all of the readily available information 

                    1 

 

2 

 

3 

 

4 

 

5 

 

6 

 

 

I like searching for knowledge                     1 2 3 4 5 6 

 

I frequently question things that I see or 

hear 

                    1 

 

2 

 

3 

 

4 

 

5 

 

6 

 

 

It is easy for other people to convince me                     1 2 3 4 5 6 

 

I seldom consider why people behave in a 

certain way 

                    1 

 

2 

 

3 

 

4 

 

5 

 

6 

 

 

I like to ensure that I’ve considered most 

available information before making a de-

cision 

                    1 

 

 

2 

 

 

3 

 

 

4 

 

 

5 

 

 

6 

 

 



180 

 

 

 
Framing Bias 

Imagine that you face the following pair of concurrent decisions. First examine both decisions, 

then indicate the options you prefer. 

Decision (i). Choose between: A. a sure gain of $240 B. 25% chance to gain $1000, and 75% 

chance to gain nothing 

Decision (ii). Choose between: C. a sure loss of $750 D. 75% chance to lose $1000, and 25% 

 

Demographic Questions 

1. What is your gender? a. Male  b. Female 

2.In which age range (in years) are you? 18-20; 21-25; 26-30; 31-35; 36-40; 41-45; 46-50; 51-

55; 56-60; 61-65; 66-70; 71-75; 76-80; 81-85 

3. What is the highest level of education you have attained? a. No higher education degree b.Un-

dergraduate  c.Graduate  d.PhD 

4. What is your undergraduate major? Finance; Economics; Accounting; Marketing; 

HRM; Strategy; Supply Chain/logistics; Management; Other 

     5. Do you have any audit work experience (including internships)? Yes; No 

6. Do you currently any accounting or auditing professional designation? CA; CGA;CMA; CPA; 

CFA; No 

7. Prior to this experiment, have you participated in either accounting, finance, auditing, econom-

ics, or psychology experiments? Yes; No 
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Abstract. Flow is a central concept for understanding optimal, intrinsically re-

warding experiences during task engagement. This paper reviews the use of 

Neuro-Information Systems (NeuroIS) measurements to study flow and its neu-

rophysiological correlates. Based on a literature review of 63 papers, four meas-

urement domains were identified: autonomic nervous system (ANS) measures, 

brain imaging methods, hormone-related measurements, and multimodal ap-

proaches. Brain imaging methods, particularly electroencephalography (EEG), 

were the most frequently used approach, followed by ANS-related measures such 

as heart rate (HR) and heart rate variability (HRV). Hormone-related approaches 

were rare, whereas multimodal designs show promise by integrating complemen-

tary physiological perspectives and distinguishing flow from related states. 

Across domains, neurophysiological measurements were mainly used to examine 

correlates of self-reported flow, validate induced flow states, or predict flow-re-

lated states rather than to measure flow directly. This review provides a valuable 

foundation for future NeuroIS research on flow. 

Keywords: Flow · Flow State · Neuro-Information Systems (NeuroIS) · Neuro-

physiological Measures · Literature Review 

Introduction 

Flow has become a central concept for explaining optimal, intrinsically rewarding ex-

periences during task engagement [1]. In information systems research, flow and re-

lated constructs, such as cognitive absorption [2], capture episodes of deeply engaged 

technology use [3]. This state is of particular interest because it is associated with sus-

tained engagement and intrinsic motivation [e.g., 4]. It has also been linked to conse-

quential outcomes in digital work settings, such as experiential outcomes during tech-

nology use (e.g., immersion; [5]) or task performance [e.g., 6]. 

Flow is typically described as a state of optimal functioning that is temporally 

bounded, in which attention is strongly focused on the ongoing activity, the experience 

is inherently enjoyable, and individuals perceive a pronounced sense of control over 

their actions [1, 7, 8]. Theoretically, flow is most likely to emerge when perceived task 

challenges are well-matched to perceived skills, resulting in sustained involvement and 
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the seamless coordination of action and awareness [1, 3, 9]. However, these defining 

characteristics also make flow difficult to study empirically. Due to its development 

and fluctuation during task execution, as well as its inaccessibility to conscious reflec-

tion in real time, post-hoc self-reports often provide only a coarse summary, blurring 

the onset, duration, and intensity of a flow episode [10]. Therefore, this reliance on 

retrospective measurement limits temporal precision and can introduce recall- and eval-

uation-related bias, particularly in realistic work settings where flow may be intermit-

tent or repeatedly disrupted [e.g., 6]. 

Neuro-Information Systems (NeuroIS) provides an interdisciplinary approach to 

studying interactions with digital technologies and the underlying cognitive, emotional, 

and behavioral processes involved [11–14]. Methodologically, NeuroIS draws on a 

broad range of neurophysiological tools, including indicators of the autonomic nervous 

system (e.g., heart-related measures), brain imaging methods such as electroenceph-

alography (EEG) and functional magnetic resonance imaging (fMRI), and, in some 

cases, neuroendocrine markers [14, 15]. These methods are particularly promising for 

flow research because flow is dynamic and partly pre-reflective [10]. Neurophysiolog-

ical signals can provide time-resolved indicators of processes associated with task en-

gagement, thereby complementing post hoc self-reports [10, 14–16]. 

Despite the growing body of literature on flow and its neurophysiological correlates, 

the evidence base remains fragmented. Existing work ranges from methodological con-

tributions reviewing practices in neurophysiological flow studies [e.g., 10] to more se-

lective perspectives focusing on specific signal families (e.g., peripheral measures; 

[17]). A recent review highlights the broader potential of physiological measurements 

in flow research, emphasizing their capacity for continuous, non-intrusive assessment 

of flow dynamics during activities [16]. However, these reviews do not provide an 

overview of how NeuroIS measurements have been used in different neurophysiologi-

cal domains to study flow and its correlates. Prior work either focuses on a specific 

class of measures [e.g., 17] or addresses flow research more broadly [e.g., 16], rather 

than examining NeuroIS measurement approaches in a targeted way. In addition, re-

lated work has explored the thematic structure of this literature [18]. As a result, it is 

difficult to compare studies and gain an overall picture of the neurophysiological 

measures used in the flow literature. Against this backdrop, this paper aims to provide 

an overview of NeuroIS measures in flow research, addressing the following research 

question: How has existing research used NeuroIS measurements to examine flow 

and its neurophysiological correlates? To answer it, we provide a methodological 

overview of the neurophysiological measures used in prior studies and discuss impli-

cations for future NeuroIS flow research. 

Review Methodology 

To examine the scope, range, and nature of existing research applying NeuroIS meas-

urements to investigate flow and its neurophysiological correlates, we conducted a 

scoping review of the literature [19–21]. The review followed established methodolog-

ical guidelines for literature searches [22, 23] and included peer-reviewed journal 



 

 

articles and conference proceedings published in English with no restrictions on the 

year of publication.  

Our literature review process consisted of three phases: identification, screening, and 

selection. Overall, we identified a total of 63 relevant papers, which formed the basis 

for our examination of how NeuroIS measurements have been applied to the study of 

flow and its neurophysiological correlates. 

Phase 1: Literature Identification – The starting point for our review was the system-

atic literature review by Knierim et al. [17], which synthesized prior research on psy-

chophysiological flow measurement with a particular focus on indicators of the periph-

eral nervous system. This work provided an important conceptual and methodological 

foundation for our review, especially in identifying relevant terminology related to neu-

rophysiological flow measurement. To capture the broader NeuroIS literature, we also 

drew on the work of Riedl et al. [24], who examined the development of the NeuroIS 

research field and outlined relevant NeuroIS terminology. Together, these studies in-

formed our keyword selection and ensured that our review adhered to the established 

principles of conducting systematic literature reviews [22, 23]. 

For our literature search, we used search terms that represented the two core dimen-

sions of this review: flow and neurophysiological measurements related to NeuroIS. 

The flow-related search string captured the focal phenomenon with terms such as "flow 

state", "psychological flow", "flow experience", and "state of flow". To capture the 

neurophysiological dimension, we used a broad set of NeuroIS-related terms covering 

general concepts, such as "Neuro-Information Systems", "NeuroIS", "neurophysiol-

ogy", "psychophysiology", and "physiology" as well as specific measurement domains 

and signal types. These included the autonomic and central nervous systems, related 

recording methods, biomarkers, and other neuroendocrine indicators. To ensure com-

prehensive coverage, we incorporated synonyms, abbreviations, and wildcard opera-

tors, which allowed us to identify a broad set of potentially relevant papers.4 

To address the phenomenon of interest (i.e., flow) and the measurement perspective 

(i.e., neurophysiological measures related to NeuroIS), we adopted the research meth-

odology of Knierim et al. [17] and conducted a literature review using two primary 

academic databases: Scopus and Web of Science. The database search was conducted 

on March 3, 2026. This approach ensured broad coverage of peer-reviewed journal ar-

ticles and conference proceedings relevant to our review. Moreover, we manually 

searched all NeuroIS Retreat proceedings [25–35] to identify additional relevant papers 

on flow and its neurophysiological measurement or correlates. Through this process, 

we identified 2,183 papers, forming the basis for subsequent screening and selection. 

 
4 The final search string was as follows: ("flow state" OR "psychological flow" OR "flow experience" OR 

"state of flow") AND ("Neuro-Information Systems" OR NeuroIS OR neurophysiolog* OR psychophysiolog* 

OR physiolog* OR "autonomic nervous system" OR ANS OR "central nervous system" OR CNS OR EEG OR 

electroencephalograph* OR fMRI OR "functional magnetic resonance imaging" OR MEG OR magne-

toencephalograph* OR NIRS OR fNIRS OR "functional near infrared spectroscopy" OR ECG OR electro-

cardiogra* OR EMG OR electromyogra* OR EDA OR "electrodermal activity" OR "skin conductance" OR 

galvan* OR HRV OR "heart rate variability" OR "heart rate" OR "eye tracking" OR pupillometr* OR ocu-

lometr* OR hormone* OR cortisol OR neuroendocrine OR saliva* OR urine* OR blood*). 
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Phase 2: Literature Screening – During this phase, we applied the inclusion criteria 

to the titles, abstracts, and keywords of the identified papers. To do so, we adapted the 

study selection criteria proposed by Knierim et al. [17]. To be included in this review, 

a study had to meet three criteria. First, the study had to be published as a peer-reviewed 

journal article, article in press, conference paper, or book chapter. Second, the study 

had to contain an empirical component involving a neurophysiological measurement to 

investigate flow or its correlates. Third, the study had to be relevant to the NeuroIS 

domain. Applying these criteria at the title, abstract, and keyword levels resulted in the 

exclusion of 2,105 papers.  

Phase 3: Literature Selection – During this phase, we evaluated the full texts of the 

remaining 78 papers using the same inclusion criteria. Of these, 12 were removed as 

duplicate records identified through multiple data sources. We then excluded an addi-

tional 20 papers that did not meet the inclusion criteria. Specifically, we excluded non-

peer-reviewed papers [e.g., 36], non-empirical papers (e.g., methodological [e.g., 37] 

and conceptual papers [e.g., 38]), and studies that investigated flow using self-report 

measures only [e.g., 39–42] or that were irrelevant to our research objective [e.g., 43, 

44] or to NeuroIS [e.g., 45, 46]. This process resulted in 46 relevant papers. To further 

expand the literature base, we followed the established guidelines for literature reviews 

[22, 23] and subsequently conducted backward and forward searches based on the re-

tained papers. Through this process, we identified an additional 20 relevant papers [e.g., 

6, 47]. As a final step, we merged papers that referred to the same empirical study. 

Specifically, we merged the studies by Bian et al. [48, 49], Drachen et al. [50, 51], and 

Nacke and Lindley [52, 53], retaining the more developed version in each case [i.e., 48, 

51, 53]. As a result, our final literature base included 63 papers on flow and its corre-

lates. 

Compared with previous literature reviews, our methodology provides broader and 

more comprehensive coverage of the neurophysiological measures and correlates used 

to study flow. For comparison, recent reviews analyzed 20 studies that focused on the 

peripheral nervous system [17] and 20 studies that focused on physiological and/or 

neuropsychological methods for studying flow [16]. 

Review Results 

This section presents the main results of the literature review. To provide a structured 

overview of the identified studies, we classified the papers according to their measure-

ment domain and method. In terms of measurement domain, we distinguished between 

studies using indicators of the autonomic nervous system (ANS), brain imaging meth-

ods, and hormone-related measurements. Moreover, we differentiated between studies 

that relied on a single measurement method, multiple methods within the same domain, 

and multiple methods across different domains. This classification approach is based 

on the categorization of NeuroIS tools proposed by Riedl and Léger [15; pp. 47-72] and 

is consistent with its application in recent reviews in interruption science [54–57]. 

Taken together, this framework provides an overview of how neurophysiological 

measures and their correlates have been applied in flow research. 



 

 

Overall, our analysis (see Table 1) shows that brain imaging methods were the most 

frequently used approach to study flow and its correlates (46%), followed by ANS 

measures (33.3%), multimodal approaches (17.5%), and hormone-related measure-

ments (3.2%). Below, we synthesize the findings within each measurement approach.  

Table 1. Overview of NeuroIS Measurements and Correlates in Flow Research 

Domain Measurement Method Papers Reference(s) 

Autonomic Nervous System (ANS) 21  

HR and HRV 6 [58–63] 

HRV 4 [6, 64–66] 

EDA & EMG 2 [53, 67] 

EDA & HR 2 [51, 68] 

Automated Facial Expression Analysis, EDA, HR & Respiration 1 [69] 

EDA, HR & Respiration 1 [70] 

EDA, HR and HRV & Respiration 1 [71] 

EMG, HR and HRV & Respiration 1 [48] 

Eye Tracking 1 [72] 

Eye Tracking, HR and HRV 1 [73] 

HR and HRV, Facial Video, Posture & Speech 1 [74] 

Brain Imaging Methods 29  

EEG 21 [75–95] 

fMRI 3 [96–98] 

fNIRS 3 [99–101] 

EEG & fNIRS 1 [102] 

PET 1 [103] 

Hormone-Related Measurements 2  

Saliva 2 [104, 105] 

Multimodal Approaches 11  

ANS & Brain Imaging 9  

HR and HRV, Respiration & fNIRS 2 [106, 107] 

Blood Oxygen Saturation (SpO2), EDA, HR and HRV & EEG 1 [108] 

Blood Volume Pulse, EDA, EMG, Eye Tracking, HR, Respiration 

& EEG 
1 [109] 

EDA, HR & EEG 1 [110] 

EDA, HR and HRV & EEG 1 [47] 

EDA & fMRI 1 [111] 

HR & EEG 1 [112] 

HR and HRV, Respiration & EEG 1 [113] 

ANS & Hormone-Related Measurements 2  

HRV & Saliva 2 [114, 115] 

 

Measurement Approach 1: Autonomic Nervous System – ANS measures were the 

second most frequently used measurement domain in the reviewed literature. In total, 

21 studies used ANS-based approaches to examine flow and its correlates. Most of 

these studies relied on heart-related measures, including studies combining heart rate 
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(HR) and heart rate variability (HRV) (n = 6) [58–63], as well as studies focusing on 

HRV only (n = 4) [6, 64–66]. An additional study used HR and HRV alongside facial 

videos, upper body posture, and speech data in a video learning context [74]. Other 

studies used combinations of electrodermal activity (EDA) and electromyography 

(EMG) (n = 2) [53, 67], EDA and HR (n = 2) [51, 68], automated facial expression 

analysis, EDA, HR, and respiration [69], EDA, HR, and respiration [70], EDA, HR, 

HRV, and respiration [71], EMG, HR, HRV, and respiration [48], eye tracking only 

[72], or eye tracking together with HR and HRV [73]. Overall, these findings suggest 

that research on ANS-based flow is dominated by cardiovascular measures. Electroder-

mal, respiratory, facial, muscular, and ocular indicators have been used less frequently, 

primarily in conjunction with cardiac signals. 

Across the HR- and HRV-based studies, a recurring pattern emerged. These 

measures were primarily used to examine the physiological correlates of self-reported 

or experimentally induced flow [6, 58–65], to compare flow with adjacent states such 

as boredom and anxiety [63] or with flow under interruptions [6], and, in some cases, 

to predict flow-related states from physiological data [62, 65, 74]. Moreover, several 

studies highlight the importance of different heart rate variability indicators that reflect 

sympathetic and parasympathetic regulation when examining autonomic balance dur-

ing flow-related states [6, 58–65]. Other ANS-based studies extend this perspective 

beyond cardiac measures alone. EDA- and EMG-based studies link flow to high-

arousal, positive gameplay experiences [53, 67]. Furthermore, research combining 

EDA, heart rate, and respiratory signals indicates that ANS profiles incorporating mul-

tiple markers can distinguish flow from boredom, anxiety, and frustration, thereby sup-

porting classification approaches in gaming contexts [48, 51, 68–71]. Similarly, eye-

tracking studies indicate that ocular measures, either alone [72] or in combination with 

HR and HRV [73], can contribute to assessing attentional and effort-related aspects of 

flow. In addition, Wang et al. [74] used multimodal data, including HR, HRV, facial 

videos, posture, and speech, to classify states of boredom, flow, and anxiety. They also 

used this data to predict self-reported flow experiences during video learning. Together, 

these studies demonstrate that ANS research has primarily considered physiological 

signals as correlates, comparators, or predictors of flow-related states rather than as 

independent operationalizations of flow itself. 

At the same time, the reviewed studies differ in their interpretation of the exact au-

tonomic signature of flow. Some studies associate flow with increased sympathetic ac-

tivation [48, 58, 71], reduced HRV [63], or moderate physiological strain [58, 71], 

whereas others interpret flow in terms of parasympathetic balance [59, 73], efficient 

regulation [64], or mixed patterns that depend on task and context [6, 60]. Comparabil-

ity is further limited by substantial methodological variation. The studies differ in con-

text, ranging from daily activities [59] and driving [63, 73] to office [6] and knowledge 

work [64], human–robot collaboration [66], and video [51, 53, 62, 67–69, 71] and vir-

tual reality games [48, 60, 61], and video learning [74]. The studies also differ in design. 

Some rely on tightly controlled laboratory manipulations [6, 58, 63, 71, 73], some use 

more naturalistic or in-field measurements [59, 65], and some apply machine-learning 

approaches to classify flow-related states [62, 68, 72, 74]. Moreover, not all studies 

examine flow in the same way. Some focus directly on self-reported flow [6, 48, 58–



 

 

65, 69–73], while others emphasize related constructs or antecedents, such as executive 

task performance [58], time perception [61], affect recognition [62], interruption rele-

vance [6], perceived challenge [66], or immersion and gameplay experience [51, 53, 

67, 68]. 

Taken together, ANS-based measures offer the clearest insight into the peripheral 

physiological correlates of flow, particularly cardiovascular and arousal-related dynam-

ics. These measures appear well suited to supporting ecologically valid [116, 117] as-

sessments of flow-related states across work, learning, and gaming contexts.  

 

Measurement Approach 2: Brain Imaging Methods – Brain imaging methods were 

the most frequently represented measurement domain in the reviewed literature. In to-

tal, 29 studies used brain imaging approaches to examine flow and its correlates. Most 

of these studies relied on EEG (n = 21) [75–95], followed by fMRI (n = 3) [96–98] and 

functional near-infrared spectroscopy (fNIRS) (n = 3) [99–101]. Moreover, one study 

combined EEG and fNIRS [102], while another used positron emission tomography 

(PET) to examine the neurochemical correlates of flow proneness [103]. Overall, these 

findings suggest that EEG dominates brain-imaging-based flow research, while fMRI, 

fNIRS, PET, and combinations of EEG and fNIRS are used less frequently for more 

specific analytical purposes. 

Across EEG studies, a recurring pattern emerged. Brain imaging was primarily used 

to identify the neural correlates of self-reported or experimentally induced flow [77, 85, 

88, 90, 94], to distinguish flow from related states such as boredom or overload [81, 83, 

90], and to predict or monitor flow intensity based on neural signals [76, 77, 83, 84]. 

Moreover, several papers point to increased frontal theta activity [77, 90, 91], moderate 

or task-dependent alpha activity [77, 90, 92], and differentiated beta-band activity [77, 

90] as promising neural correlates of flow-related states. A substantial subset of EEG 

studies has also explored prediction and classification, including real-time assessment 

[76, 83], dynamic monitoring [84], and flow-state detection in learning contexts [88]. 

Other EEG studies have demonstrated the feasibility of low-cost [85], single-channel 

[89], wearable [76], around-the-ear implementations [91]. Emerging research further 

points to artificial intelligence-driven personalization and flow-related neurophysiolog-

ical assessment in learning contexts [82]. Adjacent EEG instrumentation work has ex-

plored 3D-printed dry-electrode systems for cognitive load monitoring in knowledge 

work [93]. This work may inform future flow research, but it does not constitute direct 

evidence of flow itself. The broader picture beyond EEG is complementary. For exam-

ple, fMRI studies have linked flow to increased activation in regions associated with 

task engagement and reward, such as the inferior frontal gyrus, putamen, and midbrain 

[96–98]. These studies have also linked flow to decreased activation in regions linked 

to self-referential and emotional processing, including the medial prefrontal cortex and 

amygdala [97, 98]. Similarly, fNIRS studies have highlighted the importance of pre-

frontal activity in individual flow experience [100, 101] and in shared flow dynamics 

during collaborative learning [99]. Furthermore, a combined EEG-fNIRS study indi-

cates that predicting flow intensity with multiple markers is possible [102], while a PET 

study broadens the perspective by linking dispositional flow proneness to dopamine 

D2-receptor availability in the dorsal striatum [103].  
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At the same time, the reviewed studies disagree about the exact neural signature of 

flow and the conditions under which it emerges. Even within the EEG literature, the 

reported correlates are inconsistent. Some studies emphasize increased frontal theta and 

moderate alpha patterns during flow experiences [77, 90], while others highlight delta 

and gamma activity [89], upper alpha stability [92], or quadratic relationships between 

flow and neural activity [91]. These discrepancies depend on the task and setting. Com-

parability is further limited by substantial methodological variation. The studies differ 

in context, ranging from video games [77, 79, 81, 83, 84, 96, 100, 101] and e-learning 

[85, 86, 88] to knowledge work [75, 91–93], website design [95], and collaborative 

learning [99]. The studies also differ in their measurement setups, ranging from low-

cost [85], single-channel [89], wearable headband [76], around-the-ear EEG [91], and 

3D-printed dry-electrode systems [93], to more controlled, multi-channel, laboratory 

recordings [77, 90, 94]. Moreover, studies examining flow do not all approach the topic 

in the same way. Some focus directly on self-reported flow [77, 85, 90, 94, 98, 100], 

while others emphasize related constructs or antecedents, such as engagement [79, 87], 

attention [85, 86, 88, 95], learning progress [78], optimal challenge or challenge–skill 

balance [80, 85, 86, 88], cognitive load [82, 93], or dispositional flow proneness [103]. 

Taken together, brain imaging methods offer the most direct insight into the neural 

and, in the case of PET, neurochemical correlates of flow. These methods also demon-

strate great promise in predicting and evaluating flow-related states in real time [76, 77, 

83, 84, 88, 102]. However, a single, stable, brain-based signature of flow has yet to 

emerge. 

 

Measurement Approach 3: Hormone-Related Measurements – Hormone-related 

measurements were the least frequently represented domain in the reviewed literature. 

Only two studies examined flow in relation to cortisol [i.e., 104, 105], suggesting that 

endocrine approaches remain uncommon. However, these studies differed substantially 

in design and analytical focus. Brom et al. [104] investigated cortisol responses in a 

quasi-experimental serious-game setting and found that flow was positively related to 

positive affect and negatively related to negative affect, while showing almost no direct 

relationship between flow and cortisol levels. Elevated cortisol levels were primarily 

observed among socially anxious males in team-based conditions. In contrast, Peifer et 

al. [105] used a double-blind, randomized, placebo-controlled crossover design to ex-

perimentally manipulate cortisol and found that elevated cortisol reduced self-reported 

flow during a Pac-Man task.  

Taken together, these studies suggest that cortisol has been used to examine endo-

crine correlates and possible causal effects on flow rather than to operationalize flow 

itself. Overall, the evidence base is small and methodologically heterogeneous, indicat-

ing that endocrine perspectives on flow remain underdeveloped.  

 

Measurement Approach 4: Multimodal Approaches – Multimodal approaches con-

stituted a smaller yet still notable share of the reviewed literature. In our review, 11 

studies combined measures from more than one physiological domain. Most of these 

studies integrated ANS measures with brain imaging methods (n = 9) [47, 106–113]. A 

smaller subset combined ANS measures with hormone-related measurements, 



 

 

specifically HRV and salivary cortisol (n = 2) [114, 115]. Overall, these studies reflect 

an effort to capture flow and related states through complementary central and periph-

eral physiological perspectives rather than through a single signal source. 

Across studies combining ANS and brain imaging methods, a recurring pattern 

emerged. Multimodal designs were primarily used to triangulate self-reported or exper-

imentally induced flow and related states rather than to operationalize flow directly 

from physiology alone [47, 106–113]. Together, these studies imply that flow is linked 

to simultaneous alterations in cortical processing and peripheral physiology. These al-

terations include stronger activation of attention-related brain networks, specific EEG 

patterns, and simultaneous changes in HR/HRV, respiration, and EDA [106–108, 110–

113]. Several studies also indicate that combining modalities can distinguish flow from 

adjacent states, such as boredom, overload, or frustration [108, 110, 111]. More recent 

work suggests that such multimodal assessments are increasingly feasible with weara-

ble devices [108]. Two studies combining ANS and hormone-related measurements 

extend this perspective, indicating that flow is linked to a specific autonomic-endocrine 

profile. Preliminary evidence suggests that flow is associated with a balance between 

skills and demands and with the interplay of sympathetic, parasympathetic, and hypo-

thalamic-pituitary-adrenal axis processes [114, 115]. 

At the same time, the reviewed studies differ in their interpretation of the exact phys-

iological signature of flow. For example, fNIRS-based studies do not converge on a 

single cortical interpretation. De Sampaio Barros et al. [106] associate flow with in-

creased oxygenated hemoglobin in the frontoparietal attention network, whereas Har-

mat et al. [107] report no association between flow and prefrontal oxygenation and find 

no evidence of hypofrontality. Peripheral findings are likewise mixed. Some studies 

point to reduced HRV or stress-related activation during flow-related states [114], 

whereas others emphasize deeper respiration, parasympathetic involvement, moderate 

rather than consistently elevated sympathetic and hypothalamic-pituitary-adrenal-axis 

activation, or no clear HR differences [107, 112, 115]. Comparability is further limited 

by substantial variation in context, task, and construct operationalization. The multi-

modal studies range from video games [108, 113] and Facebook use [109] to enterprise 

resource planning training [47] and robotic surgery [112], with some focusing on con-

structs related to flow, such as cognitive absorption [47] or a core flow state [109].  

Taken together, multimodal approaches offer the most comprehensive view of the 

neurophysiological correlates of flow. This suggests that flow-related processes engage 

the autonomic and central nervous systems, and occasionally the endocrine system. 

Compared with single-modality studies, multimodal approaches have the advantage of 

being able to triangulate central and peripheral processes, distinguishing flow more ro-

bustly from related states, such as boredom, overload, and frustration. Nevertheless, the 

evidence remains heterogeneous and still relies heavily on self-report validation. 

Discussion and Concluding Remarks 

This review examined how existing research has used NeuroIS measurements to study 

flow and its neurophysiological correlates. The findings show that flow research draws 

on a broad range of NeuroIS approaches, including ANS-related measures, brain 
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imaging methods, hormone-related measurements, and multimodal designs. At the 

same time, the review revealed a clear methodological pattern. Most studies do not 

operationalize flow exclusively through neurophysiological data. Instead, they use 

physiological signals to examine correlates of self-reported flow, validate experimen-

tally induced flow conditions, or predict subjective, flow-related states. This pattern 

aligns with the conceptual nature of flow as a dynamic, temporally bounded, and partly 

pre-reflective experience that is difficult to access directly in real time [1, 7, 8, 10]. It 

also aligns with the broader NeuroIS perspective, which emphasizes the value of neu-

rophysiological measures as a complement to, rather than a replacement for, established 

behavioral and self-report approaches [11–15, 118]. 

Beyond this general pattern, the review offers three additional, more specific contri-

butions. First, it provides a structured overview of how the literature is distributed 

across NeuroIS measurement domains (see Table 1). Brain imaging methods were the 

most frequently used category, with EEG clearly dominating. ANS-related studies 

formed the second-largest group, relying primarily on cardiovascular indicators, partic-

ularly HR and HRV, which are often complemented by EDA, EMG, or respiration. 

Hormone-related approaches were rare, suggesting that endocrine perspectives remain 

underrepresented in NeuroIS flow research. Second, the review shows that despite sub-

stantial progress, the literature has not yet converged on a single, stable physiological 

signature of flow. Cross-study comparability is limited because the reviewed literature 

often investigates related constructs (e.g., cognitive absorption; [47]) or antecedents 

(e.g., dispositional flow proneness; [103]) rather than flow itself. Instead, findings vary 

depending on the context, task, measurement setup, and construct operationalization. 

Third, the review highlights multimodal approaches as particularly promising because 

they combine complementary physiological perspectives and are well-suited to the dy-

namic, multidimensional nature of flow. Thus, this review builds on previous work that 

examined broader developments in flow research [16], peripheral nervous system indi-

cators [17], or the thematic structure of this research stream [18]. This review shows 

how different NeuroIS measurement domains have been used and where their findings 

converge or diverge. It also illustrates their collective implications for future flow re-

search. 

Taken together, these findings suggest substantial progress in identifying neurophys-

iological indicators of flow. However, research is far from directly operationalizing the 

construct physiologically in a consistent manner. This is not surprising given that flow 

is a holistic, experiential state characterized by absorption, enjoyment, control, and a 

balance between challenge and skill [1, 7, 8]. Such a state is unlikely to be adequately 

captured through a single signal or isolated physiological marker. The reviewed litera-

ture suggests that NeuroIS methods are valuable for improving temporal sensitivity, 

revealing underlying cognitive and affective processes during task engagement, and 

extending flow research beyond retrospective assessments [10–15, 118].  

The review also yields several implications for future research. First, future studies 

should distinguish more clearly between attempts to directly operationalize flow 

through neurophysiological measurements and studies investigating physiological cor-

relates of self-reported flow. Explicitly separating these approaches conceptually would 

improve comparability across studies and support the development of cumulative 



 

 

knowledge. Second, future ANS research would benefit from more consistent reporting 

and interpretation of cardiovascular indicators, particularly HR and HRV, because the 

reviewed studies vary substantially in how autonomic activation and regulation are con-

ceptualized across tasks and contexts [58, 59, 63, 64]. Related reviews in NeuroIS like-

wise emphasize the need for greater clarity and consistency in the use of HR- and HRV-

based measures [119–121]. Third, future brain-imaging research should more explicitly 

connect neural markers to specific flow dimensions, such as attention [85], control [78], 

and challenge-skill balance [88]. This research should also examine whether reported 

signatures replicate across comparable task settings. Fourth, hormone-related research 

[i.e., 104, 105] remains too limited to support firm conclusions, indicating the need for 

further studies before endocrine correlates of flow can be evaluated systematically. 

Fifth, multimodal approaches deserve particular attention. Compared with single-mo-

dality designs, they have greater potential to triangulate autonomic, central, and, in 

some cases, endocrine processes. They also distinguish flow more robustly from adja-

cent states [108, 110, 111], and benefit from recent advances in wearable sensing [108]. 

Finally, a temporal analysis of how these approaches have developed over time would 

strengthen this picture further, particularly in light of evolving sensing technologies and 

measurement opportunities. Although a full longitudinal analysis was beyond the scope 

of this paper, the reviewed literature suggests a recent increase in wearable [e.g., 108] 

and real-time measurement approaches [e.g., 83, 84], especially in EEG-based and mul-

timodal studies. For example, recent research involving 3D-printed EEG hardware [93] 

illustrates this point. This development indicates growing interest in more ecologically 

valid [116, 117] and potentially adaptive [122] assessments of flow-related states. 

This review should be interpreted in light of its limitations. As a scoping review [19–

21], its purpose was to provide an overview of the literature, not to conduct a formal 

meta-analysis of effect sizes or measurement quality. Furthermore, the reviewed studies 

vary considerably in terms of context, task type, flow operationalization, and measure-

ment setup, which limits the direct comparability of findings across studies. Despite 

these limitations, however, this review contributes to the NeuroIS literature by synthe-

sizing how neurophysiological measurements have been used to study flow and its cor-

relates, as well as by identifying dominant measurement approaches and promising di-

rections for future research. 
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Abstract. Virtual reality (VR) learning environments enable new forms of adap-

tive education but require reliable sensing of learners’ attentional states. In this 

study, we explore the feasibility of multimodal attention tracking in VR lectures 

by combining eye tracking with ear-centered EEG (ear-EEG). Participants at-

tended VR lectures while gaze behavior and neural signals were recorded. Visual 

attention was analyzed using gaze allocation to task-relevant regions, while au-

ditory attention was examined using auditory steady-state response and neural 

speech envelope tracking. Results indicate that gaze significantly predicts notic-

ing of lecture content, whereas auditory attention detection remains technically 

challenging with ear-EEG. Survey and qualitative responses indicate cautious 

user acceptance under strong privacy safeguards. The findings provide initial in-

sights into multimodal attention tracking for adaptive immersive learning sys-

tems. 

Keywords: Virtual Reality (VR) · Education · Eye Tracking · Auditory Attention 

Detection (AAD) · cEEGrids 

Introduction 

Immersive virtual reality (VR) learning environments offer new opportunities for 

adaptive and personalized education, but such adaptation requires reliable information 

about learners’ internal states during instruction [1, 2]. One particularly important state 

is attention, as effective learning depends on attending to relevant content. While visual 

attention in VR can be readily captured through integrated eye tracking, providing a 

direct measure of gaze behavior [3, 4], attention in lecture settings is not limited to the 

visual channel. A substantial portion of instructional content is delivered through 

speech, making auditory attention equally important, yet inherently more difficult to 

assess because it is not directly observable [5]. 

To address this challenge, NeuroIS research increasingly draws on electroencephalog-

raphy (EEG), including approaches such as Auditory Steady-State Response (ASSR) 

tracking and neural speech envelope tracking (NET), to infer how strongly learners 

process auditory input [6, 7]. Applying these methods in immersive VR, however, 
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introduces practical constraints, as neural sensing must remain compatible with head-

mounted displays and realistic interaction. Wearable solutions such as ear-centered 

EEG offer a promising alternative to traditional full-cap systems [8]. Against this back-

ground, this work explores the feasibility of multimodal attention tracking in VR lec-

tures by combining eye tracking and around-the-ear-EEG. To investigate this idea, we 

pose the following research questions: 

RQ1: To what extent can visual and auditory attention states in VR lectures be de-

tected using ear-EEG and eye tracking? 

RQ2: Does multimodal tracking outperform unimodal attention detection ap-

proaches? 

RQ3: How do users perceive multimodal attention detection in immersive educa-

tional scenarios? 

To answer these questions, we plan a laboratory experiment in which participants 

attend VR lectures under controlled attention conditions while their eye movements and 

ear-EEG signals are recorded. In a first pilot study (n = 6), we primarily assess the 

technical feasibility of detecting visual and auditory attention signals and explore par-

ticipants’ perceptions of such an attention-aware system. While the overall study design 

targets all three research questions, the present research-in-progress stage focuses on 

providing initial insights into RQ1 and RQ3, whereas a robust evaluation of multimodal 

performance advantages (RQ2) is reserved for future work with a larger sample. 

Theoretical Background and Related Work 

Visual attention tracking is a well-established NeuroIS stream for studying how 

users allocate limited cognitive resources in digital environments. Eye tracking is cen-

tral to this work because it captures overt visual attention [2, 3]. Prior IS research shows 

that gaze data can reveal information-processing strategies beyond self-reports and be-

havioral outcomes [9]. In immersive VR, this becomes especially relevant because en-

vironments are dynamic, spatial, and cognitively demanding. Accordingly, recent re-

views identify eye tracking as a key method for studying attention in VR [4]. At the 

same time, gaze alone may not fully capture latent attentional states, motivating the 

integration of EEG and eye tracking in extended reality (XR) and VR research [10]. 

Two of the most established methods for tracking auditory attention are Auditory 

Steady State Response tracking and Neural Envelope Tracking. 

