
1 

 

Proceedings 

NeuroIS Retreat 2025 

 

 
Vienna, Austria | May 26-28 

www.NeuroIS.org 

 

 
Fred D. Davis, René Riedl, 

Jan vom Brocke, Pierre-Majorique Léger, 

Adriane B. Randolph, Gernot R. Müller-Putz 

(Eds.) 
 

 

 

 

 

 

 

 

 
The final proceedings will be published by Springer. 



2 

Preface 
The proceedings contain papers presented at the 17th annual NeuroIS Retreat held May 26-28, 

2025. 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 30 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 2025 key-

note presentation entitled "Brain-Artificial Intelligence Interfaces: The Convergence of Artificial 

and Biological Intelligence" was given by Moritz Grosse-Wentrup, Full Professor and Head of 

the Neuroinformatics Research Group at the University of Vienna, Austria. Moreover, Silvia E. 

Kober, Senior Scientist at the Department of Neuropsychology – Neuroimaging at the University 

of Graz, Austria, gave a hot topic talk entitled "Why Do I Feel Sick in Virtual Worlds? – Inter-

individual Differences in Cybersickness in Virtual Realities, Neurophysiological Correlates, and 

Methods to Manipulate It". We also had a panel discussion entitled "Building the Next Genera-

tion of NeuroIS Scholars: Lessons Learned, Challenges Overcome, and Future Directions for the 

Field" with panelists Pierre-Majorique Léger, Bonnie B. Anderson, Randall K. Minas, Gernot R. 

Müller-Putz, Adriane B. Randolph, and René Riedl. 

 

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. 

 

May 2025       Fred D. Davis 

René Riedl 

Jan vom Brocke 

Pierre-Majorique Léger 

Adriane B. Randolph 

Gernot R. Müller-Putz 
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Moritz Grosse-Wentrup – Keynote 

Brain-Artificial Intelligence Interfaces: The Convergence of Artificial and Bi-

ological Intelligence 

 

Brain-Computer Interfaces (BCIs) have evolved significantly, transitioning from spe-

cialized assistive communication devices for small patient groups to a versatile tech-

nology with broad applications. These applications range from post-stroke rehabilita-

tion to systems that monitor cognitive states to enhance human-computer interaction. 

In this talk, I propose that the next evolutionary step is the transition from Brain-Com-

puter Interfaces to Brain-AI Interfaces (BAIs). Unlike classical BCIs, which primarily 

decode cognitive states and commands, BAIs integrate AI systems into the cognitive 

processing pipeline. By interfacing at higher levels of the cortical hierarchy, BAIs have 

the potential to expand the benefits of neural interfaces to individuals with cognitive 

impairments. This advancement could revolutionize the way we approach cognitive re-

habilitation and assistive technologies. I demonstrate the potential of BAIs through a 

prototype of a conversational BAI. This prototype enables users to perform complex 

communication tasks by decoding high-level intentions from brain activity with the 

low-level details of the task carried out by a large-language model. This capability 

opens up new possibilities for seamless interaction between humans and AI agents, 

potentially allowing users to accomplish tasks that surpass human cognitive limitations. 

By leveraging the strengths of both biological and artificial intelligence, BAIs could 

pave the way for unprecedented advancements in human-AI collaboration and cogni-

tive augmentation. 
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Silvia E. Kober – Hot Topic Talk 

Why Do I Feel Sick in Virtual Worlds? – Interindividual Differences in Cy-

bersickness in Virtual Realities, Neurophysiological Correlates, and Methods 

to Manipulate It 

 

With the rapid development of affordable virtual reality (VR) technology, an increasing 

number of people are immersing themselves in VR and the metaverse. VR is not only 

used for entertainment purposes, such as gaming, but is also being applied in educa-

tional contexts, training, therapy, and the workplace. Apart from providing an immer-

sive and authentic experience, VR interaction can also lead to side effects such as cy-

bersickness, which include symptoms like nausea, headaches, eye strain, and disorien-

tation. Cybersickness is influenced by various factors, including technology-related pa-

rameters of the VR system, prior VR experience, as well as age and gender, leading to 

significant interindividual differences. Consequently, cybersickness can negatively im-

pact the VR experience and performance. In this Hot Topic Talk, I will present our 

research findings on interindividual differences in cybersickness, its impact on perfor-

mance measures in VR, and the neurophysiological correlates associated with it. Addi-

tionally, I will discuss strategies to mitigate cybersickness in VR, including the use of 

placebo interventions to enhance human-VR interaction. 
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How Generative AI Review Summaries Disrupt Users’ Evaluative 