ASSRs are frequency-specific neural responses elicited by periodically amplitude-

modulated sounds [11]. By tagging auditory streams with distinct modulation frequen-

cies, stimulus-specific neural activity can be isolated in the EEG spectrum [12]. Selec-

tive attention modulates ASSR amplitude, typically enhancing responses to attended 

streams [13]. However, attentional effects depend on modulation frequency and task 

design [6]. Additionally, ASSR amplitudes are relatively small, require sufficient sig-

nal-to-noise ratio and averaging, and may saturate or be reduced when speech-like 

properties are introduced compared to pure tones or chirps [14]. 

NET works because continuous speech contains slow amplitude fluctuations (1–8 

Hz) that are tracked by cortical activity [15]. Neural envelope tracking is commonly 

quantified using encoding or decoding models that relate the speech envelope to EEG 
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activity, for example through temporal response functions (TRFs) estimated with linear 

regression models . Attention strengthens the coupling between the speech envelope 

and neural activity, resulting in stronger tracking of attended speech relative to ignored 

signals [16, 17]. Recent work increasingly explores nonlinear decoding approaches, 

including deep neural networks, to improve attention classification performance in 

more complex listening environments [7]. 

Multimodal attention tracking in virtual reality seeks to capture attentional pro-

cesses more comprehensively by combining complementary data streams such as EEG, 

eye tracking, and, in some cases, head-movement measures. Early work by Delvigne et 

al. [18] showed that attention in VR can be estimated by integrating EEG with gaze 

direction, pupil diameter, and head movement, pointing to the value of multimodal in-

ference beyond single-sensor approaches. More recent studies have applied this ap-

proach in increasingly naturalistic settings. For example, Huizeling et al. [19] combined 

EEG and 3D eye tracking to study anticipatory processing during speech comprehen-

sion in virtual environments, while Levy et al. [20] used EEG and gaze data in a VR 

classroom to examine selective attention to a teacher’s speech under auditory distrac-

tion. These studies showcase the feasibility of multimodal attention tracking in VR, 

while leaving the question unanswered how such attention tracking relates to actual 

knowledge absorption. 

Methodology 

Our pilot study design was implemented to assess the feasibility of multimodal at-

tention measurement in a VR lecture setting. First, skin preparation and gel application 

were performed, with electrode impedances targeted below 30 kOhm. Setup followed 

a fixed sequence: (1) electrode placement, (2) fitting and comfort adjustment of the VR 

headset, (3) amplifier attachment, and (4) signal quality checking. The following VR 

experiment was predefined and guided by the virtual tutor. It began with two resting-

state conditions (90 s eyes closed 90 s eyes open with a fixation cross), followed by 

instructed lecture conditions of four minutes each: listening only, reading only (with 

audible but unintelligible foreign-language speech), and a none condition with the same 

foreign-language speech but instructions to not attend to anything lecture-related. The 

design choice to use foreign-language speech in the reading and none conditions aimed 

to reduce involuntary attentional capture by semantic content, thereby making it easier 

for participants to disengage from the auditory stream when instructed. Participants 

then completed a naturalistic 12-minute lecture phase with combined visual and audi-

tory stimuli. After the VR session, the headset and EEG sensors were removed. Finally, 

participants completed a survey (implemented via oTree, [21]) covering demographics, 

a post-hoc recognition test on lecture statements, and general attitudes towards the con-

cept and experiences with the experimental design. In line with the pilot nature of the 

study, the focus of the current implementation is on technical viability, user comfort, 

and initial signal quality rather than confirmatory hypothesis testing. 
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Fig. 11. Experimental Procedure (A) and VR Setup (B) 

The VR environment was implemented in Unity 2022.3.30, building on the class-

room design proposed by Liu et al. [22] To introduce controlled visual distraction, a 

fish tank was added to the scene. The setup used a Varjo XR-3 headset to ensure high-

resolution, state-of-the-art VR presentation. Hand tracking was enabled to support in-

teraction and increase immersion. 

Lecture stimuli comprised six 4-minute VR lectures. Each lecture used black slides 

with white text, narrated by a virtual tutor using an AI-generated gender-neutral voice. 

The lecture contents covered six philosophical topics, and content order was random-

ized across participants. For ASSR tracking, we modulated the amplitude of the voice 

stimuli with 50% modulation depth, trying to strike a balance between keeping the 

voice natural, and improving ASSR signal-to-noise-ratio (SNR). 

For the EEG setup we followed prior work [23], using gold-plated open-cEEGrid 

electrodes in combination with the low-cost, open-source OpenBCI Cyton amplifier. 

EEG was sampled across 8 channels at 250 Hz and recorded via the OpenBCI GUI. 

The amplifier was fixed to the headset using adhesive tape. 

EEG data were processed and analyzed using MNE Python [24]. General prepro-

cessing was kept minimal, using a 0.5-45Hz bandpass filter and visual bad channel 

inspection, resulting in no exclusions across all participants. 

Qualitative responses were analyzed by the two authors using a low-inference con-

tent analysis approach, focusing on recurring themes across participants’ statements. 

Overall, 6 participants (3 female, 3 male) from a convenience sample took part in 

the pilot study. For P1 the EEG recordings failed due to a technical issue, resulting in 

EEG data from 5 participants. 

Preliminary Results 

Visual Attention Analysis. Greater visual attention to task-relevant AOIs (Slides + 

Tutor) significantly predicted noticing (b = 1.43, SE = 0.45, p = .001, OR = 4.19). Each 

additional 10% of viewing time on task-relevant AOIs was associated with about 15% 

higher odds of noticing. When separated, only time on Slides remained significant (p = 

.004), whereas time on Tutor did not (p = .897). However, the model explained little 

variance (pseudo-R² = .034), suggesting that gaze alone captures only part of the notic-

ing process. 

Auditory Attention Analysis. To assess the feasibility of auditory attention detec-

tion in VR using ear-EEG, we first tested for the presence of a 40 Hz ASSR. After 
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enhancing activity around 40 Hz with a generalized eigenvalue decomposition (GEVD) 

spatial filter, spectral power in overlapping 15 s windows was compared against neigh-

boring frequency bins (±6 Hz) using an F-test (α = 0.01), with low-energy stimulus 

periods excluded. Overall, ASSR detections were rare. For four participants (P2, P3, 

P5, P6), detection rates were near zero across conditions (0–7% of analyzed windows). 

In contrast, participant P4 showed robust ASSR detection across all conditions, ranging 

from 46% to 85% of valid windows, with the highest rate in the open condition. Shorter 

window sizes resulted in lower detection rates, while longer windows did not increase 

it further. 

Speech envelope tracking. To examine whether neural tracking of speech differed 

between attention conditions, we trained a linear backward model on the first half of 

the listen condition and evaluated envelope reconstruction on the remaining listen data 

as well as on the read and none conditions, adapting established methodology [25]. 

Reconstruction accuracy was quantified as the Pearson correlation between the pre-

dicted and actual speech envelope within 30 s windows and averaged per participant 

and condition. Across participants, correlations were generally small (typical range 

−0.04 to 0.02), which is consistent with prior work on envelope tracking using ear-

centered EEG sensors. Because correlation signs can vary depending on model polarity, 

we examined absolute correlations as a measure of reconstruction strength. Using this 

metric, envelope tracking was highest during the listen condition (|r| = 0.016), compared 

to the read (|r| = 0.009) and none conditions (|r| = 0.007).  

Perception of the System. On 7-point Likert scales, participants evaluated the VR 

lecture setting positively, rating the lecture as interesting (M = 5.50), understandable 

(M = 6.17), and the tutor as relatively natural (M = 5.50); self-reported attention to the 

lecture was likewise high (M = 5.50). While the virtual environment was perceived as 

moderately realistic, distraction by the environment itself was low, whereas distraction 

by participants’ own thoughts was comparatively higher, suggesting that attentional 

fluctuations may be driven more by internal processes than by salient visual elements. 

Acceptance judgments were strongest for video meetings (M = 6.67), online lectures 

(M = 6.50), and attention-critical jobs (M = 6.00), but clearly weaker for VR gaming 

(M = 3.00), indicating that multimodal attention detection is perceived as particularly 

relevant in educational and work-related settings, but less appropriate for entertainment 

scenarios. 

Qualitative Insights. The system was largely perceived as promising for lecture 

contexts because it could (a) support learners’ attention in difficult presentations and 

(b) provide reflective feedback for targeted review. However, acceptance hinges on 

strong privacy protections and clearly defined, bounded use: participants want the ben-

efits without the feeling of being surveilled or exposing sensitive data. 

Concerns cluster around (a) privacy/security and (b) misuse of attention inference in 

asymmetric power contexts, especially workplaces, where the system could become a 

surveillance or discipline tool. Secondary concerns include data accuracy (risk of 

wrong inferences) and practical wearability for extended use. 

Participants primarily imagine the system as an attention-aware assistant for learn-

ing and instruction, extending from lectures to videos, demos, and reading. The most 

powerful expansion lever is real-time detection, which shifts the tool from retrospective 
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reflection to immediate intervention and prompts suggestions for high-stakes domains 

(politics/military) that would require especially careful governance. 

Discussion & Outlook 

This pilot study examined the feasibility of multimodal attention tracking in immer-

sive VR lectures using eye tracking and ear-EEG. The results highlight both the promise 

and the current limitations of combining these modalities in realistic learning environ-

ments. 

Regarding RQ1, the findings indicate that visual attention provides a meaningful but 

incomplete proxy for learning-related processes. Visual attention to lecture-relevant re-

gions significantly predicted noticing of lecture content, however only explaining a 

small portion of knowledge absorption. The relatively low explained variance suggests 

that gaze alone does not fully capture underlying cognitive processing. Learners may 

visually attend without deeply processing content, or conversely, disengage visually 

while remaining cognitively engaged with auditory input. This reinforces the need for 

complementary measures of attention beyond gaze. 

For auditory attention, both ASSR and speech envelope tracking provided only lim-

ited evidence for robust detection in the current setup. ASSR responses were largely 

absent for most participants, with strong responses observed in only a single case. Sim-

ilarly, speech envelope tracking yielded only weak reconstruction performance. Im-

portantly, these results should not be interpreted as evidence against auditory attention 

tracking in VR, but rather as an indication of the methodological constraints of weara-

ble, headset-compatible EEG systems. In particular, many attention-related neural re-

sponses are strongest in central and frontal regions, which are only indirectly captured 

by ear-centered EEG, limiting sensitivity in the present setup [26]. Several improve-

ments for future work emerge from this pilot. First, longer recording periods, especially 

for training data, are likely necessary to stabilize neural decoding models. Second, in-

creasing electrode coverage may improve spatial filtering and signal quality. Third, 

more advanced preprocessing and artifact handling will be critical in VR contexts, 

where movement-related noise is unavoidable. Finally, combining multiple neural fea-

tures and leveraging nonlinear decoding approaches may help compensate for reduced 

signal quality. 

Regarding RQ2, the pilot does not provide empirical evidence that multimodal 

tracking outperforms unimodal approaches. Instead, the results thus far support a con-

ceptual rationale for multimodality: eye tracking and EEG capture complementary as-

pects of attention, namely overt allocation and underlying neural processing. The cur-

rent findings therefore position multimodal attention tracking as a promising direction, 

but one that requires more robust sensing and integrated modeling before performance 

advantages can be systematically evaluated. 

Regarding RQ3, participants perceived the system as promising, especially for lec-

tures and other attention-critical contexts, but acceptance was clearly conditional. Qual-

itative feedback emphasized the value of such systems as supportive learning tools (for 

example, enabling reflection or identifying missed content) while also highlighting con-

cerns around privacy, data security, inference accuracy, and potential misuse in 
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asymmetric contexts such as workplaces. These findings underscore that attention-

aware systems are not only a technical challenge but also a socio-technical one, requir-

ing careful design and user-involvement to balance utility with autonomy and trust. 

Taken together, the findings position multimodal attention tracking in VR as a prom-

ising but still methodologically demanding avenue for NeuroIS research. This pilot 

study advances NeuroIS research on attention-aware learning in VR by examining the 

feasibility and acceptance of multimodal attention tracking. Learning from these initial 

findings, the next step is to refine the sensing setup, experimental design and analysis 

pipeline, and test whether combining gaze and ear-EEG improves attention detection 

in immersive lecture scenarios. In addition, future studies should systematically assess 

user well-being factors such as VR-induced discomfort or cybersickness, which may 

influence both attention and data quality. 

 Beyond its methodological contribution, this work can inform the design of learner-

centered VR systems that support attention while respecting privacy and responsible 

use. 
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Abstract. Critical thinking is a central safeguard for responsibility and accountability 

in deontologically-governed professions. Previous multi-method NeuroIS research 

has established how varying levels of AI reconstructive causal explanation complete-

ness influence the physiological and behavioral dynamics of critical thinking in AI-

assisted decision-making. This work-in-progress extends these findings by replicating 

the experimental methods under a panoptic manipulation reflecting the permanent 

possibility of professional audit. Preliminary findings, based on electrodermal activ-

ity, behavioral, and self-report measures of N = 14 participants, suggest that panopti-

cism preserves deliberative-phase but reconfigures executive-phase dynamics of crit-

ical thinking, with the distinction lying not in explanation completeness but in the 

presence or absence of AI support. These preliminary observations suggest that insti-

tutional oversight practices designed for self-directed professional judgment may not 

straightforwardly extend to AI-assisted decision-making. 

Keywords: Critical thinking · Panopticism · AI-assisted decision-making · Recon-

structive AI explanations · Electrodermal activity 

Introduction 

Critical thinking is a central safeguard for responsibility and accountability in deontologi-

cally-governed professions [1, 2].  However, as artificial intelligence (AI)-assisted decision-

making is increasingly integrated into these professional workflows, its inherent inscruta-

bility constrains professionals' ability to critically evaluate and justify AI-informed deci-

sions, increasing the risk of overreliance and potentially severing decisions from the deon-

tological standards these professions are bound to uphold [3, 4]. 
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In addressing this challenge, our prior NeuroIS research has shown that embedding AI 

explainability in the form of causal reconstructive explanations (post-hoc rationales that 

articulate decision-relevant factors in user-understandable, usable forms for judgment, here-

inafter reconstructive explanations) influenced professionals’ critical thinking in AI-as-

sisted decision-making when AI was consistently reliable, with effects varying by explana-

tion completeness and decision-making phase [1]. Specifically, in deliberative-phase eval-

uation, any level of reconstructive explanation reduced the need for critical engagement 

compared to no AI support by partially substituting for professionals' own evaluative pro-

cesses. However, during decision-execution, minimal reconstructive explanations (partial 

post-hoc rationales requiring professionals to draw on internal schemas to complete AI's 

reasoning) sustained deeper analytical engagement and greater experienced decision-confi-

dence, in contrast to fully reconstructive explanations which fostered a sense of decision-

confidence dissociated from the analytical effort that would otherwise ground it [1]. 

The present work-in-progress extends these findings by introducing a panoptic condi-

tion, reflecting institutional oversight practices enforced by statutory bodies that subject 

professional judgment to the permanent possibility of scrutiny [5], and investigates whether 

these dynamics of critical thinking established across no-AI support and varying levels of 

reconstructive causal explainability completeness are sustained. We therefore ask: How do 

the psychophysiological and behavioral dynamics of critical thinking manifest under pan-

optic conditions, and to what extent do they differ from those established under non-pan-

optic conditions? 

To address this question, we replicate the NeuroIS experimental methods of [1] under 

this panoptic condition. The preliminary findings, based on the analysis of electrodermal 

activity (EDA), behavioral, and self-report measures of N = 14 participants, suggest that 

panoptic conditions may preserve deliberative-phase but alter executive-phase dynamics of 

critical thinking.  

Theoretical Background 

Central to the exercise of independent reflective professional judgment that anchors respon-

sibility and accountability in deontologically-governed professions, critical thinking is a 

self-directed, self-correcting, criteria-driven, and context-sensitive mode of thought condu-

cive to informed judgment and calibrated decision-confidence under epistemic uncertainty 

[6–9], operating dynamically across the deliberative and executive phases of decision-mak-

ing [10].  

Using a multi-method NeuroIS approach [11] with practicing human resources (HR) 

professionals tasked with AI-assisted candidate pre-selection under consistently reliable AI, 

we showed that the level of completeness of reconstructive explanations influences the dy-

namics of critical thinking across decision-making phases in nuanced ways [1].  

During the deliberative phase, minimal and fully reconstructive explanations reduced 

neural markers of sustained and selective attention compared to no-AI support, while 
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reading times decreased with explanation completeness, consistent with more efficient pre-

dictive encoding and suggesting that any level of reconstructive explanations partially sub-

stitutes for internal evaluative processes, diminishing the need for critical thinking during 

the deliberative phase. However, during the executive phase, where judgment formation 

requires professionals to draw on internal schemas to complete AI's reasoning process, min-

imal reconstructive explanations were associated with greater activation of neural correlates 

of analytical reasoning and greater experienced decision-confidence. Decision times were 

longest with minimal reconstructive explanations, suggesting deeper analytical engagement 

consistent with systematic processing. Self-reported decision-confidence, by contrast, fol-

lowed explanation completeness, dissociating from experienced decision-confidence, sug-

gesting that minimal reconstructive explanations may better support the reasoning pro-

cesses that ground experienced decision-confidence in analytical rigor. No significant dif-

ferences in selective reliance were found between explanation conditions. Therefore, when 

AI outputs align with deontological standards, minimal reconstructive explanations  scaf-

fold, rather than substitute, internal reasoning, helping retain control over judgment and 

align confidence with analytical effort. 

However, these dynamics unfold under the permanent possibility of institutional scru-

tiny. Deontologically-governed professions commonly rely on institutionalized oversight 

practices mandated by statutory bodies, such as audits, to create formal accountability and 

responsibility for standards-aligned professional judgment [12].  
These institutionalized oversight practices, while varying in form across regulatory tra-

ditions, share the stated objective of protecting public interest through structured normative 

authority [13]. In doing so, such practices instantiate a panoptic mechanism, whereby the 

permanent possibility of audit sustains an organized field of visibility in which profession-

als know their conduct may be scrutinized at any time, inducing the internalization of norms 

and self-disciplining conformity [5]. 

Prior accountability research suggests that the permanent possibility of scrutiny whose 

specific focus cannot be anticipated may prompt preemptive self-criticism and more effort-

ful, integrative processing, as individuals prepare to defend their judgment against diverse 

possible objections [14, 15]. Applied to AI-assisted professional decision-making, however, 

this effortful processing may follow divergent paths. Panopticism may extend preemptive 

self-criticism to AI's reconstructive explanations, as professionals anticipate having to jus-

tify the rationale underlying their decisions, therefore, amplifying the scaffolding of internal 

reasoning observed with minimal reconstructive explanations under non-panoptic condi-

tions [1]. Alternatively, panopticism may impose a compound cognitive demand,  whereby 

professionals must simultaneously evaluate the evidence at hand and AI's reconstructive 

explanation while managing awareness that their judgment may be subject to institutional 

scrutiny, potentially exceeding the cognitive resources that sustained the dynamics of criti-

cal thinking established under non-panoptic conditions [1]. We therefore posit that the pan-

optic mechanism may either amplify critical engagement, or impose a compound cognitive 
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demand that differentially affects the no-AI support condition and AI-assisted reconstruc-

tive explanation conditions. 

Methods 

Data collection is ongoing, with the aim of matching the sample size of Experiment 1 in our 

previous study (N = 23) [1]. The present analysis draws on 14 active HR professionals, 

registered members of a recognized professional order (aged 24–45; M = 33; SD = 6.34; 

78.6% female; average 9 years of experience). Participants received CAD100 compensation 

and met eligibility criteria for electroencephalography (EEG)  and EDA measurements. The 

experiment was conducted at a North American university NeuroIS laboratory and ap-

proved by the Research Ethics Board (certificate #2023–5041). All participants provided 

written informed consent. 

Following the design of Experiment 1 in our previous work [1], using identical stimuli, 

participants completed a scenario-based Wizard-of-Oz [16] AI-assisted recruitment task 

with consistently reliable AI, in which they pre-selected Web Analyst candidates from pairs 

of resumes based on three criteria, across 30 counterbalanced trials divided equally into 

three within-subject conditions: no AI support (NASP), minimal reconstructive explana-

tions (MREP), and fully reconstructive explanations (FREP). Departing from Experiment 

1, participants were informed following task instructions and practice trials that their deci-

sions would be recorded and that a random subset could be audited post-hoc by an inde-

pendent committee of HR experts against the professional codes governing their practice, 

with justification potentially required, a manipulation of anticipated scrutiny shown to pro-

duce observable cognitive and neurophysiological effects [17–19]. Systematic differences 

on the dependent variables are therefore attributable to the panoptic manipulation, as pro-

tocol, stimuli, and recruitment criteria were otherwise held constant across our two experi-

ments [20]. Upon completion of the study, participants were informed that no such audit 

would be conducted. 

Measures, materials, apparatus, data preprocessing, and statistical analyses replicated 

Experiment 1 [1]. This work-in-progress reports skin conductance responses (SCR), as es-

tablished biomarkers of experienced decision-confidence [21, 22], reading and decision 

times, selective reliance and self-reported decision-confidence, following established prac-

tice of integrating psychophysiological and behavioral measures in NeuroIS research [23, 

24]. EEG data and between-experiment comparisons are deferred to the final analysis upon 

completion of data collection.  

Results 

The preliminary analysis reports that, during the deliberative phase, reading times decreased 

significantly across conditions  (NASP > MREP, t(139) = 3.67, p < 0.001, d = 0.31; NASP 
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> FREP, t(139) = 6.80, p < 0.001, d = 0.58; MREP > FREP, t(139) = 3.34, p < 0.001, d = 

0.28). 

During the executive phase, SCR amplitudes were significantly lower in MREP than 

FREP (Z = -2.658, p = 0.008), with NASP showing the lowest amplitudes, though non-

significant. Self-reported decision-confidence was significantly higher in FREP than both 

NASP (t(139) = -4.38, p < 0.001, d = 0.37) and MREP (t(139) = -3.12, p = 0.001, d = 0.26), 

while the difference between NASP and MREP  approached significance (t(139) = -1.63, p 

= 0.053, d = 0.14). Decision times showed a non-significant curvilinear trend, with the 

shortest average in MREP and the longest in FREP. Selective reliance was significantly 

lower in NASP compared to both MREP and FREP (p < 0.001). However, the difference 

between MREP and FREP was not significant.  

Discussion 

Taken together, these preliminary results offer initial insights into how the psychophysio-

logical and behavioral dynamics of critical thinking manifest across the phases of decision-

making under panoptic conditions, and how they differ from those established under non-

panoptic conditions [1]. 

During the deliberative phase (résumés assessment), reading times decreased signifi-

cantly across conditions, suggesting that predictive encoding dynamics observed under non-

panoptic conditions [1] may be maintained under panoptic conditions. 

During the executive phase (candidate pre-selection), the dissociation between experi-

enced and self-reported decision-confidence persists: SCR amplitudes were significantly 

lower with minimal than fully reconstructive explanations, while self-reported decision-

confidence followed explanation completeness. Thereby suggesting that minimal recon-

structive explanations may continue to sustain experienced decision-confidence grounded 

in analytical rigor. However, SCR amplitudes were lowest without AI support, though non-

significant, indicating that experienced decision-confidence may be greatest when profes-

sionals reason independently under panoptic conditions, inverting the non-panoptic pattern 

where experienced confidence was greatest with minimal reconstructive explanations [1]. 

Panopticism may therefore most readily support experienced decision-confidence when 

professionals exercise the self-directed reasoning that institutional oversight was instituted 

to discipline [5]. Decision times showed a non-significant trend, with fully reconstructive 

explanations now producing the longest average, contrary to [1], a pattern that may be con-

sistent with  the expectation that institutional scrutiny amplifies engagement with the most 

complete justificatory account available [14, 15]. Selective reliance was significantly lower 

without AI support than under both explanation conditions, whereas no such differentiation 

was observed under non-panoptic conditions [1], pointing to institutional scrutiny differen-

tiating AI-supported from independent reasoning rather than between levels of explanation 

completeness. 
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Together, these early findings, pending consolidation with the complete sample, suggest 

that panopticism may preserve deliberative-phase dynamics of critical thinking. However, 

during decision execution, panopticism may transform the scaffolding function of minimal 

reconstructive explanations established in [1] to be less effective. Instead, greater analytical 

engagement and experienced decision-confidence may be most evident when professionals 

reason independently.  

Conclusion: Implications and Next Steps 

Our findings contribute to NeuroIS research by: (1) providing preliminary psychophysio-

logical and behavioral observations suggesting that panopticism may preserve the deliber-

ative dynamics of critical thinking while transforming its executive dynamics, such that 

analytical engagement and experienced decision-confidence may be most evident when 

professionals reason independently of AI support; (2) responding to the call for strengthen-

ing ecological validity of laboratory findings [25] through the recruitment of registered pro-

fessionals and by experimentally reproducing the institutional oversight conditions that 

characterize deontologically-governed practice; and (3) extending the investigation of the 

cognitive and affective mediating mechanisms of IS use [26] to AI-assisted decision-mak-

ing in deontologically-governed professions.  

For practice, these findings suggest that institutional oversight practices designed for 

self-directed professional judgment may not straightforwardly extend to AI-assisted deci-

sion-making.  

Future work will complete data collection to match the target sample size of N = 23 as 

per Experiment 1 [1], analyze EEG data, and conduct between-experiment comparisons 

with sufficient power to discriminate between the alternative paths posited in this study. 

 

 

 

References 

 

1. Korosec-Serfaty, M., Léger, P.-M., Parent-Rocheleau, X., Sénécal, S.: Critical thinking in AI-

assisted deontologically-governed professional decision-making: When and how explainability, 

reliability, and transparency matter. Information Systems Frontiers. (2026). 

https://doi.org/10.1007/s10796-025-10691- 

2. Arendt, H.: Thinking and moral considerations: A lecture. Soc. Res. (New. York). 38, 417–446 

(1971). 

3. Benbya, H., Pachidi, S., Jarvenpaa, S.L.: Special issue editorial: Artificial intelligence in organ-

izations: Implications for information systems research, (2021). 

https://doi.org/10.17705/1jais.00662. 



218 

 

 

4. Lebovitz, S., Lifshitz-Assaf, H., Levina, N.: To engage or not to engage with AI for critical 

judgments: How professionals deal with opacity when using AI for medical diagnosis. Organi-

zation Science. 33, 126–148 (2022). https://doi.org/10.1287/ORSC.2021.1549. 

5. Foucault, M.: Discipline and punish: The birth of the prison. Second Vintage Books Editions 

(2012). 

6. Lipman, M.: Critical thinking: What can it be? Analytic Teaching. 8, (1987). 

7. Cohen, M.S., Freeman, J.T.: Thinking naturally about uncertainty. In: Proceedings of the Hu-

man Factors and Ergonomics Society Annual Meeting. pp. 179–183. Sage CA: Los Angeles, 

CA: SAGE Publications. (1996). 

8. Siegel, H.: Educating reason: Rationality, critical thinking and education. Routledge Publishing, 

New York (1989). 

9. Facione, P.A.: Critical thinking: What it is and why it counts. Insight Assessment. (2015). 

https://doi.org/https://doi.org/ISBN13:978-1-891557-07-1. 

10. Facione, P.A.: Critical thinking: A statement of expert consensus for purposes of educational 

assessment and instruction. Research Findings and Recommendations. (1990). 

11. Kirwan, C.B., Vance, A., Jenkins, J.L., Anderson, B.B.: Embracing brain and behaviour: De-

signing programs of complementary neurophysiological and behavioural studies. Information 

Systems Journal. 33, 324–349 (2023). https://doi.org/10.1111/isj.12402. 

12. Freidson, E.: Professionalism: The third logic. University of Chicago Press, Chicago (2001). 

13. Adams, T.L.: Regulating professions: The Emergence of professional self-regulation in four 

canadian provinces. University of Toronto Press (2018). 

14. Lerner, J.S., Tetlock, P.E.: Accounting for the effects of accountability. Psychol. Bull. 125, 

255–275 (1999). 

15. Tetlock, P.E.: Accountability and complexity of thought. J. Pers. Soc. Psychol. 45, 74–83 

(1983). 

16. Riek, L.D.: Wizard of Oz studies in HRI: A systematic review and new reporting guidelines. J. 

Hum. Robot. Interact. 1, 119–136 (2012). https://doi.org/10.5898/jhri.1.1.riek. 

17. Tetlock, P.E., Kim, J.D.: Accountability and judgment processes in a personality prediction 

task. J. Pers. Soc. Psychol. 52, 700–709 (1987). 

18. Balconi, M., Crivelli, D., Castiglioni, C., Lozza, E.: Social frame and tax compliance modulate 

electrophysiological and autonomic responses following tax-related decisions. Sci. Rep. 9, 4713 

(2019). https://doi.org/10.1038/s41598-019-41156-7. 

19. Hajcak, G., Moser, J.S., Yeung, N., Simons, R.F.: On the ERN and the significance of errors. 

Psychophysiology. 42, 151–160 (2005). https://doi.org/10.1111/j.1469-8986.2005.00270.x. 

20. Shadish, W.R., Cook, T.D., Campbell, D.T.: Experimental and quasi-experimental designs for 

generalized causal Inference. Houghton Mifflin, Boston, MA (2002). 

21. Bechara, A., Damasio, H., Tranel, D., Damasio, A.R.: Deciding advantageously before knowing 

the advantageous strategy. Science (1979). 275, 1293–1295 (1997). 

22. Dawson, M.E., Schell, A.M., Courtney, C.G.: The skin conductance response, anticipation, and 

decision-making. J. Neurosci. Psychol. Econ. 4, 111–116 (2011). 

https://doi.org/10.1037/a0022619. 

23. Riedl, R., Maedche, A.: Why behavioral measures as indirect measures of neurophysiological 

activity are important for progress in the NeuroIS discipline. In: Davis, F.D., Riedl, R., von 

Brocke, J., Léger, P.-M., and Müller-Putz, G.R. (eds.) Information systems and neuroscience: 



219 

 

 

NeuroIS 2025 (Lecture Notes in Information Systems and Organisation, Vol. 9). Springer 

(2025). https://doi.org/https://doi.org/10.1007/978-3-032-00815-2_15. 

24. Dimoka, A., Davis, F.D., Gupta, A., Pavlou, P.A., Banker, R.D., Dennis, A.R., Ischebeck, A., 

Müller-Putz, G., Benbasat, I., Gefen, D., Kenning, P.H., Riedl, R., Vom Brocke, J., Weber, B.: 

On the use of neurophysiological tools in IS research: Developing a research agenda for Neu-

roIS. MIS Quarterly. 36, 679–702 (2012). 

25. Balapour, A., Riedl, R.: Ecological validity in NeuroIS research: Theory, evidence, and a 

roadmap for future studies. J. Assoc. Inf. Syst. 26, 9–65 (2025). 

https://doi.org/10.17705/1jais.00904. 

26. vom Brocke, J., Hevner, A., Léger, P.M., Walla, P., Riedl, R.: Advancing a NeuroIS research 

agenda with four areas of societal contributions. European Journal of Information Systems. 29, 

9–24 (2020). https://doi.org/10.1080/0960085X.2019.1708218. 

  

 



220 

 

 

Empathic Displacement in Algorithmic Decision-Making: A NeuroIS 

Study 

 

Thomas Ware III1, John-Patrick Akinyemi2 and Lam An3
 

 

1University of Pittsburgh, Katz Graduate College of Business, Pittsburgh, PA 
{thw55@pitt.edu} 

2University of Texas-Austin, McCombs School of Business, Austin, Texas 
{JohnPatrick.Akinyemi@mccombs.utexas.edu} 

3University of Winnipeg, Department of Business and Administration, Winnipeg, Canada 
{l.an@winnipeg.ca} 

 

 

Abstract. AI recommendations increasingly anchor high-stakes social decisions, yet the 

neurological consequences for decision-makers’ perspective-taking engagement during hu-

man-AI collaboration remain unexamined. We propose that AI anchoring operates through 

the attenuation of prefrontal cortex activity, the neural substrate of perspective-taking and 

deliberative reasoning, consequential when individuals are affected by the decision at hand. 

Using EEG and ERP paradigms in an undergraduate admissions context, this study aims to 

identify this neural mechanism and examines dispositional perspective-taking as a neuro-

logical buffer against AI-induced displacement.  

Keywords: Algorithmic Decision-Making. Perspective-Taking. Prefrontal Cortex. Rela-

tional Perspective. NeuroIS. 

Introduction 

According to social psychology, when humans make consequential decisions, such as in 

admissions, hiring, lending, or criminal justice, they are embedded in a relational structure 

that extends beyond the mechanics of the decision itself [2]. At its center is the affected 

party: a person with goals, circumstances, and stakes whose future the decision will deter-

mine [2]. Resultantly, social cognitive theory suggests attention to the individual and her 

circumstances is salient when making decisions that will affect them  [2]. AI is increasingly 

inserted into this structure through algorithmic decision-making (ADM) [12, 18], defined 

as decision processes where AI-generated outputs, such as recommendations, scores, or 

predictions, mediate the encounter between decision-makers and the individuals their judg-

ments affect [13, 18].  

Recent work conceptualizes AI as an external cognitive system (System 3) that can 

substitute for, or bypass, internal cognition through processes of cognitive surrender [15]. 

From this perspective, AI alters when and how decision-makers engage their own cognitive 

and social reasoning. Additional evidence suggests this phenomenon is not contingent on 
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specific AI architecture. For instance, the ceding of evaluative judgment to AI-generated 

outputs is found across classical machine learning [14] and generative AI settings [10]. 

Thus, when decisions carry direct human consequences, understanding the effects of Sys-

tem 3 becomes critical [12]. If AI-induced cognitive surrender shifts engagement away from 

the affected party, individuals may be evaluated through algorithmic outputs rather than 

sustained consideration of their circumstances, leading to a de-humanized process [9]. In 

contexts where decisions carry direct consequences for individuals, we posit cognitive sur-

render carries an additional consequence; the displacement of the decision-maker’s em-

pathic orientation toward the affected party. Therefore ADM contexts with social conse-

quence, where the decision-maker’s orientation toward that subject is a meaningful compo-

nent of the decision process [12, 18], is the concentration of our study. 

We leverage an undergraduate admissions context for understanding how AI in-

fluences empathy in ADM. We operationalize ADM by employing a GenAI-augmented 

machine learning system that generates predictive recommendations. We furthermore lev-

erage multimodal signal triangulation allows us to measure these effects [17] by synchro-

nizing electroencephalography (EEG), eye-tracking, facial expression analysis, and gal-

vanic skin response (GSR) to strengthen inferences about attenuated engagement during 

ADM. This method, along with time-locked ERP analysis, examines the temporal dynamics 

of neural activity relative to stimulus onset, allowing us to identify early windows of en-

gagement that reflect automatic empathic orientation toward the individual [4, 11]. Im-

portantly, this allows us to pinpoint when that change emerges, in the first moments of ex-

posure, when an initial social-cognitive orientation takes shape, or later as deliberation un-

folds. 

Furthermore, we expect such effects may not be uniform across decision-makers 

[19]. Individuals with stronger dispositional perspective-taking (PT) may maintain engage-

ment with the applicant despite AI’s presence, while those with weaker empathic orientation 

may more readily defer to algorithmic outputs. Accordingly, we expect PT to reflect a stable 

orientation toward holding others’ circumstances in mind [19], possessing a relational ori-

entation that competes with, and may resist, the pull of the algorithm. These considerations 

motivate our research question: 

 

Does AI support attenuate decision-makers’ cognitive and empathic engagement with the 

applicant, and how does personality dispositions moderate this effect? 

 

Theoretical Background 

Empathic Engagement during ADM 

In decision contexts with direct social consequences, the capacity to model another person’s 

circumstances, motivations, and likely outcomes is the basis of sound judgment [2, 18]. Yet 

Shaw & Nave [15] demonstrate that when AI systems are used, decision-makers often en-

gage in cognitive surrender, referred to as the uncritical adoption of AI outputs with minimal 
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scrutiny. Effectively bypassing the deliberative and social-cognitive processes that sound 

judgment requires. This behavioral pattern reflects a reverse of agency in decision-making, 

from the person making the judgment to the algorithm [1]. When agency moves to the sys-

tem, the applicant may also recede as a person in the decision-maker’s experience, becom-

ing less a lived narrative and more a set of model-relevant features. That matters because 

empathic engagement is not just “extra reasoning.” It is a social orientation that shapes what 

information feels salient, what tradeoffs feel acceptable, and how much moral weight is 

afforded to the consequences borne by the affected party [6, 19]. Thus, AI-guided decision 

frames may dampen the felt connection and responsibility that typically motivate careful, 

human-centered evaluation. 

Multimodal Measurement: Empathic Engagement and Temporal Dynamics 

Empathic engagement with affected parties during consequential decisions draws on mul-

tiple cognitive and affective processes, including attention to socially meaningful infor-

mation [6] and affective responsiveness [19]. However, we suggest when decision-makers 

cede judgment to algorithmic outputs, they disengage from the epistemic orientation that 

makes empathic appraisal possible. In turn, the affected party shifts from subjects whose 

circumstances demand interpretive engagement to objects already processed by the algo-

rithm. We term this empathic displacement, defined by the systematic withdrawal of PT 

and contextual sensitivity through which cognitive surrender extends beyond decisional 

conformity to include moral distancing from the human consequences of the decision.  

We study this effect as convergent reductions across four synchronized signals. 

While EEG captures the temporal signature of empathic attenuation [4, 11], it cannot inde-

pendently confirm its source. Thus, we leverage additional measures to triangulate empathic 

displacement across attentional, affective and physiological measures. For instance, eye-

tracking dwell time on applicant narrative content reveals whether attentional allocation 

shifts away from socially meaningful information toward algorithmic output during the 

early processing window [3]. Facial expression emotional responsiveness indicates whether 

affective engagement with the applicant persists or flattens under ADM exposure [7]. Ad-

ditionally, GSR arousal during profile review provides a physiological measure of engage-

ment independent of conscious report [16]. Together, this triangulation isolates empathic 

displacement as the operative mechanism rather than general disengagement or reduced 

cognitive effort. 

Furthermore, the temporal dimension of neural engagement is particularly in-

formative [11]. Time-locked ERP analysis allows us to examine when engagement shifts 

relative to stimulus onset. Early neural activity following exposure to an applicant profile 

reflects the initial orienting response to socially meaningful information, the rapid, largely 

automatic assessment that a person with circumstances and stakes is present [4, 11]. Ad-

versely, later activity reflects deliberative evaluation, emotional regulation, and decision 

formation [4, 11]. Therefore, if ADM attenuates the early orienting response while leaving 

later activity relatively intact, this pattern is consistent with disrupted empathic engagement 

rather than general cognitive effort reduction. If attenuation is uniform across the full 
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window, alternative explanations such as reduced effort or task disengagement become 

more plausible.  

Hypothesis Development 

Cognitive Surrender Orients Empathic Displacement 

Prior behavioral work establishes that AI recommendations anchor decision outcomes [14], 

and Shaw & Nave [15] demonstrate that this anchoring often manifests as cognitive surren-

der. Yet cognitive surrender has been treated as a purely cognitive effect. However, we 

suggest when decision-makers cede judgment in ADM, they disengage from the epistemic 

orientation that makes empathic appraisal possible. In turn, the affected party shifts from a 

person whose story invites interpretation to an object treated as already decided by the al-

gorithm. [9]. Resulting in an interpersonal distancing from the human consequences of the 

decision. Leading us to our first hypothesis; 

 

H1: ADM will produce convergent attenuation in empathic engagement across multimodal 

signals (EEG, eye-tracking, facial expression, GSR) relative to non-AI advisory conditions. 

Empathic Displacement Localizes to Early Neural Activity 

Differences in empathic engagement should manifest in early-phase neural responses to 

socially meaningful stimuli, as Li & Han [11] demonstrated that early neural activity is 

selectively sensitive to socially relevant processing before later regulatory mechanisms en-

gage. We leverage this temporal specificity to identify empathic displacement, expecting it 

to be evident in the attenuation of these early engagement signatures, reflecting a failure to 

orient toward the applicant’s circumstances rather than general cognitive load reduction [4]. 

Triangulation across modalities strengthens this inference [3, 7, 16, 17], as convergent at-

tenuation across neural, attentional, affective, and physiological channels would affirm that 

the observed pattern reflects systemic empathic disengagement rather than an artifact of any 

single measure. If empathic displacement operates at the level of orientation, its temporal 

signature should be similarly specific. Therefore, we hypothesize the following; 

 

H2: ADM will produce greater attenuation in early-phase neural engagement with socially 

relevant stimuli than in later-phase regulatory activity 

Dispositional PT Is a Buffer Against Empathic Displacement 

If the previous two hypotheses hold, they would together indicate the presence of empathic 

displacement, yet such effects. Leveraging prior literature on empathy [19], we posit that 

those with strong empathic engagement capabilities attenuate the effects of cognitive sur-

render across decision outcomes. Thus, those with higher dispositional PT, as measured by 
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the IRI, may serve as a buffer against empathic displacement. Not because high-IRI indi-

viduals are less susceptible to cognitive surrender behaviorally, but because their engage-

ment with the affected party as a subject with a perspective is more resistant to displace-

ment. We therefore predict that decision-makers with higher IRI scores will show corre-

spondingly smaller reductions in early-phase neural engagement with socially relevant 

stimuli under ADM. Thus, our final hypothesis is stated as follows; 

 

H3: Higher dispositional PT (IRI) will moderate empathic displacement in ADM 

 

Experiment Design 

Participants 

We aim to recruit 25–35 graduate students (master’s, law, PhD, and Ed.D candidates), with 

an initial trial of approximately 10 participants. This group is theoretically meaningful for 

testing empathic displacement. Specifically, p articipants are equipped with domain famil-

iarity and intrinsic investment in educational outcomes needed to establish baseline engage-

ment with the applicant [8]. This allows us to focus on participants who would be expected 

to attend to the affected party absent AI, allowing any displacement to be more plausibly 

attributed to ADM. 

Experimental Context: Undergraduate College Admissions 

We select undergraduate admissions for our research context, as decisions are consequential 

for applicants’ life trajectories, where ADM is becoming increasingly involved [12, 18]. 

Thus, making this setting ecologically appropriate for studying empathic displacement. Ap-

plicant profiles are designed to reliably elicit empathy across conditions. Thus, each profile 

must include a substantive contextual background that presents the applicant as a person 

with goals, circumstances, and potential. 

Pre-Experimental Survey 

Prior to the experiment, participants will complete the PT sub-scale of the Interpersonal 

Reactivity Index (IRI) [5], which serves as the primary individual difference moderator in 

H3 analyses. The subscale is theoretically appropriate because it measures dispositional PT 

[5], referring to an individual’s stable, trait-level tendency to adopt another person’s point 

of view. This represents a natural inclination rather than a situationally induced state using 

self-reported measure. Therefore, by mapping IRI scores onto empathic engagement during 

the decision encounter, we can examine whether those who naturally tend toward PT show 

greater neural resistance to empathic displacement. 
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Procedure 

Participants are randomly assigned to one of two between-subjects conditions: 

● Non-AI condition: Profiles are displayed alongside a Success Score, rule-based 

algorithmic-driven score 

● AI condition: Profiles are displayed alongside an AI recommendation generated 

by a GenAI-augmented, machine learning model trained on application data. 

 

The non-AI condition provides equivalent informational input through rule-based score 

that carries no evaluative authority over the decision. The GenAI-augmented ML output 

operates differently. Trained on applicant data, it derives its output from learned patterns 

and presents as a judgment that implies the applicant has already been assessed. By holding 

informational content constant, while varying the authority of the advisory input, this design 

allows us to attribute differences in empathic engagement to the AI condition rather than 

informational asymmetry. Accordingly, each trial follows the sequence: fixation cross 

(500ms) → applicant profile with advisory input (3 minutes) → decision prompt (Admit / 

Reject / Waitlist, self-paced) → inter-trial interval (1–2 seconds), repeated 20 times per 

participant with continuous EEG recording. Post-task questionnaires will capture decision 

experience, deliberation patterns, and subjective engagement with applicant profiles. 

Data Analysis 

Data analysis will employ a triangulation approach using the iMotions multimodal research 

platform, which synchronizes time-locked data collection across EEG, eye-tracking, facial 

expression analysis, and GSR within a unified temporal framework. This synchronized mul-

timodal design enables convergent analysis across neural engagement markers, attentional 

allocation, affective responsiveness, and autonomic arousal (H1), examination of early- ver-

sus late-phase temporal dynamics in neural engagement (H2), and moderation analysis of 

dispositional perspective-taking across these convergent indicators (H3). 

Discussion 

This study makes two distinct contributions to the literature on ADM. The first is the iden-

tification and characterization of the mechanism through which ADM reorganizes decision-

making in contexts where decisions carry direct human consequence, require judgment un-

der uncertainty, and resist full algorithmic resolution [12, 18]. Prior work has established 

that AI functions as a System 3 cognitive anchor [14], manifests as cognitive surrender [15]. 

We extend this line of research by demonstrating that in ADM contexts with direct social 

consequences, cognitive surrender is not merely a failure in deliberation, but displaces the 

empathic engagement that connects decision-makers to the affected party. We identify such 

effects through a triangulation across neural, attentional, affective, and physiological sig-

nals. Resultantly, allowing us to be more precise about connecting the behavioral phenom-

enon of cognitive surrender to its empathic mechanism. 
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The second contribution is the establishment of dispositional PT as a buffer against 

empathic displacement via IRI moderation analysis [5]. These contributions together ad-

dress the normative motivation underlying this line of research: re-humanizing a decision 

process that ADM systematically de-humanizes. In this view, PT acts as a salient sense-

making capacity that enables decision-makers to hold the affected party’s circumstances, 

context, and subjectivity in view, contributing to ADM processes in ways that algorithmic 

outputs cannot [12, 18]. Understanding the mechanism of its displacement, and identifying 

who is most and least susceptible to that displacement, is therefore a necessary precondition 

for designing interventions that preserve the distinctly human capacities that high-stakes 

social decisions demand. 
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Abstract. This pilot study examines whether neural uncertainty monitoring 

changes across repeated interactions with Generative Artificial Intelligence 

(GenAI) and whether a final-stage explanation modulates this process. Using 

EEG time-frequency analysis, we quantified frontal theta power (4-7 Hz) at 

F3/F4 across three interaction moments: the first AI response (M1), the second 

AI response (M2), and the final decision-relevant moment (Final). Frontal theta 

decreased significantly from M1 to Final, consistent with reduced uncertainty 

monitoring across repeated GenAI interaction. Intermediate contrasts were not 

significant, suggesting that neural adaptation may be concentrated at the final 

decision-relevant stage rather than unfolding linearly. Exploratory analyses of the 

Final moment indicated a context-dependent tendency in the effect of explana-

tion, but this pattern did not reach the corrected significance threshold and should 

therefore be interpreted cautiously. Overall, the findings provide preliminary 

NeuroIS evidence that repeated GenAI interaction may be accompanied by re-

duced frontal uncertainty monitoring. 

Keywords: Electroencephalography (EEG), Trust, NeuroIS, Generative AI 

(GenAI), Uncertainty Monitoring, Brain, Frontal Theta 

Introduction 

The rapid advancement of Generative Artificial Intelligence (GenAI) is fundamentally 

transforming the digital commerce landscape, shifting the focus from simple search algo-

rithms to sophisticated virtual advisors that generate highly personalized content [1–3]. 

In high-involvement domains such as booking hotels or low-involvement domains such 

as purchasing consumer electronics, GenAI systems act as agentic entities that analyze 

complex user needs to provide realistic recommendations, effectively bridging the 

"knowledge and intelligence gap" between automated systems and human reasoning [4]. 

While these capabilities offer unprecedented efficiency in reducing information overload, 

they also introduce significant psychological challenges, as users must navigate the risks 

of hallucinations and potential biases in generated product suggestions [3, 4]. Trust is 

central for adopting GenAI in high-involvement shopping, and trust and distrust should 
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be treated as distinct constructs that can co-occur [2, 5, 6]. Empirical evidence from adja-

cent human–technology contexts shows that perceived opacity in digital systems can sim-

ultaneously erode trust, heighten privacy concerns, and increase stress, dynamics that may 

translate analogously to consumer interactions with opaque GenAI systems [7]. Although 

prior research has established the importance of trust in AI and automation, trust is too 

often measured by a small set of popular self-report measures, and self-report generally 

requires pausing the task, meaning surveys are often infrequently administered and there-

fore may not capture the full evolution of trust [8]. Self-reporting methods, such as ques-

tionnaires measuring trust, capture static aspects of trust but cannot reflect its dynamic 

nature [9]. As a result, less is known about how trust-related monitoring processes evolve 

during repeated interaction with GenAI in real time. As trust is a dynamic and task-de-

pendent concept, new methods are required to infer or predict a person's trust in an agent 

over time, given their interactions, rather than using post-hoc questionnaires to elicit trust 

[10]. This limitation is particularly relevant for GenAI systems, whose outputs can vary 

across prompts and even across repeated runs, making consistency and predictability less 

stable than in many traditional automation settings. The generative process is largely 

opaque to users, who cannot inspect the underlying reasoning and therefore lean on sur-

face cues such as fluency, coherence, and conversational presentation when judging out-

puts, cues that can inflate perceived credibility and reliance even when responses are par-

tially inaccurate [11]. Their responses can change with updates, the details of which are 

often not made transparent by LLM providers, and outputs can be nondeterministic in the 

sense that the same prompt leads to a different response when input to the model again, 

making the behavior of such models difficult to predict [12]. These conversational and 

justificatory responses may thus dynamically shape users' perceptions of predictability, 

transparency, and reliance. To address these limitations, the interdisciplinary field of 

Neuro-Information Systems (NeuroIS) employs neurophysiological tools and knowledge 

to gain more objective insights into the cognitive and emotional processes underlying 

trust [13, 14]. Prior NeuroIS research has predominantly relied on retrospective, survey-

based approaches rather than continuous neurophysiological measurement [15]. Among 

these tools, Electroencephalography (EEG) has emerged as a major instrument for inves-

tigating the neural mechanisms of cognitive load, decision-making biases, and "cognitive 

offloading" which defines the process by which individuals delegate mental effort to 

GenAI systems during complex tasks like comparing hotel options or evaluating con-

sumer electronics [13]. 

Theory and Hypothesis Development 

Trust in GenAI as a Dynamic Calibration Process 

Trust in AI is not established instantaneously but develops through repeated interaction 

and ongoing calibration. In trust theory, trust refers to a willingness to accept vulnerability 

based on positive expectations regarding another party’s competence and intentions  [16]. 

Applied to technological systems, this willingness is not fixed but is continuously updated 

as users accumulate experience [17]. In human–AI interaction, such expectations are 

formed and updated as users observe the system’s behavior over time [18, 19]. This dy-

namic process has been characterized as trust calibration — the ongoing alignment 
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between subjective trust and the actual reliability of an automated system [18, 20]. This 

process is especially relevant for Generative AI (GenAI), because GenAI systems do not 

merely retrieve predefined options but generate conversational, context-sensitive outputs 

that may appear reasoned, adaptive, and responsive [13, 21]. Unlike deterministic soft-

ware, GenAI systems can produce variable and non-transparent responses, which in-

creases the challenge of forming stable expectations and relying on prior experience to 

guide trust [22]. Across repeated interaction, users gradually accumulate cues about the 

system’s predictability, usefulness, and apparent competence. According to Information 

Richness Theory, equivocality declines when additional cues reduce ambiguity and sup-

port interpretation [23]. Similarly, research on trust in automation emphasizes that trust is 

calibrated dynamically as users gain experience with system performance [18, 19]. Ap-

plied to GenAI, this suggests that uncertainty may be highest during the initial interaction, 

when users are still evaluating the quality and reliability of the system’s output, and lower 

at later stages, once repeated responses provide a basis for expectation formation. This 

pattern mirrors findings in the broader human–AI interaction literature, which suggest 

that initial uncertainty gradually decreases as users acquire diagnostic information about 

system behavior [24]. 

Frontal Theta as a Neural Marker of Uncertainty Monitoring 

To capture this dynamic calibration process at the neural level, we focus on frontal theta 

power. Frontal theta activity in the 4–7 Hz range has repeatedly been linked to uncertainty 

monitoring, conflict processing, and cognitive control [25–27]. It is particularly relevant 

when individuals evaluate ambiguous information, detect conflict, or allocate monitoring 

resources to guide action selection [25, 26]. Frontal midline theta is understood to reflect 

a domain-general computation of the need for control — sensitive to novelty, uncertainty, 

conflict, and error across contexts [25]. In the context of GenAI interaction, early re-

sponses from the system may evoke stronger uncertainty monitoring because users have 

not yet established stable expectations regarding output quality or reliability. As interac-

tion continues and the system becomes more predictable, monitoring demands may de-

cline, consistent with evidence that frontal theta decreases as stimulus patterns become 

familiar and expectations stabilize [28]. Accordingly, frontal theta provides a theoretically 

grounded neural indicator for examining whether repeated GenAI interaction is associ-

ated with reduced uncertainty monitoring. Based on this reasoning, we propose the fol-

lowing hypothesis: 

H1: Frontal theta power is lower at the final decision-relevant moment (Final) than at 

the first AI response (M1). 

Repeated Interaction Trajectory 

Although a lower level of uncertainty monitoring is expected at the final moment than at 

the beginning of the interaction, the exact trajectory across intermediate moments is less 

clear. Two competing accounts can be distinguished. One possibility is a gradual, mono-

tonic decline, such that each additional GenAI response incrementally reduces ambiguity, 
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consistent with associative learning accounts that predict a progressive attenuation of pre-

diction error signals as stimuli and their consequences become more familiar [29]. From 

a neural standpoint, this account is supported by evidence that frontal midline theta power 

systematically decreases as the brain forms increasingly stable representations of recur-

ring stimuli — a pattern observed across habituation paradigms and interpreted as reflect-

ing reduced demands for cognitive monitoring once outcomes become predictable [25, 

30]. A second possibility is a more concentrated shift, in which uncertainty remains rela-

tively stable across early interaction moments and only substantially declines once the 

interaction reaches a decision-relevant stage — that is, once users have accumulated suf-

ficient diagnostic evidence to anchor their expectations about the system's reliability [18, 

31]. This account aligns with research showing that trust calibration in human–automa-

tion interaction does not always develop smoothly but can instead consolidate rapidly 

once users reach a threshold of system familiarity or encounter decision-critical output 

[19, 32]. The distinction between these trajectories matters theoretically: a monotonic de-

cline would suggest that each GenAI response carries approximately equal informational 

weight in reducing uncertainty, whereas a concentrated late-stage shift would imply that 

earlier responses serve primarily an exploratory function, exposing users to the system's 

style and apparent reasoning, while the final, decision-relevant response triggers the crit-

ical recalibration of monitoring demands. Because repeated exposure provides cumula-

tive evidence about system behavior regardless of the exact trajectory, we nevertheless 

expect an overall decrease in frontal theta across the interaction sequence. Accordingly, 

we propose the following hypothesis: 

H2: Frontal theta shows a decreasing trajectory across repeated interaction moments 

(M1, M2, Final). 

Final-Stage Explanations and Context 

Explanations are commonly assumed to reduce opacity by making system output more 

interpretable [33, 34]. In GenAI settings, explanations may also be perceived as relational 

signals because justificatory language can resemble interpersonal accountability and re-

sponsiveness [35–37]. This effect may be amplified by the conversational design of 

GenAI systems, which tends to elicit social processing and parasocial responses even 

when users are aware of the system's non-human nature [37, 38]. Such explanations may 

therefore reduce ambiguity and support reliance, especially when users face consequen-

tial or involvement-rich decisions. At the same time, explanation effects may depend on 

application context. In higher-involvement contexts, users may perceive greater vulnera-

bility and may therefore be more likely to value additional justificatory cues [16, 18]. In 

lower-involvement contexts, the same cues may carry less diagnostic value because users 

may rely more strongly on heuristics and require less extensive evaluation, consistent with 

dual-process accounts of information processing [39].  Because explanations were intro-

duced only at the Final moment in the present design, we treat their effect, and its possible 

dependence on context, as exploratory. Accordingly, we examine the following explora-

tory research question: 



232 

 

 

RQ1: Does the effect of a final-stage explanation on frontal theta depend on application 

context? 

Methodology 

Participants, Study Design, and Procedure 

Ten participants (N = 10) took part in a laboratory EEG pilot study examining trust-rele-

vant evaluation of GenAI recommendations across repeated interaction moments. The 

small sample reflects the resource-intensive nature of EEG data collection and the explor-

atory character of the study, which aimed to provide preliminary effect-size estimates 

rather than population-level conclusions. The experiment employed a mixed design with 

Context (hotel booking vs. smartphone search) as a between-subject factor and Explana-

tion at Final (present vs. absent) as a within-subject factor. The two contexts reflected 

different consumer decision settings: a higher-involvement context (hotel booking) and a 

lower-involvement context (smartphone search). Each participant completed two coun-

terbalanced stimulus blocks within their assigned context, differing only in whether the 

final GenAI output included an explanation. Block order was randomized. Participants 

interacted with a custom GPT presenting identical, pre-defined AI outputs within their 

condition, ensuring stimulus standardization. Upon arrival, participants were seated, fitted 

with an EEG cap, and completed a 2-minute resting baseline (60 s eyes open, 60 s eyes 

closed) before the task. Event markers were recorded throughout for later segmentation. 

Within each block, participants encountered three predefined interaction moments — M1, 

M2, and Final — representing successive AI responses, with explanations appearing ex-

clusively at the Final moment. Participants were instructed to evaluate the outputs as re-

alistic consumer decisions.  After each block, participants completed a post-block ques-

tionnaire assessing social presence, trusting beliefs, perceived ease of use, perceived use-

fulness, usage intentions, and a manipulation check for perceived transparency/justifica-

tion based on Qiu and Benbasat (2009)[40]. After both blocks, participants completed a 

final Trust-in-AI / Distrust-in-AI questionnaire capturing more general attitudes toward 

AI systems based on Scharowski et al. (2025)[41]. The session ended with debriefing. 

Event Structure and Analytical Unit 

The experiment yielded repeated EEG observations for the three focal interaction mo-

ments (M1, M2, Final) across two blocks per participant. Because each participant com-

pleted two blocks and each block contained one occurrence of each interaction moment, 

each participant contributed two observations per interaction moment at the block level. 

For EEG feature extraction, event-related spectral measures were first computed sepa-

rately for each occurrence of M1, M2, and Final. These values were then averaged across 

the two occurrences of the same interaction moment within each participant. Conse-

quently, inferential statistics were conducted at the participant level (N = 10) rather than 

at the level of single trials or epochs. This aggregation strategy was chosen to avoid 

pseudo-replication and to ensure that the statistical unit of analysis matched the experi-

mental unit. EEG epochs were time-locked to AI-response onset, which served as the 
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event of interest for the task-related analyses. For each participant, three response-locked 

epochs were obtained per block, corresponding to the first AI response (M1), the second 

AI response (M2), and the final decision-relevant AI response (Final). Because each par-

ticipant completed two blocks, this yielded a theoretical maximum of six task-related 

epochs per participant, that is, two epochs for each interaction moment. Across the full 

sample of 10 participants, the theoretical maximum was therefore 60 task-related epochs 

(20 for M1, 20 for M2, and 20 for Final) before artifact-based epoch rejection. For infer-

ential testing, epochs were averaged within participant and interaction moment, resulting 

in one aggregated value per participant for M1, M2, and Final. 

EEG Recording and Preprocessing 

EEG was recorded using a Brain Products X.on system with a sparse 7-channel montage 

consisting of F3, F4, C3, Cz, C4, P3, and P4. An auxiliary bipolar channel was recorded 

but not included in the present analyses. Data were processed in EEGLAB. Continuous 

EEG was filtered using a 0.5-30 Hz zero-phase FIR filter and re-referenced to the average 

reference. Independent Component Analysis (ICA) was then applied for artifact correc-

tion. Components reflecting ocular or muscular activity were identified based on their 

scalp topography, activation time course, and spectral characteristics and were removed 

prior to time-frequency analysis. EEG data were segmented relative to AI-output onset, 

which served as the primary event marker for the neural analyses. Epochs ranged from -

200 to 1000 ms relative to AI-output onset. Baseline correction used the -200 to 0 ms pre-

stimulus interval. The primary analysis window for feature extraction was the 200-800 

ms post-stimulus interval, which was selected to capture post-stimulus uncertainty-mon-

itoring activity while excluding the pre-stimulus baseline period. Importantly, this event-

related analysis window refers to a short neural segment within the broader stimulus 

block, not to the duration of the entire block. 

Time-Frequency Analysis and Neural Measures 

Time-frequency analysis focused on event-related spectral perturbations (ERSPs) com-

puted using EEGLAB’s newtimef function in the 3-30 Hz range with baseline correction. 

The primary neural outcome was frontal theta power (4-7 Hz) averaged across electrodes 

F3 and F4 and quantified as mean ERSP amplitude in the 200-800 ms post-stimulus win-

dow. This focus on frontal theta at F3/F4 was theory-driven rather than data-driven. 

Frontal theta has been consistently linked to uncertainty monitoring, conflict processing, 

and cognitive control, which directly corresponds to the central theoretical construct of 

the present study [25–27]. Because theta power is maximal over frontal midline sensors, 

electrode sites in the frontal region — including F3, Fz, and F4 — have been selected a 

priori in prior EEG research based on this established topographic pattern [42]. This lo-

calization is further supported by evidence that mid-frontal theta activities reflect a com-

mon computation used for realizing the need for cognitive control, and that other fre-

quency bands, while potentially informative, serve distinct roles that are separable from 

the core uncertainty and monitoring signal indexed by frontal theta [25]. Consistent with 

this, mid-frontal ERP components and theta band oscillatory processes reflect a common 
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underlying action monitoring mechanism that is sensitive to novelty, conflict, punish-

ment, and error across different task demands [43]. Prefrontal theta oscillations more 

broadly have been proposed to serve as a coordinating mechanism through which the 

prefrontal cortex recruits task-relevant networks during cognitively demanding situations, 

further underscoring their suitability as a theory-grounded marker [44]. Although EEG 

was recorded from seven scalp locations and additional frequency bands may also be in-

formative, the pilot sample required a restricted primary analysis strategy in order to limit 

multiple testing and preserve interpretability. Restricting analysis to a pre-specified elec-

trode cluster and frequency band is consistent with recommended practice in small-sam-

ple neuroimaging studies, where the number of statistical comparisons must be tightly 

controlled to maintain acceptable false positive rates [45]. Accordingly, the present man-

uscript treats frontal theta at F3/F4 as the confirmatory neural marker of interest.  

Statistical Analysis 

To test the primary hypothesis, paired-samples t-tests compared frontal theta between the 

key interaction moments M1 and Final. To examine the broader trajectory across repeated 

interaction, additional paired comparisons were conducted for M1 vs. M2 and M2 vs. 

Final. Because the study was based on a small pilot sample, corrected p-values were em-

phasized throughout and effect sizes were reported as paired-samples Cohen’s d. To ex-

amine the exploratory role of explanation and context at the Final moment, a mixed anal-

ysis was conducted with Context (hotel vs. smartphone) as a between-subject factor and 

Explanation (present vs. absent) as a within-subject factor. Because explanations were 

manipulated only at the Final moment and the sample size was small, this analysis is 

explicitly treated as exploratory. 

Self-Report Measures 

Questionnaire data were analyzed descriptively. The post-block measures assessed social 

presence, trusting beliefs, perceived ease of use, perceived usefulness, usage intention, 

and perceived transparency/justification. The final questionnaire assessed general trust in 

AI and distrust in AI. For each item and construct, descriptive statistics were computed 

to document general response patterns and to verify whether the explanation manipulation 

increased perceived transparency/justification. No inferential statistics were reported for 

questionnaire data in the present pilot manuscript because the available export was aggre-

gated at the item/condition level rather than stored in participant-level format suitable for 

inferential testing. Consequently, correlations between self-report measures and EEG 

measures were not computed in the present version and should be examined in future 

follow-up work using participant-level questionnaire data. 

Results  

Descriptive Overview of Frontal Theta Across Interaction Moments 
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Table 1 presents descriptive statistics for the primary neural outcome, frontal theta power 

(4–7 Hz) averaged across F3/F4, separately for the three interaction moments M1, M2, 

and Final. Descriptively, frontal theta was highest at the first AI response (M1) and lowest 

at the final decision-relevant moment (Final), indicating an overall decline across repeated 

GenAI interaction. The second interaction moment (M2) was located between these two 

points, suggesting a downward trend in the primary neural measure across the interaction 

sequence. Because each participant completed two blocks, each interaction moment was 

observed twice per participant. For inferential testing, the two AI-response-locked epochs 

per interaction moment were averaged within participant, resulting in one aggregated 

frontal-theta value per participant for M1, M2, and Final. 

 

Fig. 1. Frontal Theta Across M1, M2, Final 

Trust Dynamics Across Interaction Moments and the Role of Explanation 

To test H1, paired-samples t-tests were used to compare frontal theta between the first AI 

response (M1) and the final decision-relevant moment (Final). The analysis revealed a 

significant reduction in frontal theta from M1 to Final, t(9) = 3.09, p = .013, corrected p 

= .039, Cohen’s d = 0.98. Thus, frontal theta was lower at the final interaction moment 

than at the initial response, supporting H1. This result is consistent with the assumption 

that uncertainty-monitoring demands were lower at the end of the repeated GenAI inter-

action than at its beginning. Given the pilot nature of the study, this finding should nev-

ertheless be interpreted as preliminary evidence. 

     To examine H2, additional paired comparisons were conducted across the full interac-

tion sequence. The comparison between M1 and M2 did not reach statistical significance, 

t(9) = 2.00, p = .077, corrected p = .153, Cohen’s d = 0.63. Likewise, the comparison 

between M2 and Final was not significant, t(9) = 1.25, p = .243, Cohen’s d = 0.40. Taken 

together, these results do not provide full statistical support for a strictly decreasing mo-

ment-to-moment trajectory across M1, M2, and Final. While the descriptive pattern is 

consistent with an overall reduction in frontal theta across repeated interaction, only the 
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contrast between the first and final moment reached significance. Therefore, H2 was not 

supported. 

     To address RQ1, we explored whether the effect of a final-stage explanation on frontal 

theta depended on application context. Because explanations were manipulated only at 

the Final moment and the sample size was small, this analysis was treated as exploratory. 

A mixed analysis with Context (hotel vs. smartphone) as a between-subject factor and 

Explanation (present vs. absent) as a within-subject factor was conducted for frontal theta 

at the Final moment. The Context × Explanation interaction did not reach the conven-

tional significance threshold, F(1,8) = 5.13, p = .053. No robust main effects were ob-

served. Accordingly, the data do not permit a confirmatory conclusion regarding context-

dependent explanation effects. At most, the result indicates an exploratory numerical ten-

dency that should be interpreted cautiously and examined in a larger follow-up study. 

Self-Report Measures 

The post-block questionnaire assessed social presence, trusting beliefs, perceived ease of 

use, perceived usefulness, usage intention, and perceived transparency/justification. In 

addition, participants completed a final Trust-in-AI / Distrust-in-AI questionnaire captur-

ing more general attitudes toward AI systems. Descriptively, participants reported gener-

ally positive evaluations of the GenAI recommendations, particularly with regard to use-

fulness and advice quality. At the same time, general trust in AI and distrust in AI were 

both moderate (Trust: M = 3.57; Distrust: M = 3.68), suggesting a pattern of ambivalence 

rather than unconditional acceptance. The manipulation check further indicated higher 

perceived transparency/justification in the explanation condition than in the no-explana-

tion condition, which supports the intended difference between the two Final-stage con-

ditions. Because of the sample size, no inferential statistics or correlations between self-

report and EEG variables were computed in the present pilot report. These associations 

should be examined in future work using participant-level questionnaire data. 

Summary of Findings 

Overall, the results provide preliminary evidence that frontal theta decreased from the 

first AI response to the final decision-relevant moment of repeated GenAI interaction. 

This finding supports H1. By contrast, the broader hypothesis of a strictly decreasing 

trajectory across all three interaction moments (H2) was not supported statistically, alt-

hough the descriptive pattern was in the expected direction. Finally, the exploratory 

analysis for RQ1 did not yield conclusive evidence that the effect of a final-stage expla-

nation depended on application context. 
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Table 1. Summary of Hypotheses and Results. 

Discussion and Conclusion  

The present pilot study examined whether repeated interaction with GenAI is associated 

with changes in a neural marker of uncertainty monitoring. The main finding was a signifi-

cant reduction in frontal theta from the first AI response to the final decision-relevant mo-

ment. This pattern is consistent with the idea that repeated GenAI interaction may reduce 

uncertainty monitoring as users accumulate cues about system behavior and calibrate reli-

ance across the interaction sequence. Importantly, the data do not support a strong claim of 

a strictly monotonic decrease across all interaction moments. Instead, the reduction was 

most clearly visible between the first and final moment, suggesting that adaptation may 

become most pronounced once the interaction reaches a decision-relevant stage. This inter-

pretation is compatible with trust-calibration accounts that emphasize experience-based up-

dating rather than smooth linear change at every micro-step of interaction. The analyses 

involving explanation and context should be interpreted more cautiously. Because explana-

tions were introduced only at the Final moment and the sample size was small, these effects 

were exploratory. Although the numerical pattern suggests that explanation effectiveness 

may depend on application context, this result did not reach the conventional significance 

threshold and requires replication in a larger sample. The study also has several limitations. 

First, the sample size was small and the study is best understood as a pilot investigation. 

Second, although EEG was recorded from seven electrodes, the primary confirmatory anal-

ysis focused on frontal theta at F3/F4 because this measure was most directly aligned with 

the theory-driven construct of uncertainty monitoring. Third, questionnaire analyses were 

limited by the format of the available export and therefore remained descriptive. Future 

work should use larger samples, report retained trial counts in detail, include broader ex-

ploratory analyses across additional frequency bands and electrode groups, and test whether 

neural and self-report indicators of trust calibration converge. 

     This pilot NeuroIS study investigated repeated GenAI interaction as a dynamic trust-

calibration process and examined frontal theta as a neural correlate of uncertainty monitor-

ing. The results showed a significant reduction in frontal theta from the first AI response to 

the final decision-relevant moment, providing preliminary evidence that repeated interac-

tion with GenAI may reduce uncertainty monitoring. At the same time, the findings should 

be interpreted cautiously given the small sample, sparse montage, and exploratory status of 

the explanation/context analyses. Overall, the study contributes a theory-driven EEG per-

spective on trust calibration in GenAI interaction and provides a basis for more strongly 

powered follow-up research. 

H Description Statistical Test Result Supported 

H1 
Frontal Theta is lower at 

Final than at M1 

t(9)=3.09, p=.013, 

d=.98 
Significant decrease Yes 

H2 

Frontal Theta decreases 

across M1, M2, and 

Final 

M1–M2: p=.077; 

M2–Final: p=.243 

No full moment-to-mo-

ment decrease 
No 

H5 

Does the effect of final-

stage explanation 

depend on context? 

ns F(1,8)=5.13, 

p=.053 

Exploratory, inconclu-

sive 
No 
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Abstract. The integration of generative AI (GenAI) into knowledge work intro-

duces new forms of collaboration between humans and intelligent systems, rais-

ing important questions about how this affects individuals at cognitive and neu-

rophysiological levels. This paper presents a systematic literature review of 39 

empirical studies to investigate the psychological and cognitive effects associated 

with human-GenAI collaboration in knowledge work. Our analysis reveals ten 

conceptual clusters of individual implications, such as engagement and motiva-

tion or self-perception. We further examine how these effects are operationalized 

and measured, contrasting self-report measures with neurophysiological and be-

havioral instruments. Overall, the review highlights that current evidence is 

skewed toward short-term, task-based effects, particularly around cognitive re-

source dynamics and affective responses, while social, relational, and longitudi-

nal effects remain underexplored. By consolidating the current state of 

knowledge and mapping how individual effects are operationalized, this review 

contributes to a structured conceptual foundation for NeuroIS research on hu-

man-GenAI collaboration. 

Keywords: Generative AI · Knowledge Work · Human-AI Collaboration ·  

NeuroIS · Systematic Literature Review 

Introduction 

Artificial intelligence (AI) is reshaping the nature of work at a fast pace, moving from 

a research state and highly specialized fields towards everyday tasks. With the recent 

popularization of GenAI, AI systems have moved beyond automation into active par-

ticipation in knowledge work, introducing new forms of collaboration between humans 

and intelligent systems. By performing tasks that traditionally required human exper-

tise, judgment, or creativity, GenAI is increasingly shaping both knowledge work and 

creative processes [1]. This development offers opportunities to transform professional 

as well as personal forms of work [2]. Hence, organizations across various industries 

explore how the potential of GenAI can be leveraged to enhance knowledge-intensive 

activities [3, 4]. However, the widespread deployment of GenAI also generates both 

excitement and concerns regarding possible impact on the workforce [5, 6], particularly 

regarding potential changes in critical thinking skills and related practices [7, 8].  

mailto:%7d@uni-due.d


242 

 

As GenAI increasingly integrates into knowledge-intensive environments, its influ-

ence extends beyond organizational performance to the cognitive and emotional expe-

riences of individual workers [9–11]. Researchers argue that GenAI systems place sub-

stantial metacognitive demands on users, requiring them to continuously evaluate and 

regulate their own cognitive processes [2, 12, 13]. These systems are designed to com-

plement human capabilities, yet they may alter how individuals manage workload, and 

approach problem-solving [14–17]. For instance, when users delegate analytical or cre-

ative tasks to GenAI, they may experience a reduction in mental effort [18, 19]. More-

over, continuous interaction with intelligent systems could affect stress regulation, at-

tention control, and overall mental load [20–22]. This tension between cognitive relief 

and burden may have measurable effects at the neurophysiological level, reflecting in-

ternal cognitive and emotional states [23–26]. 