Processes in Online Purchase Environments 

Tucker Nicholas Todd1, Akshat Lakhiwal2, Pierre-Majorique Léger3, Hillol Bala1,* 

 
1 Indiana University, Bloomington, Indiana, USA 

{tuctodd, hbala}@iu.edu 
2 University of Georgia, Athens, Georgia, USA 

akshat.lakhiwal@uga.edu 
3 HEC Montreal, Montreal, Canada 

pierre-majorique.leger@hec.ca 

Abstract. Generative artificial intelligence review summaries (GARS) are in-

creasingly integrated in online purchase environments to provide a condensed 

representation of peer-generated reviews. Although GARS offer an efficient 

means of conveying diverse peer-generated information, their juxtaposition with 

traditional representations—such as star ratings and peer reviews—may compli-

cate users’ evaluative processes. Specifically, when GARS conflict with tradi-

tional representations, e.g., a positive GARS alongside a negative star rating, they 

may increase ambivalence, a state characterized by concurrent positive and neg-

ative evaluations, increasing the difficulty of purchase decisions. We hypothesize 

how this may spur an increased gaze transition entropy (GTE)— a measure which 

captures the volatility of eye movements across different areas of interest and the 

efficiency of visual attention—leading to less efficient information processing 

during product evaluation. To test our hypotheses, we conducted a within-sub-

jects lab experiment employing eye tracking to capture gaze behavior in response 

to varying states of GARS-traditional representation alignment. Our results con-

firm that misalignment between GARS and traditional representations signifi-

cantly increases both purchase difficulty and GTE, and that purchase difficulty 

significantly mediates such misalignment’s impact on GTE, indicating how users 

may experience reduced visual efficiency due to misalignment. These findings 

carry implications for research and practice related to online purchasing, suggest-

ing how valence misalignments between GARS and traditional representations 

can disrupt decision-making in online environments.   

Keywords: Ambivalence • Generative AI • Eye tracking • Online purchase 

decision-making • Gaze transition entropy 

 

Introduction 

Generative artificial intelligence review summaries (GARS) are an emerging form of 

information representation that aggregate user-generated reviews to highlight key prod-

uct attributes and their associated valence in online purchase environments (Fig. 1; [1]). 

In typical online purchase contexts, users’ gaze transitions across representations such 
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as star ratings, detailed reviews, and product descriptions, gradually integrating infor-

mation to form evaluations that ultimately shape their purchase decisions [2-3]. By 

summarizing diverse user opinions into a condensed state, GARS have the potential to 

increase the efficiency of visual attention by centralizing spatially distant information 

in one location. However, the juxtaposition between GARS and traditional representa-

tions may also alter how user attention shifts to compensate in response to GARS, po-

tentially reducing overall visual efficiency and disrupting the evaluative process. 

The introduction of GARS into online purchase environments thus presents both op-

portunities and challenges for users and platforms. On the one hand, GARS may en-

hance product evaluation by synthesizing diverse user opinions. On the other hand, 

when GARS convey sentiments that contradict existing representations (e.g., a negative 

GARS summary alongside a positive star rating), users develop a sense of ambivalence 

[1], i.e., simultaneity of positive and negative evaluations. Such feelings may increase 

the difficulty of associated purchase decisions and disrupt users’ product evaluation by 

spurring volatility in search patterns as a remedying tactic, reducing visual attention 

efficiency.   

Although emerging research has explored the effects of representations on product 

evaluations [4-5] and purchase behavior [6-7], little is known about GARS’ potential 

impact on users’ visual attention during product evaluation. The potential juxtaposition 

between GARS and traditional representations may alter the efficiency and sequence 

of attention allocation, potentially adding unnecessary complexity to the user decision-

making. Current GARS implementations may inadvertently introduce friction into the 

evaluative process without a deeper understanding of these dynamics, undermining 

their intended role as cutting-edge representations. 