However, a coherent understanding of the cognitive and psychological implications 

associated with GenAI is still nascent [27]. Research and discourse on GenAI engage 

with its economic potential [5, 28], ethical implications [29–31], impact on education 

[32, 33] and much more. These perspectives, while valuable, tend to neglect the psy-

chological dimensions of human-GenAI interaction [34]. Yet this human-centered per-

spective is crucial because the success of GenAI integration depends not only on tech-

nical performance but also on how humans perceive and use these systems in their eve-

ryday routines [12, 35]. Taking an interdisciplinary view through the NeuroIS perspec-

tive that connects insights from neuroscience and information systems allows for a 

complementary assessment beyond typical IS research to examine cognitive and affec-

tive responses during interaction with intelligent systems [36, 37]. 

Hence, this paper aims to investigate these individual implications from a NeuroIS 

perspective. By conducting a systematic literature review (SLR), we explore how the 

integration of GenAI into knowledge work affects individuals at cognitive and neuro-

physiological levels. By synthesizing existing studies, we examine which individual 

effects are associated with human-GenAI collaboration and how these effects have been 

conceptualized and measured. To address this objective, we ask following research 

question: Which neurophysiological and cognitive effects are associated with hu-

man-GenAI collaboration in knowledge work and how are these measured? 

The remainder of this paper is structured as follows: Section 2 provides the theoret-

ical background on GenAI in knowledge work and the NeuroIS perspective. Section 3 

describes the research design. Section 4 presents the results, including the conceptual 

framework of individual implications and the measurement landscape. Section 5 dis-

cusses the findings, and Section 6 concludes with limitations and avenues for future 

research. 

A NeuroIS Lens on GenAI in Knowledge Work 

GenAI refers to a class of AI models capable of generating novel content (e.g., text, 

images, code, audio) by learning the statistical structure and distribution of training data 

[4, 38]. Unlike narrow, predictive AI systems designed for specific tasks, modern 

GenAI systems (e.g., OpenAI’s ChatGPT or Google’s Gemini) enable users to engage 

in open-ended dialogue, co-generate documents, write code, and synthesize 
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information across various domains [39, 40]. The recent popularization of GenAI tools 

has created a pivotal moment for knowledge work, especially because of their accessi-

bility. 

Knowledge work, broadly defined as work involving the creation, distribution, or 

application of knowledge [41, 42], is characterized by its cognitive intensity and reli-

ance on human judgment, expertise, and creativity. Introducing GenAI into this domain 

creates a novel collaborative paradigm in which humans and AI systems increasingly 

share cognitive labor [1, 43, 44]. This collaboration differs from prior human-tool rela-

tionships because GenAI can engage in higher-order cognitive activities instead of au-

tomating repetitive tasks, blurring the boundary between human and machine cognition 

[45–47]. This shift raises critical questions for IS research about what happens to the 

individual knowledge worker as their cognitive labor is increasingly shared with, dele-

gated to, or mediated by GenAI systems. 

The NeuroIS perspective is particularly relevant for studying human-GenAI collab-

oration because interaction with intelligent systems produces complex cognitive states, 

such as shifts in attention, mental effort, and affective arousal, that may not be ade-

quately captured through questionnaires alone [48, 49]. Neurophysiological instru-

ments such as electroencephalography (EEG), functional near-infrared spectroscopy 

(fNIRS), eye-tracking, electrodermal activity (EDA) sensors, and electrocardiography 

(ECG) have been applied in IS research to capture subtle internal states during human-

computer interaction [27, 50]. These measures enable researchers to observe cognitive 

and affective responses in real time, without interrupting the task, and without relying 

solely on participants’ introspective accuracy. Hence, we adopt the NeuroIS perspec-

tive both as a theoretical framing, emphasizing cognitive and neurophysiological mech-

anisms, and as a methodological reference point for evaluating how individual impli-

cations of GenAI are measured in the existing literature. 

Review Design 

This study employs a systematic literature review following established methodological 

guidelines by Webster & Watson [51] and vom Brocke et al. [52] to investigate the 

individual implications of using GenAI in knowledge work by focusing on neurophys-

iological effects. The aim of the review is to identify relevant constructs (e.g., cognitive 

load, stress, self-efficacy, or overreliance) and analyze how these effects are conceptu-

alized and operationalized in literature through a scoping review [53]. To capture a 

wide range of literature, our search strategy for peer-reviewed journal articles and con-

ference papers included the academic meta-databases Scopus and Web of Science as 

well as the domain-specific databases AISeL, ACM Digital Library, and IEEE Xplore. 

We also expanded our search to all NeuroIS proceedings to integrate further relevant 

articles. The search was conducted in December 2025 using a search string combining 

terms related to GenAI (e.g., “generative AI”, “large language model”, “ChatGPT”, 

“AI assistant”), psychological or cognitive effects (e.g., “cognit*”, “load”, “stress”, “ef-

fort”), neurophysiological measurements (e.g., “nervous system”, “biometric”, “EEG”, 

“heart rate”), and human-interaction contexts (e.g., “collaboration”, “interaction”). 
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Initially, 575 publications were identified, which were further reduced to 139 rele-

vant papers based on title/abstract screening and removal of duplicates [54]. During 

full-text screen, we applied following exclusion criteria: (1) no empirical investigation 

of individual effects (e.g., conceptual works, no psycho-physiological outcomes); (2) 

purely technical works without user studies; (3) non-peer-reviewed articles (e.g., com-

ments, opinions); or (4) non-English publications. Inclusion criteria primarily revolved 

around studies providing evidence on the neurophysiological effects and cognitive 

mechanisms of GenAI use in work-related contexts, resulting in 32 publications for the 

final literature sample (see Table 4). Backwards and forwards searches revealed seven 

additional relevant papers, yielding a total corpus of 39 publications. 

These 39 papers were then iteratively analyzed following an open-coding approach 

to structure the corpus and elicit individual effects mentioned as outcomes of GenAI 

use and constructs of interest. In line with Webster & Watson [51], higher-order con-

cepts were derived in an axial-coding step that subsumes the initial codes. Moreover, 

operationalization details were assessed and categorized to provide an overview of how 

effects were measured. More details regarding the concept matrix and the operational-

ization can be found in the online appendix (https://bit.ly/4aZSj6A). 

Table 4. Literature review process 

Database Initial Title/Abstract Full Paper 

AIS eLibrary 70 36 12 

ACM Digital Library 73 14 5 

IEEE Xplore 84 21 4 

NeuroIS Proceedings 17 17 5 

Scopus 331 55 4 

Web of Science 67 9 2 

Sum 575 139 32 

  Forwards 5 

  Backwards 2 

  Total 39 

Results 

The iterative open-coding analysis of the relevant papers revealed ten conceptual clus-

ters of individual effects associated with human-GenAI collaboration in knowledge 

work. Table 5 presents the concept matrix of the reviewed publications, whereas Table 

6 provides an overview of all clusters with representative constructs and references.  

https://bit.ly/4aZSj6A
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Table 5. Concept Matrix of Reviewed Publications (n = 39) 
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[55]        ✓  ✓ 

[46] ✓       ✓   

[56]       ✓   ✓ 

[57] ✓          

[58]  ✓  ✓  ✓     

[59] ✓ ✓     ✓ ✓   

[60] ✓ ✓     ✓    

[61]  ✓   ✓      

[62]  ✓   ✓      

[63]  ✓  ✓   ✓    

[64]       ✓ ✓ ✓ ✓ 

[65]  ✓         

[66]  ✓ ✓ ✓    ✓   

[67]  ✓      ✓   

[68]  ✓ ✓        

[69]         ✓  

[70] ✓ ✓  ✓  ✓ ✓ ✓ ✓  

[71]      ✓  ✓   

[72]  ✓ ✓        

[73] ✓  ✓  ✓ ✓     

[74]   ✓        

[75]  ✓    ✓ ✓ ✓  ✓ 

[23]  ✓    ✓   ✓  

[76]         ✓  

[77]    ✓  ✓  ✓ ✓  

[78]       ✓    

[24]  ✓   ✓  ✓    
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[79]  ✓ ✓ ✓  ✓     

[25]  ✓     ✓    

[80]     ✓      

[81]  ✓ ✓ ✓       

[82]  ✓ ✓ ✓       

[83]        ✓ ✓  

[84] ✓ ✓ ✓        

[85]  ✓         

[86]         ✓  

[87] ✓      ✓ ✓   

[88]      ✓     

[89]  ✓  ✓   ✓    

Total 8 22 9 9 5 9 12 12 8 4 

Individual Implications of GenAI Use in Knowledge Work 

The first concept is Attention & Focus and encompasses effects that describe how 

attentive individuals are when working with GenAI to complete a task. In studies, this 

concept captures constructs such as attention [57, 59], focus [60, 70], or concentration 

[73, 84]. GenAI tools may enhance focus by absorbing tedious subtasks but may 

equally also disrupt it by introducing frequent interaction cycles that interrupt sustained 

cognitive engagement. 

Cognitive Load & Resources refers to the mental (and sometimes temporal) effort 

required to complete a task. Typical constructs investigated include cognitive load [24, 

25, 65, 67, 81], workload [59, 60, 86], effort [71, 72], and relief [79, 84]. While GenAI 

often reduces objective task complexity, the metacognitive demands of prompt engi-

neering and output verification may introduce compensating load. 

Analytical & Reflective Thinking captures the depth and quality of reasoning, es-

pecially when analyzing data, weighing decisions, or reflecting on AI-generated out-

puts. Studies investigate critical thinking [66, 81, 84], cognitive analysis [84], cognitive 

stimulation [73, 74], and self-reflection [68]. A central concern in this cluster is whether 

continuous use of GenAI for analytical tasks erodes users’ own analytical capacity over 

time [90].  

Learning & Comprehension describes how the use of GenAI affects the under-

standing and learning of content, i.e., how well information is absorbed, processed, and 

subsequently retained or reproduced. Prior studies examine comprehension [63, 66, 70, 

77], learning [79], and information processing [58]. Particularly in educational con-

texts, the relationship between GenAI assistance and deeper learning outcomes is as-

sessed due to its societal impact [33]. 

Creativity & Idea Flow summarizes effects describing the influence of GenAI use 

on idea generation and flexible thinking. For instance, creativity [24, 80], flexibility 
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[61, 73], or fluency [61, 62] are core constructs of recent works. GenAI can serve as an 

“idea accelerator” by offering diverse conceptual starting points, yet may also constrain 

originality by anchoring users to AI-generated frames [3, 14]. 

Engagement, Motivation & Agency includes effects related to active participation, 

motivational states, and the sense of control or self-determination when performing 

tasks in collaboration with GenAI. Constructs include cognitive engagement [58, 70, 

77, 84, 88], motivation [75], perceived agency [71], and curiosity [75]. 

 Affect & Emotion subsumes publications investigating emotional reactions when 

engaging with GenAI, both positive and negative. Here, works investigate outcomes 

such as satisfaction [70], appreciation and acceptance [78], relief [64, 75], frustration 

[24, 59, 60], confusion [63], anxiety and restlessness [56, 75], concerns [56], or surprise 

and astonishment [75] that are caused by human GenAI use and collaboration.  

Trust, Risk, Privacy & Safety bundles effects related to trust in GenAI systems and 

their outputs, as well as perceived risk and security or privacy concerns. The wide-

spread accessibility of GenAI systems such as ChatGPT in private and corporate sce-

narios poses novel challenges to safe use. Hence, studies examine how GenAI affects 

trust [67, 71], perceived risk [55], confidentiality concerns [70, 83], or safety needs 

[64].  

Self-Perception encompasses works assessing the effects of GenAI on human abil-

ities and self-image, including self-confidence, self-efficacy, and professional identity. 

Typical constructs include self-confidence [70, 77, 83], self-esteem [64], self-efficacy 

[69], or self-actualization [64]. 

Social Embeddedness & Interaction refers to belonging, relationship experiences, 

and social interaction in the context of GenAI use. Studies investigate constructs such 

as belonging [64], attachment [75], social interaction [55], and social level [56]. 

Table 6. Overview of conceptual clusters, representative constructs, and key references 

Conceptual Cluster Representative Constructs Key References 

Attention & Focus attention, focus, concentration 
[46, 57, 59, 60, 70, 73, 84, 

87] 

Cognitive Load & Re-

sources 

cognitive load, workload, effort, 

relief 

[23–25, 58–63, 65–68, 70, 

75, 79, 81–85, 89] 

Analytical & Reflective 

Thinking 

critical thinking, cognitive analy-

sis, self-reflection 

[66, 68, 72–74, 79, 81, 82, 

84] 

Learning & Comprehen-

sion 

comprehension, learning, infor-

mation processing 

[58, 63, 66, 70, 77, 79, 81, 

82, 89] 

Creativity & Idea Flow creativity, flexibility, fluency [24, 61, 62, 73, 80] 

Engagement, Motivation 

& Agency 

engagement, motivation, agency, 

curiosity 

[23, 58, 70, 71, 73, 75, 77, 

79, 88] 

Affect & Emotion 
satisfaction, frustration, anxiety, 

relief, confusion 

[24, 56, 59, 60, 63, 64, 70, 

75, 78, 80, 87, 89] 
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Conceptual Cluster Representative Constructs Key References 

Trust, Risk, Privacy & 

Safety 

trust, perceived risk, confidential-

ity, safety 

[46, 55, 59, 64, 66, 67, 70, 

71, 75, 77, 83, 87] 

Self-Perception 
self-confidence, self-efficacy, 

self-esteem 

[23, 64, 69, 70, 76, 77, 83, 

86] 

Social Embeddedness & 

Interaction 

belonging, attachment, social in-

teraction 
[55, 56, 64, 75] 

Operationalization and Measurement 

Beyond the analysis of individual implications, our subsequent analysis focused on how 

these effects are operationalized and measured across the papers. We distinguish three 

main categories of measurement approaches (see also Table 7). 

Self-report measures represent the most prevalent approach in the reviewed corpus, 

including Likert-scale questionnaires, established psychological scales (e.g., NASA-

TLX for workload [91] or the User Engagement Scale (UES) [92]), and open-ended 

reflective instruments. While ecologically valid and easy to administer, self-reports are 

subject to biases such as social desirability and retrospective distortion. For instance, a 

concern in human-GenAI interaction research is that users may be unaware of cognitive 

changes occurring during task performance, thus making post-hoc reports an imperfect 

proxy for internal states that call for additional measures at interaction time. 

Neurophysiological measures appear in a smaller but growing subset of studies 

investigating GenAI at the individual level. Instruments include EEG to capture neural 

oscillations associated with cognitive load and attentional states, fNIRS for prefrontal 

cortex activation as an index of working memory and executive function, eye-tracking 

for gaze behavior and pupil dilation as continuous indicators of cognitive effort and 

focus, electrodermal activity (EDA/GSR) for sympathetic arousal linked to stress and 

emotional processing, ECG for heart rate variability as a marker of cognitive and emo-

tional regulation, and functional MRI (fMRI) for spatial mapping of neural activation 

patterns within the brain [27]. Eye-tracking is the most frequently applied method in 

our analyzed set, used to capture fixation duration, pupil dilation, and gaze transitions 

as indicators of cognitive effort and attentional allocation, for instance to examine how 

users process GenAI versus human-generated outputs [46] or to detect overreliance on 

GenAI-generated content in workplace settings [66]. EEG constitutes the second most 

prevalent method, capturing neural activities associated with cognitive load dynamics 

during AI-assisted writing [24] or cognitive offloading to GenAI in strategic tasks [23]. 

More recently, fNIRS has been introduced to assess prefrontal cortex activation during 

LLM-assisted concept generation [62] or in combination with EEG to investigate over-

reliance effects on divergent thinking [84]. Complementary ANS-based measures in-

clude EDA as a sympathetic arousal indicator [25, 61] and ECG for heart rate variability 

during GenAI-assisted design ideation [59]. These measures provide continuous access 

to physiological states during task performance, offering a layer of insight inaccessible 

to questionnaires alone [36, 37]. 



249 

 

Behavioral and performance measures constitute a third category, encompassing 

task completion time, error rates, output quality ratings, and interaction logs (e.g., num-

ber of prompts issued, revision behaviors). These objective indicators complement self-

report and neurophysiological data by capturing behavioral patterns of underlying cog-

nitive states. In several studies, behavioral outcomes (e.g., code correctness, text quality 

scores) are used as proxies for cognitive performance while subjective measures cap-

ture perceived experience [72, 74, 78]. 

Table 7. Distribution of measurement approaches in the reviewed corpus 

Measurement Approach Studies Example Instruments 

Self-report 20 (59%) NASA-TLX, UES, questionnaires, interviews 

Neurophysiological 16 (33%) EEG, fNIRS, eye-tracking, EDA, ECG, fMRI 

Behavioral/performance 3 (8%) Task completion time, error rates, output quality 

Discussion and Conclusion 

This SLR synthesizes 39 empirical studies on the individual implications of human-

GenAI collaboration in knowledge work and reveals a field that is rapidly expanding 

yet conceptually and methodologically scattered. Across the corpus, we synthesized ten 

conceptual clusters that capture a broad spectrum of cognitive, affective, and social 

constructs. However, research attention is mainly focused on Cognitive Load & Re-

sources and Affect & Emotion. In contrast, Social Embeddedness & Interaction, 

Trust/Risk/Privacy & Safety, and Self-Perception remain underrepresented within the 

human-GenAI collaboration context.  

Our analysis of operationalizations highlights that there is a reliance on self-report 

measures in current studies, calling for a broader methodological approach to assessing 

human-GenAI collaboration in favor of NeuroIS and mixed-method studies [24, 46, 

66]. While NeuroIS methods such as EEG and eye-tracking were already employed to 

investigate GenAI implications from a neurophysiological perspective, other methods 

including fMRI or hormone-based biomarkers such as cortisol and oxytocin were ab-

sent from the reviewed corpus, despite their established value in broader NeuroIS re-

search [27, 36]. Moreover, current works are mostly short-term and task-based as they 

assess immediate post-task effects in tightly controlled settings (e.g., writing, coding, 

or information-search tasks). This research design highlights performance-contingent 

outcomes but leaves cumulative or developmental consequences on the human individ-

ual unexplored [11]. Whether repeated GenAI delegation fosters cognitive overreli-

ance, decreases critical thinking, or reshapes professional identity remains questions 

worthwhile pursuing, especially with (generative) AI evolving quickly [8, 23, 82, 90, 

93]. Longitudinal and field-based designs are therefore essential to move beyond mo-

mentary snapshots toward processual understanding [75]. Finally, conceptual clarity 

remains limited. Constructs such as engagement, attention, cognitive load, mental ef-

fort, and workload are sometimes used interchangeably or defined inconsistently [23, 

87]. This fragmentation makes cumulative knowledge building more difficult. Future 
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research would benefit from clearer construct definitions, validated measurement in-

struments tailored to human-GenAI contexts, and stronger grounding in established 

cognitive, motivational, and social theories. 

Yet this study is not without limitations. Despite a comprehensive search strategy, 

relevant studies may have been missed due to the selection criteria and individual 

screening process, particularly those works examining psychological outcomes without 

explicit neurophysiological terminology or older recent works focusing on agentic AI 

systems [94] without referring to GenAI. The clustering and coding process involves 

interpretive judgment and theoretical positioning, despite iterations within the author 

team. Taken together, this review contributes to NeuroIS and the broader IS literature 

by offering (1) a structured conceptual map of individual effects of human-GenAI col-

laboration and (2) a systematic overview of how these effects are operationalized. 

As GenAI systems increasingly diffuse into professional and private knowledge 

work, understanding their individual implications remains important both on a schol-

arly and practical point of view. Organizations require evidence-based guidance to de-

ploy these technologies responsibly, while researchers must develop robust frameworks 

to assess how GenAI shapes cognition, affect, identity, and social interaction over time. 

By consolidating the current state of knowledge and articulating a forward-looking 

agenda, our review aims to provide a foundation for cumulative, theory-driven, and 

methodologically sophisticated research on human-GenAI collaboration. 
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Abstract. Gestalt laws such as proximity and similarity shape visual perception 

and are widely applied in interface design; however, their effects on neurophysi-

ological and emotional processes during human-computer interaction remain in-

sufficiently understood. Drawing on Norman’s Emotional Design Framework, 

this study examines how proximity and similarity influence users’ visual pro-

cessing efficiency (eye-tracking), emotional responses (facial expression analysis 

and galvanic skin response), and user experience (self-report, UEQ-S) in an e-

commerce context. We will conduct a 2 × 2 within-subject e-commerce experi-

ment manipulating proximity and similarity. The findings contribute to a better 

understanding of how fundamental principles of perceptual organization influ-

ence autonomic emotional processes and subjective feelings. These insights are 

expected to improve user interface design. 

Keywords: User experience (UX) design · Gestalt law · proximity · similarity · 

neuroscientific methods · eye-tracking study · galvanic skin response · facial 

recognition · brain · autonomic nervous system · interface design. 

Introduction 

Gestalt laws are commonly used in user experience design, either for visual, auditive, 

or haptic input and output. The concept of Gestalt psychology and the related theory  

was introduced already in 1890 [8] and describes how humans naturally perceive and 

organize visual elements into unified wholes based on patterns, proximity, similarity, 

continuity, closure, connectedness, and some other factors. With the continuous tech-

nological advancement and the growing number of digital systems, users increasingly 

interact with a wide variety of user interfaces in various contexts. This underscores the 

growing significance of intuitive interfaces. Gestalt laws play a fundamental role in 

shaping how users organize, interpret, and understand information. Based on this, de-

sign patterns have been developed and applied to user interfaces [12]. These patterns 
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aim to enhance clarity, usability, and visual understanding by aligning interface struc-

tures with human perceptual processes.  

Moreover, Norman presented the concept of emotional design as early as 2004 [16], 

arguing that designers need to consider the users’ reflective, behavioral, and visceral 

responses to design. Visceral responses are grounded in unconscious autonomic pro-

cesses. This perspective aligns with the goal of enhanced user experience [10]. As Ge-

stalt laws are based on the holistic and configural properties, defined by the interrela-

tions of components, their application has an influence on the perception of user inter-

faces and their usability. However, it remains unclear whether these factors also affect 

the visceral response and how these responses interact with behavioral and reflective 

responses. 

To better understand Gestalt laws, previous experiments have focused on user inter-

face or website design such as enhancing the current understanding of the perceptual 

features that favor users’ interactions with websites [5], studying the influence of Ge-

stalt laws and visualization in website design on the degree of acceptance and recom-

mendation [14], and studying the role of perceived user interface quality [7]. In the E-

Commerce context, research examined the attention to distracting products unrelated 

to the shopping goal [11] and investigated the effects of color and shapes on e-com-

merce websites [15]. Moreover, data and information visualization experiments fo-

cused on studying the effects of Gestalt laws on viewing behavior and user performance 

[3] and how proximity of data elements in social data charts influences viewers’ per-

ceptions of unity among the data points [18]. Recent studies also discussed how colors 

can be used to counteract the decline in visual perception [13] and examined mouse 

movements as interaction technique to solve tasks in simple visual interface settings 

[6]. 

However, little is known about how the perceptual and aesthetic features of user 

interfaces based on the application of Gestalt laws influence the emotions related to 

cognitive effort, perceived usability, and perceived user experience. Generally, previ-

ous research on Gestalt laws has focused on mainstream self-report usability metrics 

like learnability, ease of use or usefulness  [7, 19], eye-tracking measures like fixation 

duration or fixation count as well as heatmaps for visual confirmation of results  [2, 3]. 

Also, research examined attention and social presence [11, 14], as well as user ratings 

and acceptance evaluations [14, 18]. Importantly, a few studies using EEG [13], fMRI 

[17], fNIRS [15], existing research has hardly used neurophysiological measures to 

better understand the user experience and the users’ autonomic reactions to user inter-

faces. Despite their widespread use in user interface design, the mechanisms through 

which Gestalt laws influence user experience remain insufficiently understood. 

In this paper, we present an experiment investigating the influence of the Gestalt 

laws proximity and similarity in two-dimensional visual user interfaces on users’ emo-

tions, visual processing behavior and cognitive effort as well as on perceived usability 

and user experience. By integrating physiological, behavioral, and subjective measures, 

this study provides a more comprehensive understanding of how fundamental percep-

tual design principles influence both unconscious neurophysiological processes and 

conscious evaluations, thereby contributing to NeuroIS research and informing the de-

sign of more efficient and emotionally engaging user interfaces. 
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Our work is focused on the following research questions – based on the following 

logic of the causal chain: Gestalt laws → visual processing (eye behavior) → emotional 

response (visceral) → user experience (reflective based on self-report): 

 

RQ1: How does the application of the Gestalt laws of proximity and similarity affect 

users’ visual processing behavior and cognitive effort during interface interaction? 

 

RQ2: How does the application of the Gestalt laws of proximity and similarity influ-

ence users’ emotions as reflected in arousal and valence 

 

RQ3: How does the application of the Gestalt laws of proximity and similarity influ-

ence users’ perceived usability and user experience (measured by pragmatic and he-

donic quality)? 

 

This paper is structured as follows: In Section 0, we outline the proposed research 

model. In Section 0, we describe the methodology, including the experimental design, 

participants, procedure and tasks, and the planned data collection. In Section 0, we dis-

cuss the current limitations and in Section 0, we summarize the proposed experiment. 

Theoretical Foundation and Research Model 

The design of user interfaces fundamentally shapes how users perceive, process, and 

emotionally respond to user interfaces. According to Norman’s theory of emotional 

design, human interaction with products operates across three interconnected levels of 

processing: the visceral, behavioral, and reflective levels [16]. These levels represent 

distinct but interrelated stages through which users automatically perceive visual stim-

uli, interact with systems, and form conscious evaluations of their experience. Gestalt 

laws such as proximity and similarity directly influence early perceptual organization 

and are therefore particularly relevant for understanding how interface design affects 

visual processing, emotional responses, and overall user experience. 

Visual processing behavior and cognitive effort: Norman [16] emphasizes that on 

the behavioral level humans act based on their well-learned and routine operations. The 

human perceptual system is highly sensitive to structural organization, and users rely 

on visual cues to interpret relationships between interface elements. Gestalt laws such 

as proximity and similarity facilitate perceptual grouping by enabling users to quickly 

identify related elements and distinguish between functional units. This perceptual or-

ganization reduces ambiguity and supports efficient interpretation of visual information 

and subsequently better understandability and usability. 

When interface elements are organized according to Gestalt laws, users can more 

easily form accurate mental representations of the interface structure. Norman [16] ar-

gues that well-designed products focus on understanding and satisfying needs. There-

fore, good behavioral design reduces cognitive effort required to understand how infor-

mation is organized and how actions should be performed. Conversely, poorly orga-

nized interfaces increase cognitive effort because users must expend additional mental 

resources to interpret visual relationships and locate relevant information. Efficient 
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perceptual organization therefore reduces the need for extensive visual search and cog-

nitive processing, resulting in more efficient visual processing behavior. In contrast, 

interfaces that violate Gestalt laws may increase cognitive effort and lead to less effi-

cient visual exploration. 

Emotional responses and autonomic reactions: In addition to influencing percep-

tual organization, visual interface design also affects users’ emotional responses. Nor-

man [16] describes that visceral design is all about immediate emotional impact, where 

sensory input automatically triggers affective reactions before conscious interpretation 

occurs. These visceral responses are rapid, automatic, and closely linked to the auto-

nomic nervous system. Visual properties such as clarity, coherence, and organization, 

or just the shape or form, can evoke immediate positive or negative affective responses. 

Interfaces that are perceptually well-organized according to Gestalt laws may be 

processed more fluently and with less effort, which can lead to more positive emotional 

responses. Norman [16] emphasizes that users are highly sensitive to visual coherence 

and that perceptually pleasing and well-organized designs tend to evoke more positive 

affective reactions. In contrast, disorganized or visually confusing interfaces may in-

duce negative affective responses due to increased perceptual and cognitive demands. 

These emotional reactions can manifest not only in subjective evaluations, but also in 

measurable physiological responses, reflecting the close connection between perceptual 

processing and emotional systems. This is important in product or user experience de-

sign as we strive for positive emotions [10]. Therefore, we argue that users are more 

likely to reuse products if positive emotions can be evoked. 

Influence on user experience: Interface design also influences users’ reflective 

evaluation of their experience. Norman [16] describes the reflective level as the stage 

at which users consciously interpret and evaluate their interaction with a system. This 

level involves higher-level cognitive processes, including interpretation, judgment, and 

subjective assessment of usability and satisfaction, but also meaning of a system or its 

use. The reflective level is influenced by the two other levels. 

Interfaces that are visually organized according to Gestalt laws may enhance user 

experience by facilitating efficient interaction and eliciting positive emotional re-

sponses. Norman [16] argues that the overall impact of a product comes from reflection. 

Thus, positive visceral and behavioral experiences can contribute to more favorable 

reflective evaluations of the user experience of the system. When users can easily un-

derstand and interact with an interface and experience positive emotional responses 

during interaction, they are more likely to evaluate the system positively. In contrast, 

interfaces that increase cognitive effort or evoke negative emotional responses may lead 

to poorer overall user experience. 

Taken together, Norman’s emotional design framework provides a theoretical foun-

dation for understanding how Gestalt laws influence human-computer interaction 

across multiple levels of processing. By shaping perceptual organization at the visual 

level, influencing emotional responses at the visceral level and ultimately affecting re-

flective evaluation, Gestalt laws play a central role in determining users’ overall expe-

rience with digital interfaces. 
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Based on this theoretical foundation, this study examines the effects of the two Ge-

stalt laws proximity (near vs. far) and similarity (similar vs. non-similar) on multiple 

outcome measures related to the three different levels. As shown in Fig. 12. 

 

 
Fig. 12: Research model 

Methodology 

To answer the research questions, an experiment will be conducted in an e-com-

merce context.  

In the present study, we focus on the Gestalt laws proximity and similarity, as both 

are well established in relation to usability, user interface, and user experience (number 

of ACM publications5: proximity = 457, similarity = 456). These two laws are among 

the most fundamental and frequently applied principles in visual interface design, as 

they directly influence how users perceptually group and interpret interface elements 

[12]. Moreover, proximity and similarity can be systematically manipulated in con-

trolled experimental settings while maintaining functional equivalence of interfaces, 

making them especially suitable for isolating their causal effects on outcomes. 

By using eye tracking, we primarily focus on dwell time and number of gaze transi-

tions. We argue that stronger application of both Gestalt laws will reduce visual explo-

ration and cognitive effort. 

Skin conductance level (SCL) enables the assessment of physiological arousal. 

While it allows the measurement of arousal intensity, it does not provide information 

about emotional valence; however facial analysis does and hence makes possible the 

identification of discrete emotions such as joy or anger. We argue that stronger appli-

cation of the two Gestalt laws proximity and similarity will lead to more positive emo-

tions as the user interface will be perceived as clearer and easier to understand. 

The UEQ-S [20] will be used as a standardized measure of user experience, captur-

ing the two dimensions of pragmatic and hedonic quality. We argue that the perceived 

user experience will be higher, the more the two Gestalt laws are applied. 

  

 
5 We performed a literature search via ACM Digital Library by using the following search string: 

AllField:("gestalt" AND ("name of the Gestalt Law")) AND AllField:("user interface" OR 

"usability" OR "user experience"). We got the following results: Color (727), Balance / Sym-

metry (544), Proximity (457), Similarity (456), Prägnanz / Good Form / Simplicity / Succint-

ness (390), Continuation / Continuity (374), Unity / Harmony (263), Closure (260). (2026-04-

07). 
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Participants 

Twenty-four undergraduate students will participate in the experiment. They will be 

recruited from an Austrian university. The participants will take part voluntarily in the 

study. All participants will be familiar with digital devices and e-commerce platforms. 

Participants will rate their familiarity with the Gestalt laws proximity and similarity on 

a scale from 1 (unfamiliar) to 7 (familiar).  

Experimental Design 

For the study, a 2 (similarity: similar vs. non-similar) x 2 (proximity: near vs. far) 

within-subject experimental design will be used. Therefore, each subject will partici-

pate in all four conditions. To avoid any learning or fatigue effects and to account for 

possible carry-over effects, a balanced latin-square design will counter-balance the con-

ditions between the participants. The study will employ four experimental conditions 

that systematically vary the spatial arrangement (proximity: near vs. far) and the visual 

differentiation of the product card information elements (product name, product de-

scription, color, rating, price) underneath the product image in each product card (sim-

ilarity: similar vs. non-similar). 

In the far non‑similar condition (A), the product card information elements will be 

evenly distributed (same distance between the different labels) between two product 

images, and the text style is for all elements the same. In the near non‑similar condition 

(B), the product card information elements will be grouped together underneath the 

related product image, and the text style is for all elements the same. In the far similar 

condition (C), the product card information elements will be evenly distributed between 

two product images and use the same text style is used for each category of information 

elements (e.g. same text style for prices). Finally, in the near similar condition (D), the 

product card information elements will be grouped together underneath the related 

product image, and the same text style is applied for each category of information ele-

ments. Table 8 illustrates the product card in the four different conditions. 

For each condition, participants will perform the same search task. The participant 

will be instructed to search for a product with specific attributes. To find the right prod-

uct, the participant will need to check the whole product card, especially the infor-

mation underneath. The position of the product to be identified will vary between the 

conditions. A sample for the whole user interface is shown in Figure 13. 

Procedure 

Each session will start with signing a consent form obtained from each participant. 

A pre-test questionnaire will be given in advance to track some demographic data (age, 

gender), technical and domain knowledge (experience with e-commerce systems; fa-

miliarity with Gestalt laws). Next, a calibration of the eye-tracking equipment will be 

performed. Afterwards, each participant will complete each of the four conditions. 

Within each experiment, subjects will be provided with instructions and then presented 

with experimental conditions (visual stimuli) and will be instructed to complete the 
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search task. After each condition, the UEQ-S [20] will be used to measure the perceived 

usability and user experience of the interface. 

 

Table 8: Product card in the four different conditions. 

Stimuli A: Proximity (far), Similarity 

(non-similar) 

Stimuli B: Proximity (near), Similarity 

(non-similar) 

 

 

Stimuli C: Proximity (far), Similarity 

(similar) 

Stimuli D: Proximity (near), Similarity 

(similar) 
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Figure 13: Search task user interface (proximity - near, similarity - non-similar). 

Data Collection 

Data collection will be conducted using the iMotions biometric platform including 

the collection of eye-tracking data with the SmartEye Aurora sensor (250 Hz) and gal-

vanic skin response with the Shimmer3 iMotions GSR Kit. The GSR sensor will mon-

itor changes in the skin conductivity between two electrodes attached to two fingers of 

one hand. For the facial coding the iMotions platform uses the automated facial coding 

AI Affectiva’s AFFDEX [4] and is based on the facial action coding system FACS [9]. 

The following emotions and their intensity will be recognized by the mentioned system: 

Anger, Sadness, Disgust, Fear, Joy, Surprise and Contempt. Besides that, head move-

ments, blinks, and overall valence can be measured. 

Image presentations will be executed on a 1920 x 1020 resolution monitor. Initial 

analysis of the collected data will be performed using the iMotions software (v11). 

Current Limitations 

Choice and number of study participants: Participants are recruited from a single 

local university and share a similar field of study and age range. A more diverse sample 

(e.g. varying professional background, different age groups) combined with larger sam-

ple size would strengthen the findings. The current sample size allows for the identifi-

cation of tendencies and hence is exploratory in nature. 

Physiological measures: With SCL measurement and automated facial expression 

analysis the study uses two different physiological measures, which are both sensitive 

to noise, including body movements or inter-individual variability in physiological re-

sponsiveness [1]. To overcome the inter-individual differences, data will be normalized 

as a pre-processing step. 
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Selection of two Gestalt laws: The study focused on two Gestalt laws. While this 

allows controlled investigation, the interaction effects of other Gestalt laws remain un-

explored. Future work should examine combinations of several laws to better capture 

their influence on visceral, behavioral, and reflective responses. 

Selection of application context: Gestalt laws are applied across visual, auditory 

and haptic input and output in diverse contexts. This study focuses exclusively on visual 

output in an e-commerce context, which constrains validity for other contexts. Alt-

hough the findings are expected to be broadly informative, validation in other domains 

and across different input and output modalities is necessary. 

Conclusion 

In summary, in this research-in-progress study we describe a lab experiment in the 

e-commerce context investigating the visceral, behavioral, and reflective responses to 

the two Gestalt laws proximity and similarity. We expect that variations in stimulus 

design will lead to differences in physiological responses, eye behavior, and self-re-

ports.  Our research findings can contribute to the design of more effective and enjoy-

able user interfaces because, by building on them, we can expect that the physical pro-

cesses occurring in the user, visual perception, and ultimately conscious perception – 

all of which relate to the user experience – will be improved if the design principles 

examined here are correctly applied during the design process. 
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Abstract. Employee burnout is one of the main challenges for organizations. It 

has been shown to cause long-term psychological and physiological conse-

quences for the employee. Burnout is particularly prevalent among IT workers, 

given the characteristics of IT professions. Although information systems (IS) 

research has predominantly explained burnout among IT workers through job and 

workplace characteristics, comparatively less attention has been given to individ-

ual differences that may shape vulnerability. Building on emerging evidence of 

elevated autistic traits among IT professionals, this study investigates whether 

higher autistic traits among IT employees are associated with weaker executive 

functions, which in turn predicts their susceptibility to burnout. By shifting atten-

tion from workplace drivers alone to underlying individual-level mechanisms, 

this work extends IS burnout research and offers actionable implications for in-

terventions aimed at improving IT employee well-being, retention, and produc-

tivity. 

Keywords: Autistic traits; executive functions; burnout; IT professionals 

Introduction 

IT professionals are widely regarded as a strategic asset that enables organizations to 

enhance their competitive advantage [1-2]. However, despite their critical role in sup-

porting organizational strategy [3], the IT sector is often characterized as a high- pres-

sure work environment in which employees must keep pace with rapidly evolving tech-

nical skills and demands [2]. As a result, IT employee burnout has been a central con-

cern in IS literature [3]. Much of this research is in keeping with Job-Demand Resources 

(JD-R) framework [4-5], which conceptualizes burnout as arising when job demands 

(i.e., aspects of the job that require sustained physical or mental effort) exceed available 

job resources (i.e., physical, psychological, social, or organizational aspects of work 

that help achieve goals). Within this tradition, research has demonstrated how job-re-

lated stressors, such as workload and time pressure, contribute to burnout among IT 

professionals [3]. However, due to the emphasis on workplace and job characteristics, 

less attention has been paid to employees’ internal cognitive resources and constraints. 
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This omission may be particularly consequential in the IT context, given growing evi-

dence that IT professionals might exhibit distinctive cognitive and psychological pro-

files. 

Recent empirical studies show that autistic traits are linked to one’s intrinsic inter-

est in IT [6] and that IT professionals, relative to the general population, tend to exhibit 

elevated levels of autistic traits [7]. Importantly, this work conceptualizes autistic traits 

as continuous individual differences rather than diagnostic categories [6-7]. At the same 

time, IT professionals report disproportionately high levels of anxiety and depression 

symptoms [7], raising questions about why a field that strongly attracts individuals with 

autistic traits may also expose them to heightened mental health risk. This pattern points 

to an apparent double-edged dynamic: autistic traits may contribute to strong person–

job fit in technical work, while simultaneously increasing vulnerability to burnout.  

Further, existing IS studies have primarily focused on the challenges and opportuni-

ties faced by autistic IT professionals (e.g., [8-10]), as well as impacts of neurodiverse 

traits in technology users (e.g., [11]). However, this line of research remains largely 

descriptive and outcome-oriented, offering limited insight into the underlying cognitive 

mechanisms that shape how autistic individuals engage with and respond to work de-

mands in IT settings. This line of research remains largely descriptive and outcome-

oriented, offering limited insight into the underlying cognitive mechanisms that shape 

how autistic individuals engage with and respond to work demands in IT settings. 

To address these gaps, we adopt a trait-based perspective that extends the JD-R 

framework by incorporating internal cognitive resources and constraints. In particular, 

we focus on executive functions—higher-order cognitive processes involved in regu-

lating attention, working memory, flexibility, and inhibition—as a key mechanism 

through which autistic traits may influence burnout risk. Accordingly, our research is 

guided by two questions: 1) Do higher levels of autistic traits among IT professionals 

predict lower executive functions? and 2) Do lower executive functions contribute to a 

greater tendency toward burnout?  

To answer these questions, we conduct a study of IT professionals that measures 

autistic traits and assesses executive functions using computer-based, game-like tasks 

grounded in established neuropsychological methods. By examining burnout through 

the joint lenses of autistic traits and executive functions, this research extends the JD-

R framework and advances a more cognitively informed understanding of stress and 

wellbeing in the IT workforce. 

Theory Development 

Autism and Autistic Traits 

As specified in Diagnostic and Statistical Manual of Mental Disorders, 5th edition 

[12], autism is a neurodevelopmental condition characterized by (a) pervasive deficits 

in reciprocal social communication and interaction (e.g., challenges in initiating and 

sustaining conversations and developing and maintaining friendships), and (b) re-

stricted, repetitive patterns of behavior, interests, or activities (e.g., stereotyped 
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movements, insistence on routines). Despite its categorical diagnosis status (posi-

tive/negative), autism is increasingly understood as reflecting a constellation of autistic 

traits that are continuously distributed throughout the general population [6-7]. In view 

of the “normal distribution of traits, rather than a bimodal distribution,” “it does appear 

that… one can be ‘a bit autistic’” ([13], p. 223) as most individuals only exhibit sub-

clinical levels of autistic traits.  

Although autism has long been characterized in the popular press as an “engineer’s 

disorder” [14] and an “open secret” within the IT profession [15], systematic examina-

tions of the relationship between autism and IT have only recently emerged in the IS 

field [6-7]. This research suggests that traits associated with systemizing, analytical 

reasoning, and technical focus may draw individuals toward IT careers [6], while sim-

ultaneously shaping how they experience workplace social and emotional demands [7]. 

To understand how autistic traits translate into differential vulnerability to burnout, 

however, it is necessary to identify the underlying cognitive mechanisms through which 

these traits affect demand management. One such mechanism is executive functioning. 

Executive Functions 

Executive functions refer to a set of higher order cognitive processes that regulate 

goal directed behavior and adaptive functioning [16]. These processes rely on distrib-

uted neural networks involving the prefrontal cortex, basal ganglia, and thalamus [17]. 

Executive functions are typically conceptualized as comprising three core components: 

working memory (i.e., the ability to maintain and update task relevant information), 

cognitive flexibility (i.e., the ability to shift between tasks or mental sets), and inhibi-

tory control (i.e., the ability to suppress dominant but task irrelevant responses) [18]. 

According to executive function theory of autism, autistic individuals exhibit im-

pairments in mental control abilities necessary for maintaining problem solving strate-

gies in the service of future goals [19]. Empirical studies consistently show that autistic 

individuals tend to perform worse on tasks requiring cognitive flexibility, higher work-

ing memory load, and spatial working memory (e.g., [20]). Consistent with these find-

ings, deficits in core executive subfunctions—particularly working memory and cogni-

tive flexibility—have been linked to key autism related outcomes, including repetitive 

behaviors in adults [19] [21]. Evidence regarding inhibitory control is comparatively 

mixed, suggesting a domain specific pattern of executive dysfunction rather than a gen-

eralized deficit. 

Research on working memory in autism has produced heterogeneous findings. One 

study [22] reported no significant autism-related differences in working memory, 

whereas a meta-analysis [23] concluded that working memory is, on average, impaired 

in autism, with spatial working memory more strongly affected than verbal working 

memory. Kercood et al. [20] similarly reported working memory impairments among 

autistic individuals. Taken together, this body of evidence suggests that executive func-

tion differences in autism are most pronounced in flexibility and working memory pro-

cesses—capacities that are especially relevant in cognitively demanding technical work 

environments. 
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Research Model 

Figure 1 illustrates the proposed research model. Burnout, defined as the state of 

energy depletion and disengagement from one’s work [24], has been consistently linked 

to cognitive impairment [24-26]. Prior research suggests a bidirectional relationship 

between burnout and cognitive functioning. On one hand, executive dysfunction may 

increase vulnerability to burnout when workplace demands exceed one’s cognitive ca-

pacity; on the other hand, burnout can undermine memory and other cognitive functions 

[25]. Given this potential reciprocal relationship, impaired executive functions may 

heighten burnout risk, while prolonged burnout may further erode executive function-

ing over time. In the present study, we focus on this relationship within a cross-sectional 

design to establish baseline associations. 

While prior research indicates that IT professionals, on average, exhibit higher au-

tistic traits and vulnerability to mental health challenges than the general population [6-

7], the present study focuses on two hypotheses that extend this literature by specifying 

an underlying neurocognitive mechanism: 

 

H1: Higher autistic traits are associated with lower executive functions among IT 

professionals. 

H2: Lower executive functions are associated with higher burnout among IT profes-

sionals. 

 

 

Fig. 14. Research Model 

Together, these hypotheses imply a mediating role of executive functions in the re-

lationship between autistic traits and burnout. Supporting this view, prior studies show 

that individuals with higher autistic traits perform worse on classic executive function 

tasks, such as the Wisconsin Card Sorting Test and the Tower of Hanoi [27], indicating 

impairments in cognitive flexibility and behavioral regulation [20]. 

Building on the JD-R framework, we conceptualize executive functions as a critical 

personal resource that shapes individuals’ capacity to cope with job demands. From this 

perspective, executive dysfunction constrains the ability to allocate, sustain, and replen-

ish cognitive resources, thereby increasing burnout risk. This vulnerability may be par-

ticularly pronounced in IT contexts, where work demands extend beyond technical 

problem solving to include navigating social interactions, conceptualizing abstract re-

quirements, organizing tasks, maintaining punctuality, and adapting to unfamiliar or 

rapidly changing situations [28]. Over time, the cumulative strain associated with man-

aging these demands under constrained executive functioning may contribute to height-

ened exhaustion and disengagement. Thus, our third hypothesis is 
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H3: Higher autistic traits are associated with higher burnout through reduced exec-

utive functions 

 

As discussed earlier, our cross-sectional design does not allow causal inference or 

establish temporal ordering of the research model. We thus do not infer causal direction 

for the two relationships—neither between autistic traits and executive functions, nor 

between executive functions and burnout.  

Methodology 

IT professionals’ autistic traits were assessed using the 50-item Autism-Spectrum 

Quotient (AQ) [29]. The AQ yields scores ranging from 0 to 50 and provides normative 

data as well as a recommended clinical cut point; scores of 26 or higher have been 

suggested as indicating that an individual may meet a diagnostic threshold. Using this 

cut point, prior work reports an overall classification accuracy of 83% [30]. As noted 

earlier, however, the AQ is not a diagnostic instrument. We used Maslach burnout in-

ventory, with the focus on exhaustion, to measure burnout.  

To assess executive functions, we followed the task protocol in Sullivan et al. [18] 

and used neuropsychological tasks (e.g., N-back, color-shape) to measure executive 

functions (Table 1). Although these tasks do not directly examine neural activity in the 

way neuroimaging methods do, they are well-established neuropsychological para-

digms for assessing cognitive processes linked to brain function [31].  

Table 9. Executive Functions Measures [18] 

Task EF Explanation 

N-back 
Working 

memory 

Participants must continuously update working memory by keeping 

track of the most recent n stimuli in a sequence. 

Color-

shape 

Cognitive 

Flexibility 

Depending on the stimulus cue, participants switch between making 

color-based judgments and shape-based judgments. 

Stroop Inhibition 

Participants must inhibit an automatic response (e.g., reading the 

word) in order to produce the task-relevant response (e.g., naming the 

ink color). 

 

This study has received Institutional Review Board (IRB) approval, and data collec-

tion is currently ongoing. A sample of IT professionals is being recruited via Prolific to 

complete a two-part study. Prolific is an online research platform that enables access to 

diverse and targeted participant pools. It also allows for prescreening based on occupa-

tional criteria, which facilitated the recruitment of participants in IT occupations. Par-

ticipants first completed survey scales assessing their autistic traits and burnout, and 

then performed the neuropsychological tasks assessing executive functions adminis-

tered through the Millisecond Inquisit online platform.  
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Of the 184 participants so far, 169 met attention checks and completed the AQ. After 

excluding those who did not complete the working memory (n-back) task, the current 

useful sample consisted of 150 participants.  

Preliminary Results 

Autistic Traits 

Of the 169 IT professionals who completed the AQ scale, 24.3% met the cut-off (≥ 

26), indicating elevated autistic traits consistent with probable autism based on this 

screening threshold. This proportion is considerably higher than the prevalence in the 

U.S. general population (3.05%) [32]. This result underscores why our research ques-

tions matter: a considerable proportion of the IT workforce exhibits clinically signifi-

cant levels of autistic traits, making it important to examine whether their executive 

functions differ and whether such differences relate to burnout risk. In our analyses, we 

control for demographic and professional characteristics, such as gender, age, and IT 

job role. 

Executive Functions and Employee Burnout 

In preliminary analyses, we also observed a statistically significant negative corre-

lation between working memory performance and exhaustion (p < 0.001), the core di-

mension of burnout, such that lower working memory was associated with higher ex-

haustion. Although we have not yet conducted the full set of planned analyses, such as 

multivariate models and robustness checks, these initial results are consistent with our 

research questions and suggest that executive functions, particularly working memory, 

may be meaningfully related to burnout risk among IT professionals. 

Expected Contributions 

Going beyond job demands and resources, this paper proposes an executive function 

perspective on IT employee burnout. If systematic differences in executive functions 

do exist among IT professionals, what does this mean for how organizations manage 

and support technical employees? How can this knowledge be used to improve IT em-

ployee wellbeing, retention, and productivity? By integrating neurocognitive differ-

ences into burnout research, this work can inform more targeted interventions and con-

tribute to a healthier, happier, and more productive IT workforce.  

Further, our research highlights the role of individual differences in shaping work-

place experiences, particularly among IT professionals. In this regard, prior research on 

individual characteristics related to burnout has often been examined through the lens 

of technostress, showing that technology-mediated interruptions can increase stress and 

impair task performance [33-35]. However, these effects may not be uniform across 

individuals. In particular, autistic IT professionals may bring distinct cognitive 

strengths to their work. For example, they are often drawn to IT roles due to strong 
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intrinsic interest [28], which may support sustained engagement and performance in 

technology-intensive environments.  

At the same time, some evidence suggests that certain neurodivergent traits are as-

sociated with strengths in memory and information processing, which could facilitate 

the retention and management of large amounts of information. These strengths may, 

in some cases, buffer against the negative effects of technostressors that are typically 

observed among non-IT or neurotypical populations. Taken together, this perspective 

underscores the importance of accounting for neurodivergent profiles when examining 

how technostress influences employee outcomes.  

Looking ahead, future research should further explore the potential benefits associ-

ated with autism in IT work, particularly in relation to resilience against technostress 

and burnout. Such work could help move the literature beyond deficit-based perspec-

tives toward a more balanced understanding of how neurodiversity might contribute to 

the IT workplace. In line with this direction, our ongoing research will incorporate eye-

tracking methods to capture fine-grained indicators of executive function processes 

among IT students, enabling us to examine attentional allocation, cognitive load, and 

information processing strategies during task performance. 
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Abstract. Csikszentmihalyi’s flow theory is increasingly studied in NeuroIS to 

better understand user behavior and inform the design of flow-supportive sys-

tems. Prior reviews have focused on either the peripheral or central nervous sys-

tem or on specific contexts. Moreover, research is complicated by measurement 

heterogeneity, as instruments often omit or modify the flow dimensions, and task 

heterogeneity, since physically active tasks elicit distinct physiological re-

sponses. Against this backdrop, we conducted a systematic and up-to-date litera-

ture review of neurophysiological flow correlates using Csikszentmihalyi’s the-

ory as ground truth and differentiating by task type. Our findings reveal persistent 

heterogeneity of neurophysiological activation patterns, shaped by the task, par-

ticipant factors, and methodological choices. On this basis, we highlight critical 

pitfalls and outline directions for future research on the neurophysiological cor-

relates of flow. 

Keywords: Flow theory • Neurophysiology • Psychophysiology • Systematic 

review. 

Introduction 

Flow theory by Csikszentmihalyi [1] has gained considerable attention in information 

systems [2]. Flow describes the state of complete task absorption [3] and is related to 

improved well-being and peak performance [4]. This state is relevant, among others, in 

knowledge work, where employees are frequently interrupted by information technol-

ogy. Developing a flow-supportive system that can automatically suppress task-irrele-

vant notifications could help employees maintain focus [5]. Achieving this, however, 

requires tools capable of continuously assessing the flow state. One promising approach 

involves measuring neurophysiological parameters, such as those captured through 

electrocardiogram chest belts [6] or portable electroencephalography (EEG) [7]. In ad-

dition, recent advances in sensor technology, such as webcam-based remote assessment 

of eye activity and heart rate, have expanded analytical and experimental possibilities 

in NeuroIS, supporting non-obstructive flow measurement.  

These advancements underscore the need to integrate neurophysiological flow re-

search findings. In the last decade, several systematic literature reviews (SLRs) have 

addressed aspects of this domain: [8] focuses on the peripheral nervous system; [9, 10] 

examine the central nervous system (CNS), and [11] considers the video games context 

solely. However, as research on the neurophysiological correlates of flow continues to 

mailto:%7d@ris.uni-due.de
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expand, and several new studies have emerged in recent years [5, 12–16], a systematic 

and up-to-date synthesis of findings is needed. Methodological heterogeneity further 

complicates the field, making it seem to prevent firm conclusions [9].  

First, a source of inconsistency lies in measurement heterogeneity. Existing studies 

rely on different flow measurement instruments, many of which either do not cover all 

five characteristics of Csikszentmihalyi’s theory (e.g., [17]) or modify them (e.g., [18]). 

The absence of a common ground truth limits comparability across studies. Second, 

task heterogeneity introduces additional complexity. Physically active tasks (e.g., danc-

ing [19]) and predominantly cognitive tasks (e.g., knowledge work [12]) are likely to 

elicit distinct physiological activation patterns, complicating cross-study comparisons 

if not differentiated. To date, neurophysiological flow research has not been systemat-

ically evaluated regarding these sources of heterogeneity. 

To address these gaps, we conducted an SLR to address the following research ques-

tion: What is the current state of the art on neurophysiological correlates of flow meas-

urements based on Csikszentmihalyi’s flow theory? In contrast to the prior SLRs [8–

11], we restrict inclusion to studies that operationalize flow using a ground truth derived 

from Csikszentmihalyi’s theory, and we differentiate findings by task type. Our results 

reveal a persistently heterogeneous pattern of neurophysiological activations across 

studies, even when applying a common theoretical ground truth and task-based differ-

entiation. We relate these findings to existing theoretical accounts linking flow to neu-

rophysiology, highlight critical pitfalls, and delineate directions for future research. 

Theoretical Background 

Flow is conceptualized by (i) three antecedents – (1) challenge-skill balance, (2) clear 

goals and (3) unambiguous feedback, (ii) five characteristics – (4) action-awareness 

merging, (5) sense of control, (6) loss of self-consciousness, (7) transformation of time, 

(8) concentration, and (iii) consequences like (9) autotelic experience [3, 20]. The three 

antecedents, in particular the challenge-skill balance, in which an individual’s per-

ceived challenge and skill are matched, are frequently used as a methodological frame-

work to explore how flow manifests across the CNS, autonomic nervous system (ANS), 

and endocrine system [21–23].  

The sympathetic nervous system (SNS) – “fight-or-flight” – and the parasympathetic 

nervous system (PSNS) – “rest-or-digest”– are two distinct systems of the ANS6 [25]. 

Based on the “modes of autonomic control”, six ANS activation patterns exist, which 

can be differentiated into three categories [26]. First, coupled reciprocal activation, 

which indicates increasing activity in one branch related to decreasing activity in the 

other branch, leading to (i) reciprocal SNS or (ii) reciprocal PSNS activation patterns. 

Second, coupled non-reciprocal activation where both branches are positively corre-

lated with each other: (iii) co-inhibition or (iv) co-activation. Third, non-coupled 

 
6 The SNS is activated in stressful situations and elicits reactions such as pupil dilation to pre-

pare the body for a “fight-or-flight” response. In contrast, the PSNS is responsible for the 

“rest-or-digest” response in the body and leads to pupil contraction [24]. The enteric nerv-

ous system is beyond the scope of the present study and is therefore not discussed here.  
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activation where the activation of both branches is unrelated to each other (v) uncou-

pled PSNS or (vi) uncoupled SNS. As highlighted by opposing views (e.g., [27, 28]), 

the underlying relationship between flow and ANS activity does not share a common 

perspective among researchers. 

Similarly, different theories exist regarding flow and the CNS. The Transient Hypo-

frontality Hypothesis (THH) explains the flow state based on the distinction between 

the explicit (connected to conscious awareness) and implicit (inaccessible to conscious 

awareness) systems [29]. A requirement for the flow state is the temporary suppression 

of the explicit system, which has been criticized as an oversimplification of the flow 

experience [30]. Thus, the Synchronization theory of flow addresses this issue by pro-

posing that flow arises from the synchronization of attentional and reward networks, in 

a state of balance between challenge and skill. This synchronization is a complex sys-

tem with energetic optimization, which leads to the pleasurable experience of effortless 

attention [30]. A third approach, the internal model of flow, has emerged with the aim 

of integrating both theories [31]. In this view, the brain uses an internal model that 

provides a sensorimotor representation of oneself within the surrounding environment. 

The flow state is thought to depend on these internal models, which are formed in the 

cerebellum during skill acquisition and are associated with the experience of intuitive 

and effortless behavior [31]. 

With respect to the endocrine system, comparatively little research has examined its 

relationship to the flow experience. The endocrine system regulates the production of 

hormones that influence physiological stress responses [32]. Research on flow has so 

far focused on the relation between cortisol and flow [33]. Evidence regarding the cor-

tisol-flow relationship remains mixed, with some studies suggesting an inverted U-

shaped pattern [23, 34] and others finding no significant association [35]. 

Method 

We conducted an SLR following [36] with no date restriction in order to provide a 

comprehensive overview of the field. We applied the search term across four databases, 

resulting in 1,535 initial results. Following the removal of duplicates, 1170 records 

were retained for further screening. 

First, the selection criteria (see Fig.1) were applied to the title, abstract, and keyword 

sections of the identified articles, excluding 1,093 articles. Next, the full texts of the 

remaining 77 articles were screened, resulting in 26 included articles. For instance, [17] 

was excluded because the subjective self-report to assess flow consists of three items 

(“I would love to solve math calculations of that kind again”, “Task demands were 

well matched to my ability”, and “I was thrilled”), which do not cover the five charac-

teristics of Csikszentmihalyi’s flow theory (exclusion reason 3). Finally, a forward and 

backward search identified three additional articles. In total, the review included 29 

relevant articles (please note that the 29 articles included 30 studies). We analyzed the 

studies through the lens of (a) flow and its dimensions, as well as (b) task type. In 

particular, studies examined flow either at the level of individual dimensions (see Chap-

ter 2, first paragraph), as second-order constructs that group these dimensions into 

broader factors, such as fluency, reflecting a smooth and automatized process, and 
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absorption, reflecting total immersion in the activity, or as global flow calculated as the 

average across all dimensions. As flow may be highly task-dependent [11], we derived 

task categories from recurring contexts in which flow has been empirically examined 

(e.g., gaming [11], sport [37], music [38]). 

Results 

Due to space restrictions, the concept matrix underlying this review is available in an 

online appendix (Click here7). The following sections present findings across the 30 

included studies, organized by study setup, ANS, CNS, and additional parameters, with 

the latter three further examined by flow dimension and task. 

Study Setup 

Task. Most studies investigated the flow experience in a gaming-related task (16 stud-

ies) using games, such as Pacman [34], Tetris [28, 39], or a VR Horror game [16]. Three 

studies investigated flow during music performances among pianists [40, 41] or mixed 

musician samples [13], three studies during sport, including running [42], cycling [43], 

and free throws [44], and three in a knowledge work context, including thesis writing 

[45], working on one's own project [12], and language learning [46]. The remaining 

studies focused on diverse tasks, such as dancing [19], filling in different questionnaires 

[47], or the Stroop stress test [48].  

 

 
7 https://osf.io/gv5pf/overview?view_only=050ae4eb149146c48ed175164aff3db7 

Fig 15: Description of the SLR process (* = two sources could not be retrieved) 

https://osf.io/gv5pf/overview?view_only=050ae4eb149146c48ed175164aff3db7
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Participants. Across the identified studies, the majority (19 studies) did not specify 

participant inclusion and exclusion criteria. Of the eleven remaining studies that speci-

fied participant inclusion criteria, definitions of expertise varied considerably. For ex-

ample, pianists were classified as experts if they were soloists or students at the Royal 

Music Academy in Stockholm [41], or if they met the minimum standard for music 

program applicants in higher education [40]; dancers, if they had been financially re-

munerated for at least one project [19]; and gamers, if they had accumulated more than 

five hours of gameplay in the week prior to the experiment [49]. Four of the eleven 

studies that specify participant selection criteria included both experts and non-experts 

to examine group differences [13, 21, 49, 50]. 

Autonomous Nervous System 

Global Flow. A total of seven studies investigated the relationship between flow and 

physiological activation using gaming tasks. Three studies suggest a co-activation pat-

tern, [33, 39, 49], whereas two findings [22, 28] are most consistent with an uncoupled 

PSNS activation. No clear activation pattern could be identified in two studies [16, 47].  

Furthermore, two studies used a piano-playing music task to examine flow [40, 41], 

concluding that flow is characterized by a co-activation pattern. One study used a 

Stroop stress test, indicating co-activation with predominant SNS activation [48], while 

another study focusing on filling in questionnaires does not indicate a clear activation 

pattern [47]. A co-inhibition has been solely identified in a dancing performance [19].  

 

Absorption and Fluency (see Chapter 3). Two studies [34, 49] investigated their find-

ings regarding second-order constructs. Both studies suggest that absorption may rep-

resent a stronger indicator of flow in a gaming task. [34] found that the relationships 

between physiological markers and flow were primarily driven by absorption, relating 

to a co-activation pattern. Similarly, [49] demonstrated that the heart-evoked potential 

showed no correlation with global flow, but a positive relationship with absorption, 

whereas the autonomous activation patterns were only interpreted at the level of global 

flow. 

 

Flow Dimensions (see Chapter 2, first paragraph). Finally, two studies particularly ex-

amined flow dimensions, such as challenge skill (e.g., flow antecedent), sense of con-

trol (e.g., flow characteristic), or autotelic experience (e.g., flow consequence) in danc-

ing [19] or gaming [51] (see Table 1 in the online appendix). However, no clear activa-

tion pattern can be identified among these studies. 

Central nervous system 

Global flow. A total of six studies focus on gaming, where three employed EEG meas-

urements to assess brain activity across different spatial regions and frequency bands 

[14, 15, 49], whereas the remaining two studies used (functional) near-infrared spec-

troscopy (fNIRS) to compute oxygenated hemoglobin [21, 39] or the average oxygen-

ation change [28]. Across these studies, two provide support for the THH [39, 49], and 
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one study suggests support for the Synchronization Theory [21]. The findings of [14, 

15, 28] do not provide a clear trend towards one of the three propositions.  

Two studies examined flow during sport, including running [42] and cycling [43]. 

Single studies investigated flow music performance [13], and the observation of table 

tennis serves [50]. One study assessed two different tasks, specifically self-directed 

project work and a math task [12]. Of these five studies, all except [43], which measured 

oxygenated hemoglobin, employed EEG. Studies examining music [13] and running 

[42] supported the THH, whereas in the remaining three studies, none of the proposed 

theories received support (see Table 2 in the online appendix).  

 

Absorption and Fluency. Two studies investigated second-order constructs in 

knowledge work [12] or gaming [52]. While [12] found quadratic relationships between 

beta power asymmetry and both absorption and fluency, [52] reported positive correla-

tions between theta and delta power and absorption, but did not investigate fluency. 

Neither study provides a clear relation to any of the three theories. 

 

Flow Dimensions (see Chapter 2, first paragraph). One study examined all nine flow 

dimensions in music [13]. However, findings were only embedded in the THH at the 

level of global flow.  

Cortisol measurement, eye tracking, and facial tracking  

Cortisol. Only one study examined the relationship using a gaming task and found no 

association between cortisol and global flow. The authors conclude that there is no uni-

versal relation between cortisol and flow and therefore propose the “treatment specific-

ity and personal characteristics hypothesis”, suggesting that cortisol reactions depend 

on task and personal characteristics of the participants. In contrast, [23, 34, 53] inves-

tigated the relationship between cortisol and absorption and fluency in gaming tasks. 

Two studies indicate a (partially) inverse U-shaped relationship between cortisol levels 

and absorption [23, 34], but no association with fluency, whereas [53] identified a neg-

ative linear relationship for both fluency and absorption.  

 

Eye Tracking. [44] examined the relationship between the quiet eye and global flow 

in athletes shooting free throws, indicating a significant negative linear association. [54] 

identified positive associations between the percentage of fixation duration and time 

distortion and negative associations between the percentage of fixation count and time 

distortion in a gaming context (see Table 3 in the online appendix). 

 

Facial Tracking. Two studies investigated global flow in knowledge work tasks [45, 

46], both indicating significant associations between flow and facial activity and sub-

sequent derived emotions. Whereas [45] identified surprise and z-axis head orientation 

as significant negative correlates of flow among thesis-writing participants, though the 

sample of four considerably limits statistical power, [46] identified happiness expres-

sion as a significant negative correlate in a language learning class. 
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Discussion and Limitations 

Our review integrates neurophysiological findings by focusing on studies grounded in 

Csikszentmihalyi’s flow theory [1]. On this basis, we outline methodological and the-

oretical implications and delineate directions for future flow research. 

Methodological implications 

First, flow is highly task dependent, as even tasks within the same category, such as 

gaming, may differ in how they contribute to individual flow dimensions [11, 55]. For 

instance, the level of flow experienced by participants increased more gradually in 

Tetris than in an action game over the course of six playing sessions [55]. This hetero-

geneity limits comparability and the detection of consistent patterns across studies, as 

reflected in the wide range of neurophysiological findings. Addressing this issue re-

quires a framework for categorizing tasks according to their flow-relevant characteris-

tics. While [56] propose a promising approach based on four categories, namely inter-

action speed, feedback, strategy, and goals, to classify isolated characteristics of tasks; 

it does not integrate physical activity, which substantially influences physiological re-

sponses. As a result, the approach is only conditionally applicable to examine the rela-

tionship between flow and physiological activation. 

• Future research should build on this groundwork to develop a classification 

framework for flow that enables cross-study comparison. Additionally, 

measuring physiological responses in the same individuals across multiple 

tasks could yield valuable insights into task-dependent differences. 

Second, the analysis of flow dimensions has gained increasing importance, as not all 

dimensions contribute equally to the experience [5, 34]. Moreover, including anteced-

ents, which are only the prerequisites, in the global flow calculation does not truly re-

flect the experience itself [56]. Findings of this review further support the need for di-

mension-level analysis. For absorption but not fluency, a significant positive relation-

ship between HF-HRV and cortisol levels was identified [34], a pattern further sup-

ported by an inverse U-shaped relationship between cortisol levels and absorption, but 

not fluency, among chess players [23]. Similarly, an inverse U-shaped association with 

alpha neural oscillations was reported in the absorption but not for fluency [45]. One 

possible explanation is that absorption only emerges when perceived challenge and per-

ceived skill are balanced, thus exclusively within the flow channel, and may therefore 

serve as a more reliable indicator for the flow experience [34]. 

• Future research should therefore include analysis of flow dimensions to 

advance the understanding of dimension-specific neurophysiological cor-

relates of flow.  

Third, the majority of the studies relied on a difficulty manipulation paradigm, varying 

between two [52], three [22, 28, 51], four [39], or five difficulty levels [53] to induce 

flow. Notably, [39] included an autonomy condition in which participants self-selected 

their difficulty level, with the instruction to select a level that is neither too easy nor too 

hard. Although the autonomy condition did not yield higher flow scores compared to 

the experimenter-defined flow condition, it resulted in greater physiological 
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activations. This suggests that higher individual autonomy may produce more stimulant 

experiences, because flow is an intrinsic state influenced by the individual’s motivation 

to perform the task [57]. 

While controlled laboratory environments are necessary to minimize the effect of 

confounding variables, particularly given the sensitivity of physiological measurement 

to external disturbances [58], researchers have called for field studies to complement 

laboratory findings [19, 40]. Only two studies included in the review were conducted 

as field experiments [12, 19], of which only one compared a natural task (own project 

work) with a mental arithmetic task in the field, reporting more intense flow experi-

ences in the first [12]. In addition, none of the included studies employed a dual-task 

paradigm, which is applied to indirectly assess flow by measuring the level of attention. 

As complete absorption during flow hinders an individual from allocating attentional 

resources to irrelevant external stimuli, secondary task reaction times have been pro-

posed as a reliable proxy measure for the flow state [11]. 

• Future research should consider integrating autonomy conditions to better 

reflect intrinsic motivation, conducting field studies with natural tasks to 

elicit real flow experiences, and further exploring the potential of dual-task 

paradigms. 

Fourth, the definition of participant inclusion criteria presents another approach to en-

sure the elicitation of flow experiences. As experts are more prone to experience flow 

states in their domain of expertise [41], several studies examined whether expertise 

moderates the physiological correlates of flow. In a gaming context, less activation in 

frontal and parietal cortex regions was identified in non-gamers compared to gamers, 

attributed to a lower degree of automaticity, because their lack of skills requires a more 

explicit information processing system [49]. Similarly, the difference in upper alpha 

power between flow and non-flow states was more pronounced in musicians with 

higher expertise, suggesting that experts are more likely to rely on implicit, automatic 

processing than non-experts. However, findings only provided statistical significance 

after outlier removal [13]. Furthermore, significant differences in ventrolateral prefron-

tal cortex activation between gamers and non-gamers indicate that experts demonstrate 

better control mechanisms to regulate attention and emotion [21]. Collectively, these 

findings suggest that experience moderates neurophysiological activation during flow, 

and that the THH receives support for experts, but might differ for non-experts.  

The flow experience is further affected by personality traits such as low neuroticism 

or high conscientiousness [59]. Despite calls to include screening for flow disposition 

[59, 60], only two studies in this review implement screening procedures [12, 13]. 

While no significant differences in flow proneness across participants were identified 

in the first study, limiting the scope for further analysis [12], the second reported that 

differences in theta band functional connectivity analysis between flow and non-flow 

were primarily reported in participants with high dispositional flow scores [13]. The 

authors link increased activity to superior attentional control in flow-prone individuals. 

• Future research should systematically screen for expertise, flow proneness, 

and specify inclusion criteria for participants, as studies targeting experts 

and flow-prone individuals appear more likely to identify neurophysiolog-

ical patterns related to flow. 



286 

 

Fifth, this review identifies promising directions for future non-obtrusive flow meas-

urements, such as the use of eye and facial activity [44, 45]. Integrating these parame-

ters into a camera-based approach, which requires no direct skin contact, could prevent 

the physical discomfort induced by wearables, such as fNIRS sensors [28]. In addition, 

cameras enable the remote assessment of heart rate (variability) [61], integrating well-

established physiological flow parameters into a single non-intrusive device. 

• Future research should therefore explore the potential of camera or 

webcam-based flow detection. 

Theoretical implications 

First, this review indicates that physiological activation changes across the temporal 

course of flow, including the time before, during, and after the flow state. [40] suggest 

that elevated SNS activity before entering the flow state may facilitate flow, whereas 

peak flow was observed during increased PSNS activation. This temporal dynamic is 

further emphasized by [11], who demonstrated that higher PSNS activity at the end of 

the task, compared to the beginning, might be associated with higher reported flow. 

• Future research should examine the temporal dynamics of the flow state to 

contribute to a more precise understanding of the underlying relationship. 

Second, the distinction between flow and stress has been intensively studied [8]. While 

earlier studies characterized the physiological activation as similar to stress responses 

with strainful tension and mental load [62], the findings of the present review indicate 

that these assumptions have since been refined. Restricting the analysis to studies em-

ploying a ground-truth measurement consistent with Csikszentmihalyi’s flow theory, 

the PSNS activation emerges as a central component. The co-activation of both ANS 

branches has been highlighted across several studies [33, 34, 39, 41, 48, 49], supporting 

the assumption that flow is determined by maximum physiological flexibility, enabling 

adaptive responses to changing environmental demands [11], a pattern that distin-

guishes it from stress [22]. 