Fig. 1. Example usage of GARS on Amaz  on 

Against this backdrop, our research seeks to examine the impact of GARS on user eval-

uative processes in online environments. We theorize how misalignment between 

GARS and traditional representations may induce ambivalence, creating cognitive dis-

comfort and increased purchase difficulty that drives users to seek additional infor-

mation to resolve. This compensatory behavior may manifest through the variability in 

users’ gaze patterns, reducing the efficiency of visual attention during product evalua-

tion. Thus, we seek an answer to the following:  
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RQ: How and why do GARS impact gaze patterns in online purchase scenarios?  

We conducted a within-subject lab experiment using eye-tracking technology to in-

vestigate how GARS influences users’ gaze patterns in online purchase scenarios. We 

measure gaze transition entropy to assess the degree of variability in visual attention as 

users assess products in a simulated online purchase context. The measure of GTE cap-

tures user attention flow across stimulus elements, enabling richer comparison of visual 

patterns for use in addressing our research question. Prior research has established eye 

tracking as a reliable NeuroIS technique for studying interventions in online purchase 

environments [8-9], underscoring its suitability for this study. Our findings reveal that 

when GARS conflict with traditional representations, they increase purchase difficulty 

and subsequent gaze transition entropy, introducing greater randomness in visual atten-

tion and reducing the efficiency of the evaluative process in online purchase environ-

ments. 

Hypotheses 

Relative to purely univalent attitudes such as positivity or negativity, ambivalence is 

characterized as a cognitively uncomfortable state [9-11]. Prior research has identified 

several methods through which experiences of ambivalence may assuage their discom-

fort, including additional systematic processing of information to facilitate consistency 

between opposing attitudes better [12], and increased reliance on available heuristics 

such as expert opinion [6]. While these pathways differ in terms of required cognitive 

effort and likely impact on decision quality, both increase the difficulty associated with 

purchase decisions relative to comfortable states and encourage the experiencer to seek 

additional information as a means of resolving their ambivalence, whether as an input 

for additional systematic processing or as a heuristic shortcut to a less uncomfortable 

state. Due to the intrinsic discomfort of such conflicting evaluations, user gaze may 

become more volatile to facilitate quicker identification of remedying information, 

causing more randomness in their visual attention. Therefore, the need for users to iden-

tify and process additional information as necessitated by the discomfort caused by 

GARS-traditional representation misalignment may encourage less predictable gaze 

patterns during the evaluative process. 

 Prior research has suggested that the potential juxtaposition between GARS 

and traditional representations can induce greater ambivalence relative to traditional 

representations alone [1]. Ambivalence, as a state defined by the simultaneous experi-

ence of positive and negative evaluations [13], can vary in magnitude. For example, a 

user with a strong positive and weak negative evaluation will experience less ambiva-

lence towards said product relative to a user with strong positive and negative evalua-

tions. Prior research has thoroughly examined the effect of varying levels of ambiva-

lence on outcomes of the evaluative process such as purchase intention and purchase 

difficulty, finding that stronger states of ambivalence further attenuate the relationship 

between evaluation and purchase intention [14], and increase purchase difficulty rela-

tive to weaker states [14], as the conflicting simultaneous experience of positive and 

negative feelings towards a product lowers confidence in evaluations stemming from 

those evaluations [15-16]. Therefore, the impact of GARS on visual attention during 

product evaluation may similarly be impacted by the severity of misalignment between 
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GARS and traditional representations, such that strong states of GARS-traditional rep-

resentation misalignment (i.e. when GARS signal valence contrary to that of traditional 

representations) confer greater discomfort and produce greater subsequent impacts on 

purchase difficulty and user visual attention relative to states of GARS-traditional rep-

resentation alignment (i.e. when GARS and traditional representations signal similar 

valence), leading us to hypothesize: 

H1: Misalignment in valence conveyed by GARS and traditional representations 

(e.g., star ratings) will increase users’ purchase difficulty, leading to greater variability 

in gaze patterns compared to aligned representations. 

Methodology 

Participants were adults who did not need glasses and were proficient in reading and 

writing in English. 69 participants were recruited for this study, 42 of whom provided 

usable eye tracking and user response data for analysis, as some participants’ eye track-

ing data were subject to capture errors. In NeuroIS research, sample sizes of 15 to 25 

participants are common [23], suggesting that our participant pool was sufficient for 

this study. Participants were 50.7% female with an average age of 26.56 years. The 

study was approved by the ethical review board of one of the author’s affiliated univer-

sities.  