Third, the selection and interpretation of physiological parameters as indicators for 

ANS activation remain debated (see discussion on low-frequency heart rate variability 

in [63]), prompting calls for more reliable and valid measures [28, 49]. Addressing this 

gap, [19] integrated the pre-ejection period (PEP) in their analysis. PEP describes the 

time interval between the stimulation of the left ventricle and the opening of the aortic 

valve, and a shortening of this interval signals increased sympathetic activation. During 

live dancing performance, the change in PEP from baseline rest to performance ex-

plained 8.8% in variance in the sense of control dimension. 

• Future research should therefore systematically screen for recent develop-

ments of physiological indicators for ANS activation, in particular drawing 

on advances from medical clinical research, and transfer findings to future 

flow research. 

Fourth, across the included studies, four find support for the THH [13, 39, 42, 49]. 

However, [28] did not find a relation between frontal cortical oxygenation and flow, 

and thus specifically disagrees with flow as a state of hypofrontality. While [28] em-

ployed fNIRS measurements, which offer higher spatial but lower temporal resolution, 
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the remaining studies relied on EEG, which offers higher temporal but lower spatial 

resolution [64], suggesting that the mixed findings regarding THH support may reflect 

methodological differences between studies. Notably, several studies lack an embed-

ding of empirical findings within explicit theoretical mechanisms (e.g., [43, 52]), con-

straining current theory development. 

• Future research should continue to employ high spatial and temporal reso-

lution neurophysiological methods and embed findings within theoretical 

frameworks to advance theory development. 

Fifth, significant relationships could be identified across all five frequency bands based 

on EEG activity. However, only [12] identified quadratic relationships with beta and 

theta activity, while the remaining studies focused on linear relations. For example, two 

studies [15, 52] report positive linear relations in central and parietal regions, interpret-

ing flow as a state of high concentration and cognitive engagement. Furthermore, a state 

of relaxation is derived from this relationship [52]. Delta and theta bands were further 

identified as the most robust features for flow prediction, outperforming predictive 

modelling for the combined five frequency bands [15]. In contrast, theta activity did 

not significantly contribute in a multivariate model, suggesting that other frequency 

bands may play a more prominent role in characterizing the flow state [14].  

• Future research should systematically examine the relative contributions 

of individual frequency bands, using approaches to disentangle their inde-

pendent and combined roles in characterizing the flow state. 

Limitations 

Within this review, a common ground truth was applied to establish a basis for com-

parison across studies. While we refer to scales that rely on Csikszentmihalyi’s flow 

theory as the ground truth, this does not imply their validity. An example is the Flow 

State Scale 2, which does not sufficiently discriminate between flow and clutch, a state 

in which an individual is successful in pressured situations, which partially overlaps 

with the flow experience [65]. Additionally, global flow scores calculated by averaging 

antecedent, characteristics, and consequence dimensions may inadequately represent 

the flow state [3, 56]. 

• Future research should therefore prioritize the evaluation of flow scales, 

with particular attention to their discriminant validity. 

Concluding Remarks 

This review reveals heterogeneity and conceptual fragmentation in the neurophysiolog-

ical correlates of flow. Nevertheless, the findings demonstrate the potential of neuro-

physiological measures for flow detection and for informing future flow-supportive 

systems. Specifically, we outline methodological and theoretical implications, delineate 

directions for future research, and call for stronger integration of neurophysiological 

findings into existing theoretical accounts to advance theory development in the field. 
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Abstract. This proposed research study investigates whether AI assistance can 

help learning of integrated business processes from SAP screens and examines 

the cognitive mechanisms underlying such learning. While prior studies have 

demonstrated AI's potential to enhance learning outcomes, the cognitive pro-

cesses through which learners engage with both AI and visual information remain 

underexplored. By combining experimental manipulation of AI assistance with 

eye-tracking methodology, this study aims to uncover how learners allocate vis-

ual attention, formulate questions, and develop mental models of business pro-

cess integration through SAP screens. 

Keywords: AI Assisted learning, GenAI, Eye tracking, SAP, Cognitive behav-

ior. 

Introduction 

The rise of generative AI (GenAI) is transforming how users in complex domains 

learn and acquire knowledge. ERP systems integrate different business units and auto-

mate business activities for decision-making [1]. However, learning ERP requires a 

different set of skills compared to traditional technologies [2]. ERP requires business 

domain knowledge in addition to the technical knowledge, as users need to understand 

how multiple organizational units impact business operations [3]. 

In ERP systems such as SAP, business processes involve different business functions 

such as procurement, sales, and accounting, with transactions in one screen creating 

visible effects across multiple interrelated screens.  For novice SAP users, understand-

ing the dependencies of such business processes is critical for making sound business 

decisions. Traditional learning approaches often struggle to convey this integration ef-

fectively, as learners must mentally connect information distributed across multiple 

screens while grasping the underlying business concepts. 

This research investigates how AI can help learning of integrated business processes 

from related SAP screens and critically examines the cognitive mechanisms underlying 

such learning. While prior studies have demonstrated AI's potential to enhance learning 

outcomes, the cognitive processes through which learners engage with both AI and vis-

ual information remain underexplored [4]. By combining AI assistance with eye-
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tracking methodology, this study aims to uncover how learners allocate visual attention, 

formulate questions, and develop cognitive strategies to solve SAP related problems. 

This study is positioned within the field of NeuroIS which is the application of neu-

rophysiological tools and theories to information systems research [5-7]. While prior 

NeuroIS research has examined phenomena such as trust, cognitive load, and technol-

ogy adoption, less attention has been given to the cognitive mechanisms or strategies 

of learning with GenAI tools. By using eye-tracking as a physiological measure of at-

tention and integration, we contribute to NeuroIS by revealing how the quality of hu-

man AI interaction shapes learning outcomes. Following Riedl & Léger [8], we con-

sider eye movements as an objective window into otherwise unobservable cognitive 

processes (e.g., selection, organization, and integration). 

Related work 

Learning and Generative AI  

Generative AI has transformed personalized learning support by enabling natural 

dialogue where learners can ask questions about specific concepts and cross-screen re-

lationships. Baek and Kim [4] identified five key motivations for ChatGPT usage—

information seeking, task efficiency, personalization, social interaction, and playful-

ness, finding that personalization and task efficiency positively impact trust and con-

tinuance intention. Marimon et al. [9] demonstrated that GenAI adoption improves per-

formance only through trust as a mediating variable, highlighting that psychological 

factors may be more critical than just access to GenAI. Zhang et al. [10] distinguish 

between cognitive use (knowledge acquisition) and social use (collaboration) of GenAI, 

finding both usages enhance performance through knowledge transfer and resource ac-

quisition. However, Zhang [11] warns the risk of cognitive overreliance of GenAI as 

users increasingly delegate cognitive tasks such as summarization, coding, or ideation 

to GPT models. Such usage may lead to a gradual erosion of independent reasoning 

skills. 

Learning Integrated Business Processes using SAP 

SAP is one of the most recognized and popular ERP systems used worldwide. Learn-

ing SAP systems presents unique challenges because business processes are distributed 

across multiple interconnected screens, requiring learners to recognize recurring iden-

tifiers and to understand how transactions in multiple business functions such as pro-

curement and sales affect one another [12]. While pedagogical approaches such as 

hands-on exercises and ERPsim simulations are commonly used in teaching business 

process integration, these methods have not been systematically studied using cognitive 

methodology such as eye-tracking. 
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Research question and model 

Learning the use of SAP is complex as the business processes are shown in multiple 

different interrelated SAP screens. Problems such as fixing errors in a specific SAP 

screen require a deep understanding of how a screen is related to other screens. More-

over, conceptual knowledge of business processes is required to understand the rela-

tionship among the screens. 

To help novice users solve complex SAP problems (e.g. fix errors in SAP screens), 

we propose an AI assisted tool that does not provide the answers to such problems but 

help the learners to understand SAP concepts and their relationships. Such knowledge 

in turn can help solve such problems. There are many AI-assisted tools such as auto-

mated writing evaluation systems, conversational chatbots, and adaptive learning plat-

forms available that can provide personalized and flexible opportunities to learn [13]. 

Our focus is only on the conversational AI chatbot that is developed to support leaners 

providing in-depth SAP and business knowledge about a specific domain.  

We propose that the use of a conversational AI chatbot (we refer to this as GenAI 

tool) influences learning outcomes through its effect on cognitive processing. The broad 

research question we investigate is how does the quality of human-AI interaction affect 

learning outcomes?  

 

 

Fig. 16. Research Model 

As illustrated in Figure 1, the independent variable is the use of a customized GenAI 

tool while performing SAP tasks which is hypothesized to affect learning outcomes via 

use of cognitive engagement strategies. By learning outcomes, we refer to the quality 

of the answers to problem solving questions on SAP that tests deep level understanding 

of SAP concepts. In the next section, we elaborate on the cognitive engagement strate-

gies.  

Cognitive Engagement Strategies 

We propose that high quality learning depends on the quality of cognitive engage-

ment and not simply on the availability of GenAI tool. Users need to employ specific 

cognitive strategies to engage with the GenAI tool to have high quality learning. We 

name this as cognitive engagement strategies and define it as the deliberate, goal-di-

rected cognitive actions a learner takes to process, transform, and integrate new infor-

mation with existing knowledge. This definition is based on the theories mentioned in 

the next sub section.  
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Related Theories 

Cognitive engagement strategies are based on three complementary theories: Cog-

nitive Load Theory [14], Cognitive Theory of Multimedia Learning (CTML) [15], and 

Generative Learning Theory [16]. 

 

Cognitive Load Theory [14] states that learning is constrained by the limited capac-

ity of working memory. Two types of cognitive loads are relevant for this research. 

First, the intrinsic load  which is the inherent difficulty of the material itself and is de-

termined by the number of interacting information elements that must be held in work-

ing memory simultaneously [14]. Understanding an integrated business process in SAP 

(such as tracing a quantity discrepancy from a purchase order to a goods receipt to an 

invoice receipt) involves high intrinsic load because multiple screens and their numer-

ical relationships must be processed together. Second, the extraneous load that is cre-

ated by the instructions. In our study, extraneous load can arise as the SAP related prob-

lem-solving questions are quite complex and require to be broken into small managea-

ble parts. Extraneous load can be reduced by altering instructional procedures, formats, 

or guidance [17]. As this type of load does not contribute to learning therefore it should 

be minimized.  

 

CTML [15] proposes that meaningful learning occurs through three cognitive pro-

cesses- selecting relevant information from the presented material, organizing it into 

coherent mental representations, and integrating those representations with prior 

knowledge retrieved from long-term memory. These processes are constrained by the 

limited capacity of each channel. CTML also predicts that learners who spontaneously 

perform these three processes will achieve better problem-solving outcomes. 

 

Generative Learning Theory [16, 18] complements CLT and CTML by focusing on 

the learner’s active construction of meaning. Generative learning involves “making 

sense” of provided learning material by actively organizing and integrating it with one’s 

existing knowledge [18].  The intended outcome of generative learning is to construct 

coherent mental representations that enable learners to apply their knowledge to new 

situations [16]. Meaningful learning depends on the learner engaging in appropriate 

cognitive processing involving selecting, organizing, and integrating [15]. Generative 

learning activities prompt learners to make sense of material such as summarizing, 

self-explaining, drawing, and asking questions [19]. A question is a generative act be-

cause it requires the learner to detect a gap in their mental model, formulate a precise 

query, and actively seek information to fill that gap [19]. In the next sub-section, we 

suggest how cognitive engagement strategies can be implemented using these theories. 

Using Cognitive Engagement Strategies 

 

We propose that cognitive engagement strategies are of two types: low-quality en-

gagement strategy and high-quality engagement strategy. By providing access to the 

GenAI tool does not automatically guarantee high quality learning as it is up to the 
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learners to implement cognitive engagement strategies. Fiorella [16] however mentions 

that unfortunately many learners do not spontaneously engage in sense-making behav-

ior resulting in shallow learning. In the low-quality engagement strategy, learners ask 

factual questions that retrieve directly information that is seen on the screen. Such ques-

tions reflect passive processing but do not require the learner to construct new relation-

ships or resolve inconsistencies. This strategy may lead to shallow learning.  

 

In the high-quality engagement strategy, effective learning occurs from multiple 

sources of complex information (e.g., several SAP screens). Implementation of this en-

gagement strategy will lower cognitive loads (both intrinsic and extraneous) and can be 

achieved by engaging in generative learning activity in the form of asking questions to 

make sense of the material. Learners can employ selection strategies that focus on key 

information fields that are critical for understanding the underlying problem-solving 

question and then use integration strategy to mentally (or visually) relate those fields 

across different screens. Learners who deliberately compare and connect information 

across screens are engaging in deeper integration, which is necessary to grasp 

cross-screen dependencies.  

Both strategies can be implemented using the questions mentioned in Table 1. Ex-

amples of such questions related to SAP are provided on the table. Note that factual 

questions that focus on understanding the key concept to understand the underlying 

business process can be considered as part of high engagement strategy if such ques-

tions are followed up by cross-sectional questions. Learners who do not have access to 

such GenAI tool can still have high quality learning outcome, provided they are able to 

engage with SAP screens and employ high quality cognitive engagement strategies. 

Table 10. Cognitive engagement strategies implementation  

 

Question type Strategy im-

plemented 

Example 

Cross-screen relational - deliberately 

comparing and connecting infor-

mation across screens and engaging 

in deep integration 

High quality How does the ‘quantity re-

ceived’ on the goods receipt 

screen relate to the ‘invoice 

quantity’ on the invoice re-

ceipt screen? 

Follow-up conditional- formulating 

hypotheses and seeking the evidence 

of support of them 

High quality If the goods receipt shows 

450 units but the invoice says 

500, what happens to the fi-

nancial statement accounts? 

Factual (screen-based)- seeking un-

derstanding of the meaning of con-

cepts and terms 

Low quality What is the unit price of milk 

on the purchase order screen? 
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Hypotheses 

We propose a set of hypotheses to test the effectiveness of cognitive engagement 

strategies using a GenAI tool. Learners who ask high-quality generative questions par-

ticularly cross-screen relational and follow-up conditional questions will experience 

reduced extraneous and intrinsic loads and implement cognitive processes as mentioned 

in CTML leading to superior learning outcomes. 

H1: Learners who ask more specific screen-based questions, cross-screen questions, 

and follow up questions will perform better in SAP related problem-solving questions. 

H2: Question-asking and screen viewing patterns will differ between high-perform-

ing and low-performing learners in the GenAI tool group, with high performers asking 

more cross-screen relational and follow-up conditional questions and visualizing the 

corresponding part of the screens where such cross sectional and follow up concepts 

are mentioned. 

The use of high-quality cognitive strategies can also be employed by learners with-

out the use of GenAI tool. For these learners, effective attention-based strategies are 

self-directed, and they must independently decide which SAP fields/screens matter and 

how they relate to each other. Those learners who do not look at the right parts of the 

relevant screens would perform poorly showing low cognitive engagement strategy. 

H3: Learners without the availability of GenAI tool will perform better in answer-

ing the problem-solving questions if they view key fields of screens that establish 

cross-screen connections related to the SAP related problem-solving questions. 

Methodology and Procedure 

Eye Tracking 

Eye-tracking is a well-validated neurophysiological tool for measuring attention, 

cognitive load, and information integration [20]. Eye-tracking has emerged as a pow-

erful tool for studying cognitive processes in psychology and Information Systems 

studies [21]. Eye metrics provide objective insights into attentional focus. For example, 

prolonged fixation durations measured as the time spent gazing at task-critical elements 

are indicative of deliberate mindful processing, while reduced saccadic frequency 

(fewer rapid eye movements between unrelated areas) reflects lower distraction levels 

[22]. While eye-tracking has been applied to ERP usability [23], no work has integrated 

ERP, GenAI, and eye-tracking to examine how use of GenAI drive attentional behav-

iors influencing ERP task performance.  

The use of eye-tracking in this study follows established NeuroIS practices [6]. In 

our study, eye-tracking operationalizes the constructs of selection (fixations on key 

fields), organization (scanpaths within a screen), and integration (gaze transitions 

across screens). This aligns with the NeuroIS research agenda that calls for linking 

brain/body measurements to established IS constructs [7].  
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Procedure  

The proposed study will use a controlled laboratory experiment using eye-tracking 

to investigate how GenAI assistance influences cognitive processing and learning out-

comes in SAP tasks. A between-subjects design will be used with two groups (30 in 

each)- an experimental group with access to a GenAI tool and a control group without 

the tool. Participants will be undergraduate business students enrolled in an introduc-

tory technology management course where SAP concepts are taught.  

Participants will first fill up a survey on their existing domain (business concepts 

related to procurement, sales, and accounting) and SAP knowledge and then complete 

a set of comprehension questions (e.g. “The goods receipt and invoice receipt screen 

both reference 500 units of milk from V04”) based on the SAP screens involving pro-

curement, sales, and accounting transactions. The purpose of this exercise is to make 

the subjects familiar with all the SAP screens. This will be followed by problem-solving 

questions to measure learning outcomes. Subjects eye movements will be recorded 

while they perform the tasks. The answers to the problem-solving questions are not 

provided directly in the screens and subjects need to understand the interrelations of 

multiple screens to answer them. After answering these questions, subjects will answer 

questions related to trust and usage of GenAI. 

Experimental Materials 

Two sets of websites are designed to test the hypotheses. Both websites will have a 

set of static SAP screens related to the operations of a Milk distribution firm related to 

procurement, sales, and accounting. The effects of certain transactions (e.g. purchase 

of milk from a supplier) are reflected in these screens. Some screens such as financial 

statements show the status before and after the transaction has taken place. One website 

(Figure 2) will have an embedded GenAI chat tool that can answer questions related to 

any concepts mentioned in the screens or general business domain and SAP knowledge. 

The chat box is connected to GPT 4.0 from OpenAI where a knowledge base is created 

on the information on SAP screens and generic knowledge of SAP. A system prompt 

is customized to provide the answers related to the knowledge base. To answer the 

questions prompted by users, the knowledge base will be used first (to answer specific 

questions on SAP screens) and then supplemented with general knowledge of GPT 4.0. 

The prompt disallows subjects to provide answers to the problem-solving questions or 

modification to the questions.   

We plan to use three problem solving questions such as “company 140 has created a 

purchase order for 500 units of milk with a freight charge of €1,000 as shown on the 

screen. However, assume that the supplier increases the freight charge to €2,000. How 

would this increase in freight charge affect the screens?” The AI chat will not provide 

answer to this question if asked as is or if the numbers are modified (e.g. freight charge 

of €100 instead of €1,000). However, the AI chat allows asking questions such as what 

is the effect of high freight charges on business financials? 

 

The chat interactions (conversations) are not used for training the GPT 4.0. This 

prevents the GPT from learning and providing answers to participants, as multiple 
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participants can ask similar questions. All the interactions are captured in sessions that 

can be extracted after a subject completes the study. The second website has the same 

information as the first one, except the GenAI tool is not present. By using the exact 

website without the GenAI tool, we can measure the effect of the presence of the GenAI 

tool. 

 

Fig. 2. Screenshot of the website with GenAI tool 

Analysis Plan 

Independent sample t-tests will compare problem-solving scores between groups. 

Domain and SAP experts (unaware of research objectives) will evaluate the quality of 

the problem-solving answers and provide a range of numerical scores to the problem-

solving answers. SAP and domain prior knowledge and variables such as trust and us-

age of GenAI will be used as control variables. The interactions with the GenAI tool 

will be analyzed and the questions asked will be categorized as per Table 1. Analysis 

of the problem-solving answers and the types of questions asked will be used to test 

hypothesis one.  

A key innovation in this research is the integration of eye-tracking and interaction 

data to examine cognitive processes. Several eye movement metrics such as fixation 

duration and fixation count will be used to indicate the depth of information processing 

and attention allocation to specific screen elements. The gaze transitions between areas 

of interest (AOIs) can reveal how learners integrate information across interconnected 

SAP screens. Key AOIs will include quantities, amounts, and supplier/customer iden-

tifiers that establish cross-screen connections in problem solving questions. The eye 

movements for answering cross sectional, factual, and follow up questions will be cap-

tured. For example, when a subject asks about a specific screen field, we can examine 

whether he/she was fixating on that field immediately before asking. We will also iden-

tify whether the subjects went back to the screen to verify the GenAI provided answers. 

The analysis of problem-solving performance, screen viewing patterns, and interactions 

will be used to test hypothesis two. To test the third hypothesis, problem-solving per-

formance and the screen viewing patterns will be used.  
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Possible Contributions and conclusion 

This research can make several novel contributions in the field of understanding the 

cognitive processes of using GenAI tools. First, it focuses on understanding the mech-

anism of implementing cognitive strategies using a customized GenAI tool. Second, it 

focuses on identifying when the use of these strategies leads to high performance. For 

this purpose, it uses combination of several data sources including eye tracking. Third, 

it compares two groups of users (with and without the use of GenAI) and identifies 

when high performance can be achieved even without the use of GenAI. Practically, 

the findings can inform organizations on how AI can be used to reduce cognitive load 

of novice SAP users. 

This research can also highlight the role of asking questions related to cognitive en-

gagement strategies. Such questions can be converted to theory-based prompt interven-

tions embedded within the AI chat interface. Future research can test the effectiveness 

of these prompt interventions in providing high quality learning.  
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Abstract. This feasibility case‑series examines whether stacking principles from 

the Cognitive Theory of Multimedia Learning (CTML) produces measurable 

multimodal engagement signatures during video‑based instruction and whether 

richer support relates to more coherent engagement profiles. We contrast a 

CTML‑rich High‑Engagement (HE) video with a Low‑Engagement (LE) version 

(N = 7; HE = 4, LE = 3) while recording synchronized eye‑tracking, 

webcam‑based facial expression indicators, and electrodermal activity (EDA). 

Participant‑level summary metrics are compared using descriptive statistics, 

Spearman correlation heat maps, and nonparametric Mann–Whitney U tests with 

Cliff’s δ effect sizes. Results suggest directional differences between HE and LE 

in affective and autonomic indicators and partial cross‑modal structure within 

conditions, though with substantial overlap and variability. Findings are inter-

preted as feasibility evidence that CTML‑aligned instructional manipulation can 

shape the organization of multimodal engagement signals, motivating 

larger‑scale and time‑resolved modeling in future neuroadaptive learning re-

search. 

Keywords: Cognitive Online Learning · Cognitive Theory of Multimedia Learn-

ing (CTML) · eye tracking · electrodermal activity · engagement recognition 

Introduction 

Online video instruction has become a dominant mode of undergraduate learning, 

particularly in STEM disciplines where scalability and flexibility are essential. Yet sus-

tained engagement during video learning remains fragile: learners frequently experi-

ence attentional lapses, fluctuating cognitive load, and uneven regulation of effort, all 

of which can undermine comprehension and transfer [1], [2], [3]. While prior work has 

established that engagement matters for learning outcomes, much of the existing 
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evidence relies on coarse proxies (e.g., self-report or post-hoc performance) or correla-

tional associations between behavioral or physiological signals and learning [1], [4]. 

As a result, it remains difficult to specify when, how, and why instructional design 

choices alter learner engagement in ways that are actionable for neuroadaptive systems. 

Recent advances in multimodal sensing, eye tracking, facial expression analysis, and 

autonomic physiology such as electrodermal activity (EDA), have enabled increasingly 

fine-grained measurement of learner state during video learning [3], [4], [5], [6]. How-

ever, a persistent limitation is that engagement signals are often modeled independently 

of the instructional manipulations that are presumed to influence them. Gaze dispersion, 

facial expressiveness, and arousal are treated as indicators of engagement, but the 

causal relationship between instructional design features and these signals is rarely 

tested [2], [4]. Without such causal anchors, engagement detection risks becoming an 

exercise in pattern recognition rather than a mechanism-informed basis for adaptive 

intervention [1]. 

The Cognitive Theory of Multimedia Learning (CTML) offers a principled frame-

work for addressing this gap. CTML specifies how instructional design features influ-

ence learning through well-articulated cognitive mechanisms: dual-channel processing, 

limited working memory capacity, and active selection, organization, and integration 

of information [7], [8]. Design principles such as signaling, coherence, modality, and 

segmentation are intended to reduce extraneous processing, manage essential cognitive 

load, and foster generative processing [7], [8], [9], [10]. Importantly, these principles 

are not merely design variations; they function as interventions that target specific at-

tentional and cognitive control processes during instruction. This makes CTML-aligned 

manipulations particularly well-suited as causal levers for studying engagement dy-

namics. 

Despite extensive outcome-focused evidence supporting CTML principles [9], [10], 

relatively little work has examined how CTML-aligned instructional support manifests 

in time-resolved, multimodal engagement signals. Reviews of eye-tracking research on 

instructional video caution that mappings from gaze metrics to cognition are often un-

derspecified and call for multimodal measurement aligned to theory [2]. In educational 

psychophysiology, EDA is widely used as an index of arousal and effort but exhibits 

methodological variability and interpretive ambiguity across studies [11], while related 

autonomic measures such as HRV require cautious interpretation for attention and cog-

nitive load [12]. Multimodal engagement studies increasingly combine gaze, facial, and 

physiological signals [4], [13], yet these signals are typically analyzed without explicit 

linkage to instructional events or principled design contrasts grounded in learning the-

ory. 

The present work addresses this gap by treating CTML-aligned instructional design 

as a causal manipulation and examining its relationship to multimodal engagement sig-

nals. Using a small feasibility case series, we contrast a High‑Engagement (HE) video 

that stacks multiple CTML principles with a Low‑Engagement (LE) comparison video 

that applies principles more sparingly. We focus on three complementary modalities, 

eye tracking, facial expression indicators, and EDA, selected because they index atten-

tion allocation, affective expressiveness, and autonomic arousal/regulation, 
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respectively [3], [5], [6], [11]. Rather than asserting definitive effects, our goal is to 

investigate whether theoretically motivated instructional differences are reflected in 

structured, convergent patterns across modalities. Accordingly, we pose two research 

questions. 

▪ RQ1 (Cross‑modal convergence). To what extent do gaze, facial expression, and 

electrodermal measures exhibit convergent patterns consistent with a shared 

learner engagement construct during video‑based learning? 

▪ RQ2 (Exposure–response). Does CTML-rich instructional design relate to dif-

ferences in the organization or efficiency of multimodal engagement signals 

compared to lower levels of CTML support? 

By framing CTML principles as experimentally manipulable causes rather than 

background design heuristics, this study takes an initial step toward grounding neu-

roadaptive engagement modeling in learning theory. The results are intended to inform 

subsequent large-scale, time-resolved analyses and the development of interpretable, 

safety-aware neuroadaptive learning systems [1]. 

Related Work 

Neuroadaptive / Affect‑Adaptive Learning Systems. A growing body of research 

on neuroadaptive (or more broadly affect‑ and state‑adaptive) learning systems concep-

tualize engagement as a time‑bounded, context‑dependent, multicomponent construct 

encompassing cognitive, affective, and behavioral processes [1]. In this framing, en-

gagement detection refers to the real‑time estimation of short‑timescale learner states 

(e.g., attentional lapses, mind wandering, disengagement intensity, or affective arousal) 

from observable signals, with the goal of enabling targeted instructional responses that 

support learning persistence, comprehension, and transfer [1]. 

Across learning technologies, one prominent detection target is mind wandering, a 

specific form of attentional disengagement that occurs frequently during technol-

ogy‑mediated learning and is associated with reduced learning outcomes [3]. Another 

common target is graded engagement intensity, often modeled as ordinal or continuous 

rather than binary (e.g., disengaged to highly engaged), particularly in video‑based and 

online learning contexts [5], [6]. Recent work further emphasizes the importance of 

label quality and intra‑class variability, proposing engagement annotations aligned with 

psychological theory rather than ad hoc heuristics [14]. 

In terms of sensing modalities, many neuroadaptive systems rely on eye tracking as 

a primary channel for attention estimation, as gaze provides temporally precise indica-

tors of visual attention allocation and attentional lapses [3]. Classroom and in‑the‑wild 

studies demonstrate that commercial off‑the‑shelf eye trackers can support student‑in-

dependent mind‑wandering detection and limited real‑time deployment [3]. Moving 

beyond detection, attention‑aware systems have used gaze‑based signals to trigger 

re‑engagement strategies (e.g., prompting, pacing adjustments), with benefits often 

moderated by learner characteristics such as prior knowledge or baseline engagement 

[3]. 

A complementary line of work focuses on adaptive reading and learning interfaces 

that detect attentional disengagement and deliver event‑contingent interventions. The 
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Eye‑Mind Reader system exemplifies this approach by using gaze‑based mind‑wander-

ing detection to trigger self‑explanation and rereading prompts, resulting in improved 

delayed comprehension relative to yoked controls [15]. These systems illustrate a com-

mon neuroadaptive pipeline: (i) learner‑state estimation, (ii) micro‑intervention, and 

(iii) evaluation using immediate and delayed learning outcomes, consistent with proac-

tive and reactive engagement enhancement frameworks [1]. 

Operationally, engagement detection spans a wide methodological range, from 

short‑clip facial expression classification [5], [6], to sequence models over time‑series 

features in online environments [16], to sensor‑free affect detection based on interac-

tion logs for large‑scale deployment [17]. More recent frameworks advocate multi-

modal fusion, combining visual, audio, physiological, and behavioral streams, and in-

tegrating closed‑loop adaptive feedback in higher education settings [18]. However, 

reviews consistently emphasize that engagement is difficult to define and measure, and 

that adaptive systems must be evaluated with attention to validity, interpretability, fair-

ness, and context sensitivity [1], [4].  

Multimodal Engagement Detection in Video Learning (Gaze, Facial Expres-

sion, EDA). Multimodal engagement detection in video‑based and online learning en-

vironments typically integrates behavioral attention proxies (e.g., gaze, head pose, 

on‑screen actions), affective proxies (e.g., facial expressions or action units), and auto-

nomic physiology (e.g., electrodermal activity, heart rate, or heart‑rate variability), with 

the aim of improving robustness beyond any single channel [4], [13]. This approach 

reflects the recognition that engagement is not directly observable and that individual 

modalities capture complementary aspects of learner state. 

Early work established that student engagement can be inferred from facial expres-

sions and that automated classifiers can approach human judgments for coarse engage-

ment distinctions, while finer‑grained, multi‑level classification remains challenging 

[5]. Building on this foundation, Savchenko et al. demonstrated that a single, efficient 

facial expression recognition network can simultaneously estimate emotions and en-

gagement levels in online learning video, enabling real‑time processing and group‑level 

analysis [6]. Facial indicators have also been used as proxies for cognitive engagement 

in problem‑solving contexts. Li, Lajoie, and colleagues showed that facial behaviors 

predict cognitive engagement states and differentiate deeper versus more superficial 

learning strategies in intelligent tutoring environments [19]. In game‑based learning, 

Ninaus et al. linked facial emotion dynamics to emotionally engaging instructional con-

texts using machine‑learning models [20]. More recent deep spatiotemporal models for 

e‑learning video (e.g., EfficientNetV2‑L combined with recurrent architectures) reflect 

continued methodological advances, though reported accuracy remains sensitive to da-

taset constraints and labeling quality [16]. 

Eye tracking provides a comparatively direct window into visual attention allocation, 

supporting fine‑grained modeling of attentional stability and lapses during learning. 

Hutt et al. demonstrated that gaze features collected in authentic classroom settings can 

support student‑independent mind‑wandering detection and generalize across learners 

when appropriate validation strategies are used [3]. In adaptive contexts, gaze‑based 

detection has been successfully coupled with interventions. Mills et al.’s Eye‑Mind 

Reader uses gaze to identify mind wandering during reading and triggers 
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self‑explanation and rereading prompts, yielding gains in delayed comprehension [15]. 

At the opposite end of the spectrum, Hutt et al.’s “Time to Scale” illustrates how en-

gagement‑related affect can be inferred without sensors using platform interaction 

traces, enabling deployment across tens of thousands of learners but at the cost of re-

duced temporal precision [17]. 

A canonical multimodal strategy is to explicitly align engagement facets with mo-

dality channels (affective, behavioral, and cognitive) and to fuse these channels during 

inference. Yue et al. combined facial expressions, eye movements, and interaction data 

to recognize multidimensional engagement and learning performance, while also ad-

dressing the reliability of self‑report annotations [13]. Chang et al. proposed an ensem-

ble model integrating face and body tracking features (e.g., OpenFace and OpenPose 

outputs), reflecting common practice in combining facial, gaze, head pose, and posture 

cues [21]. More recently, Kumar et al. extended multimodal fusion by integrating visual 

and audio streams using cross‑modality pipelines and transformer‑based encoders, 

highlighting the contribution of audio features in engagement prediction [22]. 

Recent work has emphasized the need for higher‑quality datasets and better coverage 

of online learning behaviors. The CMOSE dataset was explicitly designed for online 

student engagement, providing multimodal visual and audio data with psychologically 

informed, high‑quality labels and demonstrating the complexity of ordinal engagement 

classification [14]. Vision‑centric pipelines for online classes increasingly incorporate 

action recognition to distinguish disengagement from legitimate off‑screen activities 

(e.g., note‑taking) [23]. Other approaches extend multimodality with non‑contact phys-

iology, such as remote photoplethysmography (rPPG), showing that cardiac features 

can complement behavioral cues in online meetings and learning‑adjacent settings [24], 

[25]. 

Within multimodal engagement research, electrodermal activity (EDA/GSR) is 

commonly used as an index of autonomic arousal and effort and is often positioned as 

complementary to gaze and facial indicators [4]. Reviews emphasize that EDA inter-

pretation in learning contexts requires attention to signal dynamics and morphology 

rather than reliance on global averages [26]. Multimodal neurophysiological studies 

further demonstrate that different educational materials elicit distinct patterns of en-

gagement and cognitive processing when assessed using combinations of EEG, EDA, 

and cardiovascular measures [27]. In e‑learning contexts, multimodal physiological fu-

sion has been applied to emotion recognition, providing an affective component that 

can inform multicomponent engagement models [28]. 

Taken together, this literature converges on a pragmatic view: gaze and facial cues 

offer interpretable, temporally precise indicators of attention and affect; physiological 

signals add sensitivity to effort and regulation; and audio or interaction traces improve 

scalability. However, most multimodal engagement studies focus on detecting engage-

ment states rather than examining how theoretically grounded instructional manipula-

tions shape these signals over time [1], [4], [14]. This gap motivates the present work’s 

emphasis on CTML‑aligned design contrasts as a means of grounding multimodal en-

gagement analysis in learning theory. 

CTML, Engagement Signals, and an Unresolved Gap. Prior research provides 

partial links between CTML-aligned instructional design and engagement-related 
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signals, but these links remain fragmented. Studies of signaling and cueing show that 

visual cues reliably redirect learners’ gaze toward task-relevant information, consistent 

with CTML’s attentional selection mechanism, and eye‑tracking reviews confirm that 

cueing alters fixation patterns during video learning [2], [9], [29]. Segmentation and 

self-explanation, principles aimed at managing cognitive load and fostering generative 

processing, are robustly associated with improved learning outcomes and reduced sub-

jective load [10], [11], [12]. Separately, psychophysiological and multimodal studies 

demonstrate that instructional materials elicit distinct patterns of arousal and engage-

ment as indexed by EDA, cardiovascular measures, and facial expressions [11], [27], 

[28]. However, CTML studies rarely examine continuous multimodal engagement sig-

nals, while multimodal engagement detection studies seldom manipulate CTML prin-

ciples as causal variables [1], [4], [13]. Consequently, it remains unclear whether 

CTML-aligned support produces coherent, convergent changes across independent en-

gagement modalities during learning. 

Methods 

Recruitment. The participants (to date: 4 HE, 3 LE) for this study were taken from 

the undergraduate student population of a university institution. The inclusion criteria 

for this study are that each participant must be 18 or older and they are not currently 

enrolled in or have previously been enrolled in Physics II and Circuit Analysis I courses. 

These two courses review content that overlaps with the topic of the learning videos 

used in this study. 

Learning Video Design. The topic reviewed in the learning videos for this study is 

DC series circuit analysis. This topic was delivered using two versions: a CTML‑rich 

High‑Engagement (HE) version and a comparison Low‑Engagement (LE) version. The 

HE version employed personalization/voice, signaling, coherence (text minimization), 

temporal/spatial contiguity, and multimedia/modality where appropriate, while the LE 

version limited principle use to pedagogical necessity (e.g., accurate schematics). 

Apparatus. Multimodal data were captured using the iMotions 11 software applica-

tion, which provides an integrated research platform for synchronized, time-aligned 

collection, visualization, and export of multimodal data all aligned to stimulus timelines 

to support unified multimodal engagement analysis [30]. The input modalities for this 

study are screen-based eye tracking via the EyeTech VT3 Mini, webcam-based facial 

expression analysis using Affectiva/Affdex software and GSR/EDA signals using the 

Shimmer3 GSR+ unit (Fig. 1). 
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Fig. 17. Experiment Apparatus Set Up (A – Webcam, B – EyeTech VT3 Mini Eye 

Tracker, C – Shimmer3 GSR+ unit) 

 

Surveys. Pre/post self‑report instruments adapted items from the Motivated Strate-

gies for Learning Questionnaire (MSLQ) [31] and the Student Engagement in Schools 

Questionnaire (SESQ) [32] to gauge cognitive, affective, and behavioral engagement. 

The items adapted from MSLQ were used to create 4 subscales that measured cognitive 

and metacognitive strategies: elaboration, critical thinking, metacognitive self-regula-

tion (SR), and effort self-regulation. The SESQ items formed a subscale that measured 

affective engagement.  

Multimodal Metrics. The following multimodal metrics were employed to analyze 

learner engagement as they viewed the learning videos: 

i. Eye tracking: gaze dispersion (e.g., average pairwise fixation distance).  

ii. EDA: phasic SCR rate (# responses/min) and mean SCR amplitude across the 

lesson; tonic SCL mean and linear slope.  

iii. Facial indicators: mean Affectiva engagement (expressiveness) and mean va-

lence. 

Analysis Plan. Given the small sample (N=7), we compute participant‑level means 

over the full viewing period for each multimodal metric and conduct nonparametric 

HE–LE contrasts using two‑sided Mann–Whitney U with effect sizes (Cliff’s δ) to ad-

dress RQ2 (exposure–response). To address RQ1 (cross‑modal convergence), we esti-

mate Spearman correlation matrices among gaze, facial, EDA measures, and survey Δ 

subscales at the participant level. 

Results and Discussion 

Given the small sample (N = 7; HE = 4, LE = 3), results are reported descriptively 

with emphasis on patterns, dispersion, and directional tendencies rather than statistical 

significance. Analyses address RQ1 (cross‑modal convergence) and RQ2 (exposure–

response), with conclusions framed as exploratory. 

B 

C 

A 
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Cross‑modal convergence (RQ1). Cross‑modal convergence was examined using 

participant‑level Spearman correlation heat maps and summary‑level descriptives. Fig-

ures 2 and 3 present the correlation structures for the HE and LE groups, respectively, 

showing how gaze, facial expression, EDA, and survey change scores covary within 

each condition. 

In the HE group (Fig. 2), partial alignment is visible among affective and autonomic 

indicators. Facial engagement tends to covary positively with SCR rate, phasic ampli-

tude, tonic skin conductance level (SCL) and SCL slope, while Facial valence tends 

covary negatively with these EDA measures. Also, phasic EDA measures cluster to-

gether. This pattern suggests localized cross‑modal structure, consistent with subsets of 

engagement‑related processes moving together under CTML‑rich instructional support. 

However, associations between behavioral or physiological signals and self‑report del-

tas are weak and inconsistent. 

In contrast, the LE group (Fig. 3) exhibits more fragmented and mixed‑direction re-

lationships, including sign reversals between facial and tonic EDA measures and 

weaker clustering overall. Survey change scores again show little systematic alignment 

with physiological or behavioral metrics. 

Overall, the heat maps indicate that multimodal signals can form partially coherent 

structures and that these structures differ by instructional condition. At the same time, 

given the small N and instability of correlation estimates, the evidence does not support 

strong claims of robust cross‑modal convergence tracking subjective engagement 

change. Accordingly, RQ1 is interpreted as providing feasibility and directional differ-

entiation, rather than construct validation. 

Exposure–response to CTML support (RQ2). To assess exposure–response, par-

ticipant‑level summary metrics were contrasted between HE and LE. Table 2 reports 

medians along with Mann–Whitney U tests and Cliff’s δ effect sizes for behavioral and 

physiological measures. Differences are modest and highly overlapping, as expected 

with limited power, but several directional tendencies emerge. 

Median facial engagement, valence, and tonic EDA indicators (mean SCL and SCL 

slope) tend to be higher in HE than LE (Table 2), consistent with sustained arousal or 

regulatory effort during the CTML‑rich video. In contrast, gaze dispersion and phasic 

EDA measures show substantial overlap across conditions. Survey results (Table 1) are 

mixed: affective engagement change favors HE, whereas elaboration and critical‑think-

ing deltas are not uniformly higher and in some cases favor LE. 

Cliff’s δ values across Tables 1 and 2 indicate small‑to‑moderate directional effects 

rather than clear separation. Inspection of within‑condition dispersion further suggests 

that HE participants exhibit more compact engagement profiles on facial and tonic EDA 

measures, whereas LE participants display greater variability across channels. 

Summary. In summary, the results demonstrate that multimodal engagement data 

can be captured and compared at the participant level, and that CTML‑rich instruction 

is associated with directional and organizational differences in engagement signals 

(Figs. 2–3; Tables 1–2). However, substantial overlap and reverse tendencies under-

score the need for larger samples and time‑resolved analyses. The findings are therefore 

best interpreted as feasibility evidence motivating continued investigation rather than 

definitive tests of RQ1 or RQ2. 
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Fig. 2. Spearman Correlation Heatmap for High Engagement (HE) Group 

 

 
Fig. 3. Spearman Correlation Heatmap for Low Engagement (LE) Group 
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Table 11. Between‑group (HE vs. LE) differences in survey change scores (Δ = Post − Pre). 

Medians shown; Mann–Whitney U with Cliff’s δ  

Subscale n_HE n_LE Median 

Δ HE 

Median 

Δ LE 

U p (expl.) Cliff’s δ 

Elaboration 4 3 0.000 1.250 4.000 0.589 -0.333 

Critical Think-

ing 

4 3 -0.500 0.000 7.500 0.721 0.250 

Metacognitive 

SR 

4 3 0.875 0.750 5.500 1.000 -0.083 

Effort SR 4 3 0.875 0.750 6.000 1.000 0.000 

Affective En-

gagement 

4 3 0.300 0.000 10.000 0.229 0.667 

Table 2. Between‑group (HE vs. LE) differences in behavioral/physiological signals. Medians 

shown; Mann–Whitney U with Cliff’s δ  

Variable (mean 

values) 

n_HE n_LE Median 

HE 

Median  

LE 

U p  Cliff’s 

δ 

Gaze dispersion 

bounding box 

(px2) 

4 3 5.72E+05 4.86E+05 8 0.63 0.333 

Gaze dispersion 

(mpd) (px) 

4 3 4.08E+02 4.37E+02 5 0.86 -0.167 

FEA Engage-

ment 

4 3 6.37E+00 4.63E+00 8 0.63 0.333 

FEA Valence 4 3 4.72E-01 -

1.50E+00 

8 0.63 0.333 

SCR rate per 

min 

4 3 3.92E+00 5.04E+00 7 0.86 0.167 

SCR Amp (uS) 4 3 6.32E-02 5.38E-02 8 0.63 0.333 

Tonic SCL (uS) 4 3 4.37E+00 3.76E+00 8 0.63 0.333 

Tonic SCL slope 

(uS/min) 

4 3 4.93E-02 3.59E-02 7 0.86 0.167 

Conclusion and Future Work 

This study demonstrates the feasibility of capturing and comparing multimodal en-

gagement signals during CTML‑aligned video learning. Directional differences and 

profile‑level organization across gaze, facial expression, and EDA suggest that stacked 

CTML principles may shape engagement dynamics, though results remain provisional 

given the small sample and summary‑level analyses. Future work will expand sample 

size, incorporate time‑resolved and event‑aligned modeling, and examine how specific 

CTML principles drive moment‑to‑moment engagement changes. These steps are nec-

essary to establish robust causal links and inform the design of interpretable, responsi-

ble neuroadaptive learning systems.  
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Abstract. The rapid advancement of Artificial Intelligence (AI) systems de-

signed for “emotion” recognition purposes has reached a critical impasse, pri-

marily due to the lack of a unified definition of "emotion." Current models are 

built upon inconsistent frameworks that conflate physiological responses, subjec-

tive experiences, cognitive appraisals, and expressive displays. This conceptual 

ambiguity hinders communication and further progress of AI-driven “emotion” 

recognition. In response to this terminology problem regarding the term emotion, 

the Walla Emotion Model (WEM) is put forward as a potentially helpful frame-

work for the next generation of AI. The WEM categorizes affective phenomena 

into three distinct terms, which are all clearly defined. Those terms are “affec-

tion” (i.e., unconscious, neurophysiological responses coding for valence and 

arousal), “feeling” (conscious, subjective experience), and “emotion” (observa-

ble, communicative behavior). Those definitions are meant to allow AI develop-

ers to target specific biological and psychological streams, thereby increasing the 

reliability, validity, and ethical transparency of affective computing. 

Keywords: Walla Emotion Model (WEM) · Artificial Intelligence · Emotion 

Recognition · Neurobiology · Affective Computing · Affection · Feeling · Emo-

tion · Affective information processing · Non-conscious mind · Consciousness · 

Cognitive pollution 

Introduction 

We have tasked the most sophisticated pattern-recognition engines in history with iden-

tifying a target that remains, even to us, a phantom. To program an AI for “emotion 

recognition” is like to build a high-resolution map of a territory that refuses to stay still. 

While a computer requires a binary “yes” or “no” to categorize a state, the incredible 

number of “emotion” definitions operates more in a spectrum of “perhaps”. Before we 
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can ask if an algorithm is accurate in terms of emotion recognition, we must first con-

front a more haunting question: What exactly is it looking for? 

The rise of AI-driven emotion recognition and the related problem 

Artificial Intelligence (AI) has moved beyond logical computation into the realm of 

human affect. Already in 1997, Picard defined affective computing as computing that 

relates to, arises from, or deliberately influences emotions [1]. In 2010, Calvo and 

D’Mello published a review on the topic “Affect Detection” [2]. Very critically, they 

highlighted the problem of multiple views on the definition of the term “emotion” for 

affective computing and concluded that successful AI systems must be built on specific 

psychological models that categorize emotions as expressions, physiological embodi-

ments, or social constructs. They emphasize that the most effective systems are multi-

modal, combining various sensors to resolve the ambiguity of human behavior. Their 

work acts as a perfect problem statement for this paper by identifying the lack of theo-

retical consistency in AI, which is just mirroring the lack of consistency in psychology, 

philosophy, biology and all other fields that are dealing with “emotions” since centu-

ries. The actual problem is that using the term “emotion” as an umbrella term with a 

varying set of phenomena underneath that differs from one scholar to the other inevita-

bly causes confusion. A programmer does not know what model to follow. As a result 

of this, different programmers use different models, which obviously creates unwanted 

chaos and in the worst case causes serious problems. 

To date, from automotive safety systems monitoring driver fatigue [3,4] to senti-

ment analysis in marketing [5], AI-driven “emotion” recognition is a multi-billion-dol-

lar industry. However, the foundational science upon which these systems are built is 

surprisingly unstable. In the field of psychology alone, there are over 100 competing 

definitions of "emotion," ranging from Paul Ekman’s Basic Emotions [6] to Lisa Feld-

man Barrett’s Theory of Constructed Emotion [7] and many more [8]. This definitional 

crisis has direct consequences for AI. When a machine is tasked with "recognizing an 

emotion," it is surprisingly unclear whether it is looking for a physiological process, a 

social performance, a subjective internal state or something else, all depending on the 

programmers choice, which emotion model to follow. Without a standardized and clear 

“emotion” framework that separates the different aspects to it with a clear terminology, 

AI models suffer from low cross-cultural validity and poor replicability and reliability. 

Even just talking about functional aspects of algorithms between programmers is diffi-

cult. 

The data crisis: How definitional ambiguity becomes algorithmic bias 

Besides terminological ambiguity, the perhaps most dominant current problem in AI 

development is largely a result of what is known as the "Ground Truth" problem [9], 

which initially arose in cartography, where distant data collection needed confirmation 

through measurements made on the ground. This term has been introduced to AI long 

ago and became one of its major issues [10]. In supervised machine learning, an 
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algorithm is only as good as the labels provided by human annotators. At the same time, 

it is well known how self-report is prone to fail, especially when it comes to verbalizing 

affection-related content [8]. Thus, besides a lack of a clear “emotion” definition, an-

other problem is that most AI datasets rely on self-reporting (asking people how they 

feel) or human labeling (asking an observer to guess what someone feels based on a 

picture). Both are inherently subjective and unreliable. Taken together, human trainers 

cannot agree on what an "emotion" is, and the AI can only ever learn to replicate human 

bias and linguistic confusion. This is particularly dangerous in high-stakes fields like 

AI-assisted recruitment or psychiatric diagnosis, where a "misread" emotion can have 

life-altering consequences (among many more). 

Among others, most AI models are trained on datasets like AffectNet [11] or 

FER2013 [12], which rely on human-coded facial expressions. There is a potential dis-

crepancy between what a person reports they are feeling and what their brain is actually 

doing, and a facial expression alone might not be a good indication of an underlying 

affective state (e.g., a fake smile). If an AI is trained on a subjective narrative, it is 

essentially being trained on a story rather than a biological fact. This leads to affective 

hallucinations, where the AI predicts an inner state based on a social performance that 

is not necessarily reflective of a user’s true inner affective state. 

Because current AI is based on the conflated terms, unclear terminology and mis-

leading assumptions, it also fails to account for display rules such as cultural norms that 

dictate how one should look when feeling a certain way. An AI trained in one country 

might interpret a neutral face in a different culture as sadness or disrespect. By failing 

to use a model that clearly distinguishes between a behavior and an inner state, devel-

opers are inadvertently hard-coding one culture’s emotion behaviors as universal affec-

tive truths. In other words, the fundamental problem is that most current AI-driven 

emotion recognition (ER) systems are built on a categorical misunderstanding. They 

treat observable behaviors (smiles, scowls) as direct synonyms for internal affective 

states. If an AI doesn't know what it is actually recognizing, if it confuses emotion with 

feeling or affection, it creates a disconnect between the data and human reality. 

This can indeed lead to very tangible real-world application failures. Just to mention 

a few, in automotive AI (driver monitoring), a system might interpret a stoic face as 

alertness, failing to detect the internal actual state of fatigue. In the field of Customer 

Service & De-escalation, Emotion AI in call centers might flag "rage" based on vocal 

volume, although it might just be a general high-arousal feeling of excitement. This 

could cut off a passionate, but loyal customer. An AI-driven mental health app might 

provide "soothing" feedback based on a user's sad facial expression, while the user’s 

internal feeling is actually one of pensive reflection or focused problem-solving. Those 

are just some examples of inappropriate automated interventions. 

Additionally, biases and blind spots can occur. The lack of a unified theoretical 

framework can really introduce significant systematic errors. Most AI is trained on 

"posed" datasets where actors exaggerate expressions. In the real world, people often 

experience intense internal affection without any visible emotion. This can create a 

blind spot for subtle, non- or less expressive individuals, who are then essentially in-

visible to the AI. Not to forget cultural and contextual blindness. If an AI assumes a 1:1 
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mapping between a facial movement and a specific feeling, it ignores cultural display 

rules as has been mentioned above. In some cultures, a smile is a social mask for em-

barrassment or even anger. An AI without affective depth sees only the mask, but not 

the actual underlying affective truth. Finally, relying on self-reporting as the ground 

truth has already been mentioned as potentially problematic. A person’s self-report 

about a felt state or even deep inner affection is only a late-stage cognitive rationaliza-

tion that might completely misinterpret earlier, non-conscious affection that actually 

drove their behavior. 

The multitude of problems is rather impressive. In order to support further progress 

in the field of AI-driven emotion recognition as well as to help any involved stakehold-

ers (e.g., healthcare, industries, governments, etc.) it seems useful (if not mandatory) to 

clarify terminology and respective understanding concerning all terms that are used for 

the various affective phenomena. A recent review article on emotion recognition and 

AI also highlighted the problem regarding a lack of a universal definition for the term 

“emotion” [13]. This is where the Walla Emotion Model can be seen as a potentially 

helpful framework [8,14]. It provides a very clear terminology that is easy to understand 

and to communicate and it is rooted in evolutionary neurobiology [15]. 

The aim of this entire chapter is to provide a theoretical contribution that offers an 

explained distinction between affective processing, feelings, and emotions with short 

discussions how this clear terminology improves the validity and interpretability of AI-

based emotion recognition? The following section introduces this specific emotion 

model. 

Introducing the Walla Emotion Model: A Neurobiological Solution to Definitional 

Ambiguity causing Emotion Recognition Problems in AI 

The Walla Emotion Model (WEM) [8,14,16] tries to solve the terminological problem 

by dismantling the word "emotion" (taking away its umbrella character) and by sug-

gesting three distinct, non-overlapping terms that each represent a separate phenome-

non related to a single aspect based on neurobiological processing streams [17]. The 

three distinct terms including short explanations follow below: 

 

1. Affective processing (or affection (in contrast to cognition); the unconscious bio-

logical truth). It refers to the raw, non-conscious neurophysiological reaction to external 

or internal stimuli. It occurs in subcortical regions of the brain (limbic system) within 

milliseconds of a stimulus. It is objective and cannot be faked. For AI, this level of 

information processing is the "Ground Truth." 

 

2. Feeling (The Conscious Subjective Story). Supra-threshold affective processing 

leads to releases of chemical substances (bodily responses), which are felt in organisms 

that are capable of consciousness. Feelings are the conscious, mental interpretations of 

underlying affective processing. They are like perceptions and those are interpreted 

constructs of the psyche (not one-to-one representations of actual stimuli. The con-

scious mind often "invents" a story to explain why it is aroused. This makes feelings 
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interesting for psychology, but potentially dangerous for objective AI training. It is this 

level, where potential cognitive pollution can influence a felt experience. 

 

3. Emotion (The Behavioral Display). According to the WEM [8], an emotion is strictly 

defined as behavior. This includes facial expressions, body postures, gestures, and vo-

calizations among many more behaviors that are initially meant to communicate a feel-

ing. Critically, this is only the case for so-called involuntary emotions, but not for vol-

untary emotions. These can be controlled, faked, or influenced by culture. 

In summary, affective processing is understood as the raw data reflecting true eval-

uative information regarding the valence of a stimulus. A feeling is the subjective and 

conscious interpretation (perception) of the bodily consequences of affective pro-

cessing, and finally an emotion is a communicative signal to the outer world. 

Interestingly, if one applies this terminology to what AI is currently trained for, the 

function of “emotion” recognition could keep its label with the only difference that 

emotion recognition then means nothing but recognizing the behavioral output of af-

fective processing, but certainly not affection itself and also not a feeling. Figure 1 

shows a visualization of the WEM. 

 

Fig. 1. Visualization of the separate and distinct aspects (or phenomena) of three terms “affective 

processing”, “feeling” and “emotion”.  Artifacts empowered by Artificial Intelligence (adapted 

from Walla, 2025 [8]. 

Advantages of the WEM over traditional Models 

Before highlighting potential advantages of the WEM over traditional models, the fol-

lowing paragraph shall provide a short summary across the variety of existing models. 
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It is not exhaustive, but certainly leaves the impression that an emotion can be many 

things depending on the model. 

The landscape of emotion theory bridges the gap between deep-seated biological 

drives and complex cognitive interpretations. Charles Darwin [18] initiated this journey 

by viewing emotional expressions as evolved, functional adaptations, a concept later 

refined by Carroll Izard [19], who argued for a set of discrete, universal basic emotions. 

In contrast to purely expressive views, the James-Lange Theory [20, 21] famously pro-

posed that emotions are simply our perception of physiological shifts, while the 

Schachter-Singer Two-Factor Theory added a crucial layer by stating that we require 

both physical arousal and a cognitive label to identify what we feel [22]. Richard Laz-

arus [23] pushed this further with his cognitive appraisal model, asserting that our men-

tal evaluation of a situation’s significance is what actually triggers the emotion in the 

first place. On the neurobiological front, Jaak Panksepp [24] identified seven subcorti-

cal "blueprints" for affect (such as SEEKING, FEAR, and RAGE), emphasizing that 

these are primal, hard-wired systems. This aligns with Jeffrey Gray’s BIS-BAS [25] 

model, which focuses on motivational systems for avoidance (Inhibition) and approach 

(Activation). Rather than using distinct categories, dimensional theorists like James 

Russell [26] organize affect along axes of valence and arousal within a circumplex 

model, a structure often measured by scales like the PANAS [27]. The list could be 

prolonged, but the few mentioned schools already highlight huge discrepancies and 

mostly a total lack of a short and clear emotion definition. 

This is exactly, where the main advantage of the WEM is best explained. The WEM 

provides a clear distinction and unambiguous terminology, which is besides supporting 

emotion research in general also defined as the most important contribution to AI-

driven emotion recognition. As a result of applying the WEM’s terminology, it becomes 

clear that “emotion” recognition only means recognizing behavioral consequences of 

affective processing and certainly not recognizing an inner state of a person, which 

would be called a feeling according the WEM. Its clear constructs are meant to provide 

clear targets for AI. Training models on objective physiological data enables the detec-

tion of unconscious affective information processing as raw data reflecting true evalu-

ative responses. Using linguistic models to analyze subjective verbal reports, acknowl-

edging their inherent unreliability helps to distinguish between true and false subjective 

interpretations in a human subject. Similarly, focusing computer vision and audio anal-

ysis purely on observable behaviors (facial expressions, tone of voice) might lead to the 

detection of deceptions as communicative displays. 

By adopting the WEM, AI developers can move from unclear and unreliable Emo-

tion Recognition to true Affection Recognition. At least, AI developers can communi-

cate with each other more clearly about affective phenomena they plan to measure and 

analyze by algorithms. Instead of trying to detect "Anger," an AI can be trained to detect 

negative affective processing (via physiology) and aggressive emotions (via facial mus-

cles). If the two don't match, the AI identifies a social mask, a level of nuance currently 

impossible in most models. By separating emotion-behavior (which varies by culture 

and can be cognitively controlled) from raw affective processing (which simply is the 
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nerve system’s evaluative response to stimuli, independent from culture and subject), 

AI can be audited for cultural or voluntarily controlled bias. 

Implications for NeuroIS Research 

In the field of NeuroInformation Systems (NeuroIS), the here highlighted conceptual 

confusion limits the validity of experimental results. If a NeuroIS study claims to meas-

ure user frustration using only facial recognition, it is actually measuring the expression 

of frustration, not the biological state of frustration. This leads to "noisy" data and in-

consistent findings, which only the WEM is able to clearly specify and label. Similarly, 

by focusing on the conscious feeling (via surveys) rather than the non-conscious bio-

logical affection, NeuroIS research may miss the true drivers of technology adoption or 

user friction. In the end, it does seem potentially dangerous trying to perform mind-

reading, but failing to do so, while adapting a system the wrong way. The assumption 

that because an AI can detect an emotion (according to the WEM only the behavioral 

expression), it has access to a person's feeling (according to the WEM the only affective 

phenomenon reflecting a subjective experience) could lead to invasive corporate or 

governmental policies based on "reading" people who are actually just having a neutral 

biological reaction. 

Conclusion: Towards an Ethical and Robust AI 

The current problem for AI-driven “emotion” recognition is not a lack of data, 

but a lack of conceptual clarity. As long as AI treats "emotion" as a single, messy cat-

egory, it will remain an unreliable tool. The WEM allows us to map AI capabilities to 

the brain's evolutionary palimpsest. By training machines to distinguish between the 

biological truth of affection, the subjective narrative of a feeling, and the behavioral 

display of an emotion, we can build systems that are not only more accurate, but more 

ethically transparent. In an era where "Brain Rot", the word of the year 2024 selected 

by experts from the Oxford University Press [28], most likely caused by "Post-Truth" 

(word of the year 2016) [29], threatens to degrade human cognition, an AI that under-

stands the difference between a raw biological reaction and a performed emotion is 

essential for the future of human-machine interaction. This paper concludes that the so-

called "Affective Turn" [30] must be met with a "Neurobiological Turn" in AI archi-

tecture. By implementing the WEM, we could move from a world of simulated empathy 

(AI guessing at social displays) to biological synchrony (AI understanding the actual 

affective state of a human). This transition is the only way to prevent AI from acceler-

ating the cognitive decline of society and instead use it as a tool to support human cog-

nitive health. 

While this is all pure speculation, the proposed WEM is primarily meant to serve as 

a vital tool for the AI community, offering a neurobiological clean-up of the term emo-

tion that aligns machine learning targets with actual human brain architecture. 
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Abstract. Brain oscillations undergo slow adaptations during prolonged task en-

gagement that are not captured by conventional power-based electroencephalog-

raphy (EEG) features. Using a large-scale, publicly available EEG dataset rec-

orded during sustained motor engagement, we analyzed session-long alpha/mu 

dynamics with a recursive tracking framework. Alpha/mu frequency showed ac-

celeration over sensorimotor regions and slowing in surrounding non-sensorimo-

tor areas, while magnitude increased broadly with a sensorimotor emphasis. 

Clustering of frequency–trend topographies revealed distinct adaptation profiles, 

highlighting oscillatory frequency as a complementary dimension of neural ad-

aptation for adaptive EEG-based systems. 

Keywords: Alpha slowing, Mu acceleration, frequency tracking, autoregressive, 

movement execution, motor imagery 

Introduction 

Electroencephalography (EEG) has become a central tool for examining how brain ac-

tivity evolves during prolonged interaction, learning, and task performance. In research 

areas spanning brain–computer interfaces (BCIs), neuroergonomics, and neuro-infor-

mation systems (NeuroIS), brain signals are typically summarized using measures of 

signal magnitude or power within predefined frequency bands. Such measures have 

been instrumental in characterizing engagement, stress, workload, and fatigue [1, 2, 3, 

4, 5, 6, 7, 8, 9, 10, 11], and they support a wide range of neuroadaptive systems.  How-

ever, power-based descriptions primarily capture the prominence of neural rhythms and 

provide only a partial account of how brain dynamics evolve over time. In particular, 

oscillatory brain activity is not spectrally static: the center frequency of canonical 

rhythms can shift over time in response to sustained cognitive and motor demands, 

learning, and changes in internal state. For example, the peak frequency of alpha activ-

ity has been shown to vary with arousal, vigilance, and cognitive load, often decreasing 

during mental fatigue and increasing during heightened alertness or task engagement 

[12, 13, 14, 15, 16, 17, 18]. Similarly, sensorimotor mu rhythms can exhibit frequency 

changes during motor learning or repeated motor imagery, reflecting evolving synchro-

nization within sensorimotor networks [19, 20]. From a neurophysiological 
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perspective, such frequency shifts reflect changes in the coordination and interaction of 

neuronal populations, which shape the timing and efficiency of information exchange 

across brain networks [21]. 

Recently, we introduced and validated a state-space oscillator tracking framework 

capable of continuously estimating instantaneous EEG frequency and magnitude, ena-

bling the characterization of time-varying oscillatory dynamics beyond conventional 

spectral measures [22]. This approach builds upon and extends our previous work on 

pole-tracking based EEG analysis [23, 24, 25], and enables the characterization of grad-

ual, session-long changes in oscillatory dynamics, including frequency trends that cap-

ture long-term neural adaptation beyond instantaneous fluctuations. In [22], we applied 

this framework across multiple datasets to explore changes in alpha/mu rhythms, which 

play a central role in motor-related EEG activity [26], during motor-related BCI tasks. 

Although alpha and mu rhythms share the same frequency range, they differ in their 

spatial distribution and functional characteristics, with mu activity localized over sen-

sorimotor regions and modulated by movement-related processes, whereas alpha activ-

ity is more prominent in parieto-occipital regions and reflects broader cognitive and 

vigilance-related states. As such, their separation based on frequency alone is challeng-

ing and requires consideration of spatial and functional information [27]. In [22], we 

observed consistent but opposing frequency trends during motor-related BCI tasks, 

with sensorimotor mu acceleration and concurrent alpha slowing in non-sensorimotor 

regions. These opposing dynamics were interpreted as reflecting distinct but co-occur-

ring neural processes: mu acceleration over sensorimotor regions linked to increased 

neural efficiency, engagement, or training-related plasticity, and alpha slowing in non-

sensorimotor areas associated with fatigue, reduced vigilance, or functional downregu-

lation of task-irrelevant networks. 

In the present study, we go one step further by focusing on the largest dataset among 

those previously examined, enabling a more detailed and robust characterization of os-

cillatory dynamics during sustained task engagement. Beyond group-level patterns, we 

further explore inter-individual variability by clustering participants according to their 

spatial patterns of these dynamics. This allows us to identify distinct modes of cortical 

adaptation, moving beyond a single averaged representation toward a more comprehen-

sive and individualized account of neural responses. 

Materials and Methods 

Dataset and Preprocessing 

We analyzed EEG data from a large publicly available dataset of 109 healthy partici-

pants [28] (https://doi.org/10.13026/C28G6P), including motor execution and imagery 

tasks of unilateral and bilateral hand and foot movements. Each recording session lasted 

approximately 25 minutes. To ensure consistency, 9 shorter recordings were excluded, 

yielding a final sample of 100 participants. EEG was recorded from 64 channels (10–

20 system) at 160 Hz. Data were high-pass filtered at 0.5 Hz (4th order Butterworth), 

and notch filtered at 60 Hz. Independent component analysis (extended Infomax 

https://doi.org/10.13026/C28G6P
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algorithm [29], EEGLAB [30]) was applied to remove eye and muscle artifacts. The 

signals were then band-pass filtered in the alpha/mu range (8–12 Hz). 

Alpha/Mu Tracking 

The tracking approach [22] starts by modeling the band-pass–filtered EEG signal 𝒚 as 

a second-order autoregressive (AR(2)) oscillator [31], 

𝑦(𝑛) = 𝑎1(𝑛)𝑦(𝑛 − 1) + 𝑎2(𝑛)𝑦(𝑛 − 2) + 𝑣(𝑛)                  (1) 

where the current sample is expressed as a linear combination of the two previous sam-

ples plus noise (𝒗). For oscillatory signals, an AR(2) model acts as a discrete-time res-

onator characterized with complex-conjugate poles, expressed by a radius 𝑟(𝑛) and an 

angle 𝜔(𝑛), which encode damping and instantaneous angular frequency, respectively, 

via the following reparameterization, 

𝑎1(𝑛) = 2𝑟𝑐𝑜𝑠(𝜔𝑛𝑇𝑠),   𝑎2(𝑛) = −𝑟(𝑛)2                              (2) 

This reparameterization yields a nonlinear state-space resonator with physiologically 

interpretable states. The latent state includes internal resonator components that gener-

ate the oscillatory signal and slowly varying parameters governing instantaneous fre-

quency and damping. An Extended Kalman Filter [22, 23, 32] is used to track gradual 

temporal changes in these states under noise and nonlinearity. To ensure reliable per-

formance, the EKF hyperparameters, including noise covariances, initial conditions, 

and state uncertainty, are tuned using a genetic algorithm [22, 23, 33, 34, 35]. The op-

timization is performed on a short calibration segment by minimizing a prediction error 

criterion aggregated across channels, after which the selected hyperparameters are fixed 

for the full recording. Instantaneous frequency is obtained from the tracked pole angle, 

while instantaneous magnitude is derived from the resonator state components. Imple-

mentation of the algorithm is available in a public GitHub repository [36].  

Session-long trends in alpha/mu frequency and magnitude were assessed by corre-

lating (Pearson’s correlation) the tracked trajectories with elapsed recording time, al-

lowing the identification of gradual changes in oscillatory dynamics. This analysis was 

performed independently for each EEG channel, and the resulting correlation values 

were then averaged across participants to obtain group-level topographical maps of al-

pha/mu frequency and magnitude trends. 

Clustering 

To separate individuals into groups based on the spatial organization of alpha/mu fre-

quency acceleration and deceleration across the scalp, we focused on subject-level 

topographical maps of alpha/mu frequency trends, as these directly reflect changes in 

oscillatory timing and were of primary interest in this study. Unsupervised clustering 

was performed using k-medoids [37], with similarity between subjects quantified using 

either correlation distance, which emphasizes relative spatial patterns of frequency 

change, or squared Euclidean distance, which additionally accounts for differences in 
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the overall strength of frequency trends. The optimal number of clusters was evaluated 

using both the gap statistic [38] and the silhouette criterion [39]. 

Results 

Figure 1a shows group-level scalp topographies of correlations between elapsed record-

ing time and alpha/mu frequency (left) and magnitude (right). Alpha/mu frequency ex-

hibited a clear spatial structure, with positive correlations over central and centroparie-

tal regions and negative correlations over posterior and peripheral areas, indicating re-

gional frequency acceleration and slowing across the session. In contrast, alpha/mu 

magnitude increased broadly across the scalp, with stronger positive correlations over 

central and centroparietal regions. 

Figure 1b presents clustering results for subject-level alpha/mu frequency–trend to-

pographies using correlation distance (left) and squared Euclidean distance (right). In 

all cases, the optimal number of clusters was two (Cluster A and Cluster B). Correla-

tion-based clustering emphasized a top–bottom opposition, separating clusters by 

frontal–central (Cluster A; N=48) versus centroparietal-posterior (Cluster B; N=52) fre-

quency changes, whereas squared Euclidean clustering highlighted a more lateralized, 

contralateral organization of frequency adaptation across hemispheres (Cluster A; N = 

45, Cluster B; N = 55). 

Discussion 

We employed a state-space oscillator tracking framework to estimate instantaneous fre-

quency and magnitude of alpha/mu rhythms, capturing dynamics beyond conventional 

spectral measures. While the framework is capable of capturing both short- and long-

term changes in oscillatory activity, here we focused specifically on long-term adapta-

tions by relating the tracked features to elapsed time, thereby quantifying slow, session-

level trends. This makes the approach particularly well suited for sustained, nonstation-

ary scenarios (such as fatigue, workload, or learning) where gradual neural changes are 

of primary interest. At the same time, by providing instantaneous estimates, the method 

is naturally suited for real-time monitoring and adaptive systems, offering a clear ad-

vantage over Hilbert-based or time–frequency approaches that rely on windowing or 

batch processing and introduce latency. 

Using this approach, we observed systematic, session-long changes in alpha/mu os-

cillatory dynamics during sustained motor tasks, with distinct spatial patterns for fre-

quency and magnitude. At the group level, alpha/mu frequency increased over cen-

tral/centroparietal sensorimotor regions, while concurrent decreases were observed in 

surrounding non-sensorimotor areas. In contrast, alpha/mu magnitude increased 

broadly across the scalp, with a stronger emphasis over centroparietal regions. The ac-

celeration of alpha/mu frequency over sensorimotor regions may have reflected increas-

ingly efficient or tightly synchronized motor-related processing as the session 
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progressed [19, 22, 40]. Pfurtscheller [41] demonstrated that with training, upper mu 

(10–12 Hz) event-related desynchronization (ERD), a task-related attenuation of oscil-

latory power reflecting sensorimotor cortical activation, becomes more spatially local-

ized, suggesting more functionally specific neural recruitment. This spatial refinement 

may facilitate faster and more coherent oscillatory activity in task-relevant  motor areas, 

contributing to the observed mu frequency acceleration. In this context, higher fre-

quency may reflect increased excitability and stronger coordination within motor net-

works. On the other hand, frequency slowing in surrounding non-sensorimotor areas 

may have been associated with global state changes such as fatigue and disengagement 

[17, 42, 43] or with functional downregulation of task-irrelevant networks during sus-

tained motor engagement [44]. The widespread increase in magnitude, particularly over 

sensorimotor areas, likely reflected stabilization or strengthening of oscillatory activity 

rather than reduced engagement [22]. These interpretations align with prior work but 

 

 

Fig. 18. (a) Grand-average scalp topographies across participants showing the correlation 

between elapsed recording time and alpha/mu oscillatory frequency (left) and magnitude 

(right). Positive correlations indicate gradual increases over the session, while negative cor-

relations indicate decreases. (b) Cluster-averaged scalp maps of alpha/mu frequency trends 

obtained using k-medoids clustering with correlation distance (left) and squared Euclidean 

distance (right). Two clusters were identified: Cluster A (top) and B (bottom). 
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should be viewed cautiously, as no direct behavioral or physiological validation was 

provided here. Nevertheless, the observed effects are not arbitrary. In [22], we demon-

strated that frequency changes were coordinated across sensorimotor and non-sen-

sorimotor regions, indicating coherent network-level interactions rather than independ-

ent fluctuations.  