The experiment utilized a multi-trial design, with each trial consisting of stimuli 

representative of information representations typically encountered by users during 

product evaluation, including a product image, description, price, technical specifica-

tions, and two customer reviews (see Figure 2). Price was held constant across all prod-

ucts and all conditions. In line with prior research into GARS [1], stimuli were modeled 

after the Amazon platform to ensure realism and familiarity with participants. To an-

swer our research questions, the experiment had a 4x4 within-subjects design in which 

both the valence of the GARS and the valence of star ratings and user reviews could be 

independently manipulated. GARS and the star ratings and user reviews could signal 

positive, negative, ambivalent, and indifferent valences, resulting in 16 treatment con-

ditions. 

Conditions under which GARS and traditional representations signaled the same 

valence constituted states of GARS-traditional representation alignment, and all others 

constituted states of GARS-traditional representation misalignment. The state of 

GARS-traditional representation alignment served as the independent variable in our 

analyses. Each participant was subject to multiple trials per condition, so each duplicate 

observation consisted of a different product. Stimuli for four product categories were 

created, including smartwatches, smartphones, headphones, and tablets. Participants 

were randomly subjected to one of the 16 conditions in each trial for a total of 32 trials.  

Post-trial self-reported affect and purchase difficulty measures for each product 

shown were collected within the e-Prime platform. Positive affect was measured via 

one item on a five-point scale [17], and negative affect was measured via one item on 

a five-point scale [17], which were then used to calculate ambivalence with the formula 

(ὖέίὭὸὭὺὩ+ὔὩὫὥὸὭὺὩ/2) − |ὖέίὭὸὭὺὩ−ὔὩὫὥὸὭὺὩ| [17] as our manipulation check. Pur-

chase difficulty was also measured via one item on a five-point scale [22]. 

To capture the impact of GARS on visual attention during the evaluative process, 

the eye tracking component of the study captured various metrics, including the total 
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duration of fixations, average duration of fixations, number of fixations, average pupil 

diameter, and number of visits in areas of interest (AOIs) for each condition. Gaze data 

was sampled at 60 Hz using Tobii Pro Nano, allowing for natural head movement while 

maintaining multiple sampling rates, ensuring accurate data capture [18].  

Using eye-tracking metrics, we calculated gaze transition entropy (GTE) per treat-

ment condition. GTE captures the randomness in user gaze patterns, enabling quantita-

tive analysis of visual attention across time and space [19-20], with higher gaze transi-

tion entropy generally corresponding to reduced efficiency of user visual attention dur-

ing evaluative tasks [19]. Prior research has used GTE to measure the impact of inter-

ventions on user evaluative processes in online purchase scenarios [21], indicating the 

measures’ suitability for use in this context. Relative to other eye tracking metrics like 

saccades or fixation duration, which measure aspects of visual attention in the aggre-

gate, GTE captures attention flow across stimulus elements. This enables richer com-

parison of user visual patterns, rendering GTE particularly valuable in addressing our 

research question.  

Participants were recruited through a recruitment panel at an author’s university 

and greeted at the laboratory, where they were invited to sit comfortably. Before com-

mencing the experiment, participants were asked to read and sign a consent form. De-

mographic questions such as age and gender were then administered. Following this, 

oculometric calibration was conducted to ensure accurate measurements. Participants 

were then provided detailed instructions to thoroughly evaluate the products in each 

trial, imagining they were purchasing a product as a gift for a visiting relative. After 

each trial, participants were required to complete a brief questionnaire. Upon comple-

tion of the four trials, the study concluded, and participants were paid $20-$40 for their 

participation. 

Fig. 1. Example stimuli 
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Analysis 

We tested alignment’s impact on ambivalence, finding that misalignment caused greater 

ambivalence relative to alignment (F (15, 1680) = 55.18, p < .0001), confirming the 

success of our manipulation. Comparisons across alignment and misalignment are dis-

played in Table 1. To determine whether misalignment leads to increased GTE via in-

creased purchase difficulty (Figure 3), we conducted a formal mediation analysis. Test-

ing the impact of misalignments on GTE, we found that misalignment increased GTE 

relative to alignment (F (1, 1384) = 5.30, p < .05) and that misalignment increased 

purchase difficulty relative to alignment (F (1, 1694) = 26.81, p < .001). Using the 

values from these regression models, we calculated the total, direct, and indirect effects 

of our mediation model (Table 2) and conducted a bootstrapped mediation analysis with 

1000 samples [24], finding that misalignments’ impact on GTE is mediated by purchase 

difficulty (z = [3.503], p < .001), supporting H1. 