Beyond group-level trends, a novel contribution of the present work was the identi-

fication of distinct modes of cortical adaptation during sustained motor engagement 

through clustering of subject-level alpha/mu frequency–trend topographies. Correla-

tion-based clustering, which emphasizes relative spatial organization, identified two 

dominant patterns characterized by an anterior–posterior opposition. In one mode, fre-

quency increased over frontal and central sensorimotor regions and decreased over pos-

terior non-sensorimotor areas. This pattern may be indicative of a more top–down–

dominated form of adaptation, where task-relevant motor and premotor networks oper-

ate at relatively faster oscillatory timescales (potentially reflecting increased temporal 

precision, excitability, or reliance on internally driven motor representations), while 

posterior regions exhibit relative downregulation. In the other mode, frequency accel-

eration occurred over posterior regions alongside slowing over frontal–central areas. 

This may suggest a bottom–up–weighted or sensory-driven adaptation strategy, in 

which posterior sensory or visuospatial regions maintain higher temporal resolution to 

support sensory monitoring or imagery while frontal and sensorimotor regions operate 

at slower timescales. These opposing spatial patterns align with previously described 

large-scale alpha-frequency organization axes and anterior–posterior gradients reported 

in resting-state and task- related EEG [45], suggesting that individuals may differ in 

how such network-level frequency coordination mechanisms are expressed and accu-

mulated over prolonged engagement. The lateralized patterns emphasized by squared 

Euclidean clustering pointed to additional hemispheric asymmetries in frequency ad-

aptation. Such contralateral organization may have reflected differences in motor strat-

egy, handedness, or imagery vividness, with stronger frequency adaptation occurring 

in the hemisphere most engaged by the task. These asymmetries may also reflect inter-

individual variability in sensorimotor lateralization, which is known to vary even 

among healthy participants performing identical tasks. Although these interpretations 

are intriguing, the underlying functional mechanisms are not directly investigated in the 

present study. 

Together, these findings indicate that alpha/mu frequency adaptation is not a unitary 

process but reflects multiple, coexisting neural mechanisms that vary across individu-

als. For NeuroIS, this means that sustained human–technology interaction leads to dif-

ferent neural adaptation patterns across individuals, supporting more personalized sys-

tem design instead of one-size-fits-all approaches. Moreover, while most work has fo-

cused on oscillatory power, our findings highlight frequency dynamics as a comple-

mentary marker of long-term adaptation. In this context, frequency-based features are 

particularly suited for tracking gradual state changes, such as fatigue, workload, pro-

longed decision-making, sustained attention and may also provide insight into users’ 

affective states during human–technology interaction. For example, in air-traffic con-

trol [46] or driving [47], frequency slowing may signal declining vigilance before be-

havioral errors occur, enabling early intervention. Similarly, in digital or immersive 
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environments (e.g., virtual agents or avatars [48]), frequency dynamics could track us-

ers’ affective states during interaction [49] and guide adaptive responses. In digital 

work or human–AI interaction, they could inform interface adaptation based on cogni-

tive load. Unlike power, frequency captures temporal coordination and may provide 

earlier or more sensitive indicators of state transitions and performance decline. In 

training contexts, such as BCI or skill acquisition, it could potentially help detect shifts 

between engagement and fatigue and support adaptive adjustments in task difficulty or 

feedback to optimize learning. Incorporating frequency tracking could also enable dy-

namic adaptation of feature spaces, for example by adjusting frequency bands in real 

time to match individual or time-varying peak frequencies. This may be particularly 

beneficial in applications such as adaptive BCI control, where fixed-band assumptions 

may fail under prolonged use. Moreover, frequency dynamics may help disentangle 

overlapping neural processes, as similar power changes can arise from different under-

lying mechanisms, whereas shifts in oscillatory timing may reflect more specific 

changes in neural coordination or network state. 

Although the present study focused on sustained motor-related engagement, the pro-

posed frequency-tracking framework is not task-specific. Frequency shifts in the alpha 

band have also been observed during prolonged cognitive workload, attentional control, 

mental fatigue, and sustained decision-making [1, 2, 3, 4, 5, 6, 7, 8, 9, 10], paradigms 

that are central to NeuroIS research. This indicates that the approach is relevant across 

a wide range of sustained interaction scenarios, as outlined earlier. Importantly, the 

underlying tracking approach is compatible with online implementation, providing a 

pathway toward real-time monitoring, which remains challenging for many existing 

EEG-based methods. 
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Abstract. Large language models are increasingly used by students for learning 

and task completion. Yet LLM hallucinations, fluent but incorrect or unsupported 

outputs, can provoke negative emotions and may impair student performance 

through disrupted attention, reduced confidence, and inefficient verification be-

haviors. This research-in-progress study investigates the emotional impact of hal-

lucinations on student task performance using simultaneous EEG and Tobii eye 

tracking to capture in-situ affective and attentional responses beyond self-reports. 

We collected initial multimodal recordings from 32 students interacting with an 

LLM during an academic task. We extract EEG spectral features and eye metrics 

aligned to hallucination episodes. We then compare Decision Tree, Random For-

est, and XGBoost models for classifying emotional response states and predicting 

downstream performance outcomes. The study contributes to emotions in hu-

man-AI interaction and offers design implications for safer, emotion-aware LLM 

support in education. 

Keywords: LLM hallucination · emotion · student performance EEG · eye track-

ing · machine learning 

Introduction 

The rapid inclusion of Large Language Models into the workflow of education (as a 

tool for generating ideas, explaining concepts, summarizing information, and providing 

support for writing) has the potential to increase the efficiency and effectiveness of 

many educational tasks. However, the output of these models can include hallucina-

tions, outputs that contain information that appears to be true and certain but actually 

does not exist, is fabricated, or is based on insufficient data. Hallucinations have the 

potential to impact the educational process negatively in three ways. Students who use 

hallucinations will potentially consume false or inaccurate information and therefore 

miss out on learning important information [1]. Students will potentially expend a great 
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deal of time and effort attempting to verify or correct the false or inaccurate information 

produced by the model. Students' affective response to hallucinations can cause stu-

dents to become less persistent and perform less well than they would otherwise [3]. 

The first challenge facing researchers is how to measure the affective response of stu-

dents to hallucinations. Students' affective responses to hallucinations typically occur 

very quickly and are often experienced unconsciously, which makes it difficult to meas-

ure their affective response through self-report alone. Self-report is supplemented by 

the use of psychophysiological measures of affective response that provide a means to 

assess students' affective responses, i.e., when the affective response occurs [4]. At the 

same time, the methodology indicates that there are several factors to take into account 

when selecting a physiological instrument for assessing students' affective responses to 

hallucinations. These factors include reliability, validity, sensitivity, diagnosticity, ob-

jectivity, and intrusiveness [7]. We have included a brief affect calibration block using 

a Positive-Neutral-Negative (PNN) framework before the LLM task to enhance the 

construct validity of the study by allowing us to determine within participant reference 

patterns for affective arousal changes which will allow us to use self-report data as an 

additional method of validation when participants experience hallucinations. 

 

This paper presents a work-in-progress study that uses concurrent EEG and Tobii eye-

tracking to examine how hallucinations are associated with changes in affective and 

attentional signatures and whether the signatures of affective and attentional responses 

to hallucinations are related to the performance of students. Both EEG and eye-tracking 

are two of the most frequently used tools in NeuroIS research [2]. Each provides high 

levels of temporal resolution and supports the conduct of ecological interaction studies. 

Literature Support 

Multimodal measurement of affect and attention 

The temporal resolution of EEG allows for millisecond level detail in which to analyze 

data via spectral techniques (frequency bands) that specifically measure how a brain 

responds to an event as it occurs [10]. Eye tracking captures where attention is allocated 

on-screen and is well-suited for rapidly unfolding visual inspection processes. How-

ever, eye tracking is very well suited for measuring where a person's visual inspection 

is focused during rapid on-screen changes of visual stimuli [11]. An important contri-

bution from this field of research has been introducing synchronization methodologies 

for combining eye tracking with EEG to determine the exact time at which the user 

initiates a response to a given stimulus (using fixation-locking) rather than simply re-

lying on timing information for when a given stimulus was presented. This is especially 

useful for understanding how people interact with LLMs (ChaGPT, Gemini, Claude, 

LlaMA, DeepSeek) including the times when they decide to read something again, ver-

ify it, and when they shift focus. A key aspect of multi-modal reasoning in Neuro-In-

formation Systems (Neuro-IS), then, is that neurophysiologic techniques may be able 

to identify and measure cognitive mechanisms which are currently unmeasured or at 

least not measured as effectively by using behavioral measures [2]. More recently, 
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recent studies on Neuro-IS have also highlighted the need for ecological validity of 

measures such that physiological measures are aligned with realistic interaction scenar-

ios [6]. Thus, we utilize both EEG and Eye-tracking, along with manipulation checks 

and short self-reports, while utilizing an initial positive-neutral-negative (PNN) affect 

calibration block to support interpretation of LLM [4]. 

Hallucinations and attention behavior 

Computational linguistics research shows that human eye movements provide useful 

data for hallucination search and can be used to develop hallucination-detecting models 

[7]. This leads to the belief that measurable changes to the ways students read and verify 

information will occur as a result of hallucination exposure (longer time spent looking 

at questionable statements, greater number of backtracking actions (regressions), and 

wider area of source scanned. Importantly, perception is not guaranteed: some halluci-

nations may go unnoticed, while others may trigger rapid uncertainty and verification 

effort. This design distinguishes objective hallucination exposure from perceived hal-

lucination using trial-level manipulation checks, enabling us to test whether attention 

effects depend on detection of incorrectness [5]. 

EEG and eye tracking as a viable classification approach 

Previous studies conducted on using both EEG and eye tracking has indicated that using 

joint EEG and eyes as biomarkers could be used for classification with over a 60% 

success rate in early pilot studies [8]. Thus, supporting our plan to test the use of en-

semble learning methods (Random Forest & XGBoost) vs. simple baseline methods 

(Decision Trees) when classifying emotional responses during hallucinations. In the 

revised framing, machine learning is positioned as an analytical tool for inference rather 

than the theoretical contribution. The core contribution is the multi-level mechanism 

linking hallucination exposure to affective appraisal, attention behavior, and perfor-

mance, consistent with NeuroIS research agendas [2][5]. 

Research Model and Hypothesis 

Conceptual Model 

Hallucination episodes are modeled as interactive events that evoke specific affective 

responses (anxiety, frustration, uncertainty) and attentional behaviors (re-reading, scan-

ning, verification efforts) that contribute to performance (accuracy, task completion 

time, answer quality). The influence of individual characteristics (trust propensity, 

LLM experience, AI literacy) is also expected to mediate these relationships. To ad-

dress construct clarity, the revised model distinguishes objective hallucination exposure 

(manipulated hallucinated vs matched accurate outputs) from perceived hallucination 

(measured via trial-level manipulation checks). Conceptually, hallucination encounters 

function as technology-mediated affective events that trigger rapid appraisal (perceived 

reliability) and verification behaviors. EEG and eye tracking are used as indicators of 
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underlying arousal and attention allocation, and are triangulated with brief self-report 

measures rather than treated as direct readouts of discrete emotions (Fig. 1). 

 
Fig 1. Methodological Model (Author’s own work) 

 

The key concepts included in this study include, hallucination exposure (exposure 

to an LLM output including incorrect or unsupported information), affective response 

(the emotional state experienced by a student immediately before and after a hallucina-

tion episode), behavioral attention (eye movement data and fixation patterns and veri-

fication behaviors derived from eye movement data using eye-tracking), and student 

performance (accuracy and quality of answers submitted and efficiency-based metrics). 

Hypothesis 

H1: Exposure to hallucinations will increase negative affective states compared to in-

teraction segments without hallucinations (as observed through both EEG and eye met-

rics). 

H2: Exposure to hallucinations will be associated with greater verification-related at-

tention patterns (longer fixation times and regression times on relevant content and 

greater gaze dispersion indicative of search and uncertainty). 

H3: Affective response states exhibited during hallucination episodes will negatively 

correlate with performance (lower accuracy, quality, and longer completion times) 

H4: The inclusion of EEG and eye-tracking features in models will allow for better 

classification of emotional response states and prediction of performance than models 

utilizing EEG-only or eye-only features. 
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H5: Students' Prior LLM experience weakens the negative impact of hallucination ex-

posure on perceived frustration and attenuates the negative association between hallu-

cination-triggered affective response and performance by enabling more efficient veri-

fication strategies. 

Experimental Method (Work in Progress) 

Participants and status 

We are collecting the first simultaneous EEG and eye-tracking data from 32 students 

(ongoing), to strengthen internal validity for affect labeling and improve interpretability 

of physiological signals, we include a brief affect calibration block using a positive–

neutral–negative (PNN) images/videos framework prior to the LLM task trials [9]. 

Task and experimental flow 

Students perform an academic task on an LLM interface (answer a question in a subject 

area or create a written response). To control for hallucinations, we have manipulated 

controlled output of the LLM by providing participants with either LLM outputs that 

include pre-seeded hallucination segments versus outputs that are accurate and 

matched. The time stamps of task events and the times-tamps of responses to the LLM 

will be logged to allow us to precisely define windows for the extraction of both EEG 

and eye-tracking features (Fig. 2) (baseline, exposure, response, verification) [5]. 

 

 
Fig. 2. Eye Tracking measurement of Eye Movements, Gaze Data Chart, Pupil Diam-

eter, and Eye Openness (Author’s own work) 

Measurements 

Eye tracking (Tobii), fixation count, gaze dispersion, AOI-based metrics (region of 

claim vs region of evidence), saccadic features, pupil-related features as applicable. Eye 

tracking lends itself well to a quick look at how the participant visually inspects the 

material and how their fixation behaviors change. For EEG, frequency band-based fea-

tures (band-power delta/theta/alpha/beta/gamma) obtained through spectral analysis 

(consistent with the typical method of analyzing EEG data). Low-intrusive affect 

measures at designated check points (short valence) to provide grounding for emotional 

state labels and to enhance the diagnostic utility of physiological measures (physiolog-

ical measures are often associated with more than one construct, thus, when possible, 

use a triadic approach to increase the interpretability of results). 
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Fig.3. EEG Frequency Measurement (Author’s own work) 

 

 
Fig.4. EEG Frequency Measurement Results (Author’s own work) 

Data Processing and Analysis Plan 

Preprocessing and synchronization 

For Eye tracking, blink and missing data removal, AOI mapping, fixation parsing. EEG 

is to be filtered, artifacts removed, segmented by time windows into episodes, and mul-

timodal synchronization of the streams with a common timestamp. In psychophysiol-

ogy, synchronization is important to maintain both objectivity and interpretability in 

the study of physiological processes that occur in conjunction with psychological pro-

cesses [5]. Episodes are segmented into baseline → hallucination/accurate exposure → 

verification window. 

Feature extraction 

EEG will be used as an input to create features based on relative band power, en-

gagement, and event related amplitudes. Frequency analysis and ERP methods are 
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commonly employed in the literature to identify discrete event elicited cognitive and 

affective responses from EEG data. Eye tracking will be used to produce features based 

on mean fixation duration, fixation count, gaze dispersion, AOI dwell times, transitions 

between AOIs, and pupil derived arousal proxy values. EEG and pupil-based features 

are interpreted primarily as markers of arousal and cognitive control demand. 

Modeling strategy 

Supervised learning models will be evaluated to predict emotional response states and 

to predict performance. Decision Tree (interpretable baseline), Random Forest (feature 

importance for interpretability, robust ensemble model), and XGBoost (gradient-

boosted trees, high performance on tabular features) will be applied. 

 

Expected Contributions and Implications 

Theoretical contribution 

The current research extends existing literature in NeuroIS by examining how emo-

tional responses are triggered through hallucinations within LLM mediated learning, 

providing evidence that these hallucinations create rapid changes in an individual's 

emotional state which ultimately impact their processing of information and perfor-

mance. Using NeuroIS methods to capture emotions while they occur provides a sig-

nificant advantage over self-report methods alone. 

Method contribution 

This study develops and validates a replicable, episode-based protocol to assess 

LLM interactions using both EEG and eye tracking simultaneously, and addresses some 

of the specific methodological calls in NeuroIS to ensure measurement validity, diag-

nosticity, and objectivity. This method has particular value in conversational AI sys-

tems since users have control over the amount of time spent reading and verifying in-

formation and thus fixation-locked or event-based analyses are appropriate. EEG and 

pupil-based features are interpreted primarily as markers of arousal and cognitive con-

trol demand. 

 

Design and practical implications 

Findings from this study will be useful in designing educational LLM interfaces that 

are emotionally aware and safe for students. Examples include providing cues to indi-

cate when there may be uncertainty or whether the response is grounded when the risk 

of hallucination is high, prompting the student to verify information when the gaze 

pattern suggests that the student is only superficially scanning, and providing the 
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student with supporting language when the neurophysiological data indicates that the 

student's negative affective state is increasing. 
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Abstract. Adaptive eye-tracking transforms attention from a retrospective meas-

ure into an active control signal, allowing digital systems to dynamically adjust 

to real-time gaze. While increasingly applied in psychology, marketing, and hu-

man-computer interaction, its potential for studying human reliance on artificial 

intelligence (AI) in information systems (IS) research remains largely unex-

plored. This paper introduces a conceptual framework and a practical methodo-

logical implementation for adaptive eye-tracking research, realized through a 

modular setup combining Tobii eye trackers, PsychoPy, and the Titta toolbox. 

By enabling gaze-contingent experimental designs, adaptive eye-tracking allows 

researchers to investigate AI reliance at the process level through real-time 

measures of attentional allocation, verification behavior, and cognitive load, po-

sitioning it as a promising methodological approach for NeuroIS research on hu-

man-AI interaction. 

 

Keywords: Adaptive Eye-tracking • Real-Time Adaptation • NeuroIS Methods 

• AI Reliance 

Introduction 

Artificial Intelligence (AI) increasingly shapes human decision-making across con-

texts such as recommender systems and generative AI tools and decision support sys-

tems. In many of these settings, users must decide when, and to what extent to rely on 

algorithmic advice. While information systems (IS) research has examined AI reliance 

primarily through behavioral outcomes and self-reports [e.g, 1, 2], the real-time atten-

tional and cognitive processes that precede reliance decisions remain underexplored 

[3]. Addressing this gap requires methods that capture how users engage with AI-gen-

erated information as the interaction unfolds. Eye-tracking, traditionally used in IS re-

search as a diagnostic method to retrospectively analyze attention and decision pro-

cesses, offers such potential. Recently, it can also be employed adaptively, treating gaze 

as a real-time input that dynamically modifies system behavior. This enables a dynamic 

interplay, allowing the system to respond to users’ attention while the human-AI inter-

action is still ongoing. 

Despite its methodological potential, adaptive eye-tracking has not been systemati-

cally integrated into IS research on AI reliance, even though prior reliance research has 
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employed eye-tracking diagnostically [e.g., 4, 5, 6, 7]. Accordingly, this paper ad-

dresses the following research question: How can adaptive eye-tracking be conceptu-

alized and implemented to investigate reliance on AI in IS and NeuroIS research? To 

answer this, we develop a conceptual framework, outline a research agenda to investi-

gate AI reliance using real-time gaze-contingent experimental designs, and introduce 

an implementable methodological setup.  

Concept and Foundations 

Eye-tracking is well established in IS as a research method [8]. Traditionally, it has 

been used diagnostically: gaze behavior is recorded during interaction for retrospective 

process tracing to analyze interface design or decision-making without influencing the 

system itself [8, 9]. A key distinction exists between diagnostic and interactive eye-

tracking [9]. While diagnostic use treats gaze as an outcome variable, interactive use 

conceptualizes gaze metrics as a real-time input channel. This shift from passive meas-

urement to active control motivates adaptive eye-tracking, where gaze modifies system 

behavior during interaction. 

Adaptive eye-tracking builds on adaptive systems research, which defines adaptation 

as modifying system behavior based on processed user information [10]. Early biocy-

bernetic systems showed that psychophysiological signals can regulate human-machine 

interaction [11]. In contrast to survey-based personalization or clickstream-driven rec-

ommender systems [12], adaptive eye-tracking uses ocular metrics, including fixations, 

dwell times, gaze transitions, and pupillary responses, as real-time neurophysiological 

triggers within continuous control loops. Gaze thus functions as a design input that 

reflects attention and cognitive processing [13] rather than merely an outcome variable 

[14]. Adaptive eye-tracking is conceptualized as a physio-adaptive closed-loop archi-

tecture that integrates gaze acquisition, real-time processing, trigger logic, and stimulus 

modification. Simple fixation- or dwell-based thresholds operationalize attention as a 

control parameter [15, 16, 17]. More advanced systems incorporate pupil responses as 

indicators of users’ cognitive states, such as mental effort or cognitive load [18], ena-

bling cognitive load-sensitive adaptation in immersive and high-stakes environments 

[19]. Recent extensions combine gaze with EEG or generative AI-based inference mod-

els to enhance contextual precision [20, 21]. 

Methodologically, these systems often operationalize attention using gaze metrics 

derived from predefined Areas of Interest (AOIs), assuming that fixations within these 

regions indicate task-relevant processing [22]. Gaze-based adaptations have been stud-

ied in web environments [12], gaze-sensitive interfaces [16], and cognitive load-adap-

tive systems [23], including VR-based training systems [19]. Research has evolved 

from inferring metacognitive skills [24] to multimodal and AI-driven real-time adapta-

tion.  

Real-world applications of adaptive eye-tracking span diverse domains, including 

medical training [19], purchasing decisions [25], product recommendation [26], adap-

tive online advertisements and news presentation [12], assistive technologies for indi-

viduals with special needs [27], adaptive reading displays [28], map and aerial image 

interaction [20], gaming and learning [27], and aviation contexts enhancing attention 
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guidance and workload assessment [29]. Integration with digital nudges has also been 

proposed to increase intervention effectiveness [30]. Taken together, these research 

streams show how systems can sense attention and respond in ways that directly shape 

interaction and decision-making. 

In sum, adaptive eye-tracking marks a transition from retrospective process tracing 

to real-time, attention-aware system design. Grounded in adaptive systems theory and 

the diagnostic-interactive distinction, it integrates neurophysiological measures directly 

into system behavior. This promise comes with practical constraints: synchronized ac-

quisition, low-latency processing, and reliable adaptation trigger logic are prerequisites 

for valid gaze-contingent research. 

Research Agenda: Investigating Reliance on AI through Real-Time Gaze-

Contingent Experimental Designs 

Reliance on AI systems is typically inferred from observable outcomes such as 

agreement rates [31], weight of advice [32], task performance [33], or self-reported 

trust [34]. While informative, these measures leave a critical blind spot: they do not 

reveal whether users actually attend to, process, or evaluate the information provided 

by the system. Real-time gaze-contingent experimental designs offer a way to disen-

tangle reliance, automation bias and superficial compliance by operationalizing atten-

tion as a measurable and adaptive mediator of reliance formation. 

We propose reframing AI reliance research around three core information-pro-

cessing mechanisms: attentional allocation, verification behavior, and cognitive load. 

Attention functions as a scarce cognitive resource that mediates the relationship be-

tween AI interface design and reliance outcomes. Many central phenomena in the AI 

literature - including algorithm aversion [35, 36] and appreciation [37] - may stem not 

from flawed attitudes but from selective or insufficient inspection of model outputs, 

uncertainty cues, or explanations. By capturing fixation patterns, dwell times, scan-

paths, and pupil dynamics, adaptive eye-tracking enables process-level modeling of 

how users engage with AI-generated information before deciding to accept or override 

it, and enables gaze-contingent adaptations based on users’ real-time attention. 

Explainable AI (XAI) provides a particularly suitable testbed for this agenda. Exist-

ing research frequently assumes that explanations improve reliance, yet rarely examines 

whether users actually inspect those explanations [1], [38, 39]. A gaze-contingent ex-

perimental design can differentiate between (1) users who ignore explanations, (2) us-

ers who inspect explanations but still reject the AI recommendations, and (3) users who 

deeply process explanatory content. For instance, in an image-classification task (e.g., 

as applied in [39, 40]) where participants evaluate AI diagnoses or object labels, gaze 

data can reveal whether visual heatmaps, uncertainty indicators, or confidence scores 

receive sustained attention. Adaptive mechanisms can then be introduced: if explana-

tion areas remain uninspected, the system may increase saliency, introduce brief veri-

fication prompts, or temporarily delay acceptance of an AI recommendation. Crucially, 

this allows testing whether explanation effects depend on attentional engagement and 

whether interventions reduce automation bias while preserving efficiency. Fig. 19 il-

lustrates this principle using a bird-classification task (also used, for example, in [39]), 



346 

 

where the system issues a warning if a category or its corresponding visual explanation 

has not received sufficient attention - a design we implemented and validated as de-

scribed in Section 4.  

Fig. 19. Gaze-triggered adaptive warning for unattended example-based explanation 

 Methodologically, gaze-contingent paradigms strengthen reliance research in three 

ways. First, they enable temporally precise reconstruction of information acquisition 

sequences, allowing researchers to trace how users process AI-generated information 

before forming reliance decisions. Second, objective gaze metrics reduce construct am-

biguity by distinguishing non-inspection from informed rejection. Third, integrating 

attention into experimental designs enhances mediation analysis, clarifying whether de-

sign interventions influence reliance directly or through cognitive engagement. 

Finally, attention-aware AI systems raise ethical and governance questions when 

transferred from research settings with participants’ informed consent to real-world 
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applications [47]. Systems that detect whether users inspect explanations can infer as-

pects of attention and cognitive processing, thereby increasing their potential to shape 

user judgments and behavior. Transparency, consent, and limits on adaptive influence 

therefore become central design considerations. By embedding attention as a measura-

ble and adaptive construct, IS research can move from outcome-based assessments of 

reliance toward a process-sensitive, theoretically grounded understanding of human-AI 

interaction. The following section presents a concrete methodological foundation for 

realizing this agenda, introducing a modular framework for implementing adaptive eye-

tracking in NeuroIS research. 

Proposed Methodological Framework 

Adaptive eye-tracking requires the integration of experimental control, real-time gaze 

acquisition, and precise temporal synchronization. Implementation approaches range 

from low-level programming via manufacturer software development kits (SDKs) to 

proprietary integration environments. Direct SDK integration offers flexibility but re-

quires substantial engineering effort. We therefore adopt a modular and accessible so-

lution by combining PsychoPy, a Tobii eye tracker, and the Titta toolbox [48, 49]. This 

framework enables real-time gaze-contingent experimental designs without custom 

low-level programming while maintaining full access to live gaze streams, synchroni-

zation mechanisms, and structured data storage. Together, these components form a 

closed-loop system that enables millisecond-level, real-time adaptation.  

System Components of the Closed-Loop Architecture 

The architecture comprises four functionally distinct yet tightly integrated components: 

(1) gaze data acquisition, (2) real-time processing, (3) experimental and adaptive stim-

ulus control, and (4) post-hoc analysis. This ordering reflects the data flow within the 

closed-loop architecture (see Fig. 20). 

 

 
Fig. 20. Closed-loop control architecture 

The Tobii eye tracker constitutes the gaze data acquisition layer. Crucially, data acqui-

sition runs independently of the experimental loop, ensuring that temporal precision is 

not affected by stimulus rendering or processing overhead in PsychoPy. This independ-

ence stabilizes the gaze data stream and ensures consistent sampling intervals regard-

less of experimental complexity. 

Titta serves as the Tobii-PsychoPy integration layer, specifically designed to provide 

full access to Tobii eye tracker capabilities within PsychoPy. Technically, Titta relies 

on TittaPy, a C++ wrapper around the Tobii SDK, to minimize the risk of missing sam-

ples during continuous gaze streaming. For researchers, Titta provides: (1) device ini-

tialization using model-specific default parameters; (2) an intuitive, built-in calibration 
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and validation interface embedded within the PsychoPy interface; (3) a continuous gaze 

buffer that streams and stores incoming samples independently of the experimental 

loop; and (4) timestamp synchronization between gaze data and experimental events 

[48]. 

PsychoPy serves as the experimental control layer. As an open-source platform widely 

used for behavioral and cognitive experiments, PsychoPy manages stimulus presenta-

tion and trial flow, executes adaptive decision rules, and logs all experimental events 

and data. All adaptation logic is implemented within PsychoPy. This centralization of 

experimental logic ensures that gaze-contingent adaptations remain fully documented 

and replicable across research contexts. 

Tobii Pro Lab extends the architecture with post-hoc analysis capabilities. Via the 

TalkToProLab class, AOIs and stimulus events defined in PsychoPy can be automati-

cally registered and mirrored in Tobii Pro Lab, enabling direct comparison between the 

real-time adaptive logic and post-hoc gaze analysis. This integration is particularly val-

uable for validation purposes, as it allows researchers to verify that real-time adaptive 

decisions correspond to post-hoc gaze analyses within the same environment. 

The system follows a layered communication model that ensures temporally precise 

interaction between experimental logic and gaze acquisition. Initially, a connection to 

the Tobii device is established through Titta, which initializes the eye tracker. Record-

ing is initiated only after calibration quality meets predefined spatial accuracy thresh-

olds. During execution, gaze samples are continuously streamed and buffered via Titta, 

enabling PsychoPy to access them in real time for adaptive rule implementation. When 

a predefined trigger condition is satisfied, PsychoPy modifies stimulus properties or 

alters trial flow accordingly, while preserving precise timestamp synchronization be-

tween gaze signals and experimental events. 

Proof-of-Concept Design 

To validate the proposed architecture, we implemented a simple gaze-contingent ex-

perimental paradigm and conducted an initial author-led validation in a controlled la-

boratory environment. The primary goal of this validation was the technical verification 

of the closed-loop logic, given its proof-of-concept nature, rather than behavioral ex-

perimentation with external participants or the development of a fully specified exper-

imental design. The experiment was developed in PsychoPy 2022.1.3 on Windows 11, 

using a Tobii Pro Spectrum eye tracker with firmware version 2.6.1, and a dual-screen 

setup: one screen served as the experimenter monitor, while the participant-facing 

screen presented the experimental stimuli. 

Task Logic. The task consisted of a bird classification paradigm designed as an exam-

ple-based XAI task, which was introduced as a conceptual example in Section 3. A 

target bird was displayed in the center of the screen and surrounded by candidate spe-

cies that the AI model identified as the most likely options. Each candidate species was 

accompanied by a representative example image and the corresponding species name 

(see Fig. 19). The goal was to correctly assign the target bird to one of the displayed 

candidate species based on visual inspection. In this way, the task presented participants 
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with a set of plausible AI-generated options, while the example images served as ex-

ample-based explanations supporting their decision-making. 

Two-Page Adaptive Paradigm. The experiment consisted of two stimulus pages. The 

first page presented the bird classification task as described above, with AOIs set on 

each of the four candidate birds and their corresponding species labels. The system 

continuously evaluated cumulative dwell time per AOI during the observation period. 

If the inspection threshold was met for all AOIs individually, the experiment concluded 

without intervention. If one or more AOIs remained below the threshold, the second 

page triggered an adaptive warning prompting the observer to inspect all candidates 

before reaching a decision. Importantly, the warning did not reveal which specific bird 

had been insufficiently inspected, preserving the integrity of the classification decision. 

Further details of the experimental design were not elaborated, given the proof-of-con-

cept nature of the validation. The primary objective was to verify the technical imple-

mentation of the adaptive trigger mechanism, rather than to optimize the behavioral 

intervention or to develop a fully specified experimental design. 

Gaze-Contingent Trigger Implementation. AOIs were defined in PsychoPy in screen 

pixel coordinates for each of the four candidate species, covering both their representa-

tive example images and corresponding species labels. During the observation period, 

gaze data were continuously streamed from the Tobii eye tracker, buffered through 

Titta, and passed to PsychoPy in real time. For each valid gaze sample, PsychoPy eval-

uated whether the gaze coordinates fell within a predefined AOI and accumulated the 

corresponding dwell time. At trial end, the cumulative dwell time per AOI was com-

pared individually against a predefined threshold. Based on this comparison, PsychoPy 

either concluded the experiment directly - if all AOIs met the threshold - or triggered 

the adaptive warning page if one or more AOIs fell below it. This simple adaptive de-

sign was deliberately chosen to isolate and validate the real-time gaze classification, 

dwell time accumulation, and gaze-contingent stimulus selection. 

Technical Validation and Implementation Challenges 

Validation. Validation focused on confirming correspondence between the real-time 

adaptive logic and post-hoc Tobii Pro Lab analysis across three dimensions. First, AOI 

coordinates defined in PsychoPy were verified against those registered in Tobii Pro 

Lab, both visually - by overlaying AOI boundaries on the stimulus during the experi-

ment - and through sample-level comparison, confirming exact positional agreement. 

Second, dwell time computations generated by PsychoPy during the experiment were 

compared against post-hoc fixation metrics in Tobii Pro Lab, with no discrepancies 

observed between real-time output and post-hoc analysis. Third, adaptive trigger deci-

sions based on real-time gaze classification were cross-checked against post-hoc AOI 

hit data in Tobii Pro Lab, again revealing no discrepancies. Formal latency measure-

ment was outside the scope of this proof-of-concept. Nevertheless, no noticeable delays 

in adaptive responses were observed during testing, which is plausible given the com-

putational simplicity of the threshold-based trigger logic. More complex experiments 

with longer durations may warrant additional consideration of storage and 
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synchronization time. Future implementations involving more complex trigger logic - 

such as pupil-based cognitive load estimation - should empirically assess temporal pre-

cision. 

Implementation Challenges and Practical Recommendations. Several implementa-

tion challenges arose during the proof-of-concept that are worth documenting for re-

searchers adopting this framework. 

Firmware and driver compatibility proved to be a critical prerequisite. In our setup, the 

Tobii Pro Spectrum was initially running firmware version 2.9.0-oculus-0 - a variant 

intended for Oculus integration - which caused the device not to be recognized as a 

standard Tobii Pro eye tracker. The firmware was reverted using the Tobii Eye Tracker 

Manager, after which the device was correctly recognized. Researchers adopting this 

framework should ensure version compatibility across all components (see Section 

Proof-of-Concept Design). 

Connection initialization between PsychoPy and Tobii Pro Lab represented a second 

challenge. The TalkToProLab connection is state-dependent: when PsychoPy initial-

izes the experiment, Tobii Pro Lab must already have an active External Presenter pro-

ject open with the record tab active. If these conditions are not met at initialization, both 

PsychoPy and Tobii Pro Lab crash, requiring both applications to be restarted before 

the experiment can be launched again. We therefore recommend verifying Pro Lab's 

connection state explicitly before experiment initialization to avoid this failure mode. 

Stimulus event management in Tobii Pro Lab introduced a third challenge. When man-

aging stimulus events directly through PsychoPy and transferring data to Tobii Pro Lab, 

each stimulus event must be explicitly closed by logging both a start and an end 

timestamp - a requirement that is not documented in the Titta documentation. In our 

implementation, data transfer from PsychoPy to Tobii Pro Lab repeatedly failed after 

experiment completion because stimulus events were not explicitly closed, causing To-

bii Pro Lab to remain in the state "awaiting finalization of recording." Ensuring that 

every stimulus event was properly closed before finalizing the recording resolved this 

issue. Researchers adopting this framework should therefore account for explicit event 

closure as a prerequisite for successful data integration between PsychoPy and Tobii 

Pro Lab. 

Conclusion 

AI reliance research in IS has largely focused on outcomes while leaving the underlying 

attentional processes unobserved. This paper argues that adaptive eye-tracking enables 

process-level analysis by incorporating real-time gaze into human-AI interaction, al-

lowing researchers to distinguish reliance based on actual information processing ver-

sus reliance without inspection. By treating attention as a measurable and adaptive con-

struct, we offer a conceptual and practical foundation for researching how AI reliance 

forms - and how it can be shaped - during interaction. A key contribution lies in demon-

strating that adaptive eye-tracking is not only theoretically promising but also practi-

cally accessible: the proposed framework combines PsychoPy, Tobii eye trackers, and 

the Titta toolbox into a modular solution that does not require extensive low-level 
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programming expertise, lowering the barrier for IS and NeuroIS researchers to adopt 

gaze-contingent experimental designs. 

Beyond XAI, the adaptive eye-tracking approach can be applied to misinformation de-

tection and online persuasion [41, 42, 43], (clinical) decision support [44, 45], or fore-

casting [46], all application areas currently discussed in IS research. In these contexts, 

errors often arise not because relevant information is unavailable, but because it is un-

attended. Real-time attention modeling enables systems to detect shallow processing, 

attentional tunneling, or overload, and to adapt interface complexity accordingly. 

Building on the validated proof-of-concept, the next step is the design and execution of 

a first full-scale experiment with external participants, investigating AI reliance through 

real-time gaze-contingent designs. Future work should also explore more advanced 

trigger logic, such as pupil-based cognitive load estimation and multimodal combina-

tions of gaze metrics, to further extend the framework's applicability across diverse 

research contexts. 
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