 
Table 1. Results by alignment state (means) 

 Mean Aligned Mean Misaligned Regression Results 

Mean Ambivalence .960 1.494 F(1, 1694) = 33.76, p < 
.001 

Mean Purchase Difficu-

lty 

1.896 2.259 F(1, 1694) = 26.81, p < 

.001 

Mean GTE .372 .395 F(1, 1384) = 5.30, p < 

.05 

Fig. 3. Mediation model 
 

Table 2. Mediation model results 
 Estimate Standard Error z P>|z| 

Total effect .023 .010 2.31 .021 

Direct effect .016 .010 1.54 .123 

Indirect effect .007 .002 3.52 .001 

Discussion and Future Direction 

On the surface, GARS may appear as a novel representation with the potential to 

streamline user evaluation in online purchase environments. However, through our the-

orization and experimentation, we demonstrated that in states of misalignment with 
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traditional representations, GARS foster ambivalence in users. This cognitive discom-

fort increases purchase difficulty and encourages volatile information search, introduc-

ing variability to gaze patterns and ultimately disrupting the evaluative process in online 

purchase environments.  

 Our work builds upon prior research (e.g., [1], [4], [14]) by examining a pre-

viously unexplored consequence of GARS. While GARS were developed to enhance 

the efficiency of user visual attention and improve the user evaluative process by con-

solidating spatially dispersed review information, we theorized that GARS may unin-

tentionally induce ambivalence and reduce the efficiency of user visual attention when 

misaligned with surrounding representations such as star ratings or user reviews. This 

theorization brings forth a new discussion regarding the nuances of generative artificial 

intelligence-enabled representations. It is among the first to consider the potential for 

misalignment between GARS and traditional representations as a novel phenomenon. 

To test our theorization, we conducted a novel experiment within a realistic laboratory 

setting to rigorously examine the impact of GARS misalignment on user evaluations 

and visual attention. To further enhance our understanding of GARS misalignment’s 

impact on user visual attention, we introduced gaze transition entropy as a means of 

more richly capturing user visual attention, revealing how GARS misalignment impacts 

visual search patterns during the evaluative process. Our findings extend prior work by 

showing that GARS, as a novel representation, can misalign with existing representa-

tions in online purchase environments in a manner that not only influences user atti-

tudes, but disrupts the underlying evaluative process – findings which had yet to be 

theorized or systematically investigated before, and carry significant implications for 

both future research and practice. 

 Our research aims to continually develop a deep understanding of the cogni-

tive and behavioral outcomes associated with GARS usage in typical online purchase 

environments. In this study, we drew from prior theory on representations, affect, and 

visual attention, and identified how misalignments between GARS and traditional rep-

resentations may uniquely influence gaze during the evaluative process. This research 

holds practical relevance to the future deployment of GARS, as future GARS may be 

developed to minimize the ambivalence and subsequent purchase difficulty spurred by 

states of  GARS-traditional representation misalignment in online purchase environ-

ments, reducing the disruptive effect of GARS on user visual attention. To that end, 

future research and practice should examine the potential for GARS to factor in the 

valence of traditional representations when assigning per-attribute valences to mini-

mize ambivalence and purchase difficulty during product evaluation. To that end, future 

research should explore the role of potential moderators such as product price and user 

demographics to understand better the relationship between GARS misalignment and 

the evaluative process. Additionally, future research should adopt additional NeuroIS 

techniques, such as fNIRS, to gain insights into the neurological correlates of GARS-

traditional representation misalignment, providing deeper insights into how GARS may 

uniquely impact user cognition during the evaluative process in online purchase envi-

ronments.  
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Abstract. Generative Artificial Intelligence (GenAI) is transforming human-

computer interaction, shaping behavior as well as cognitive and emotional pro-

cesses. This paper explores how Neuro-Information Systems (NeuroIS) measure-

ments can be applied to the study of GenAI, addressing their role in human-AI 

interaction. Through a literature review, we identify 21 papers using neurophys-

iological measurements, including autonomic nervous system (ANS) markers 

(e.g., eye-tracking), brain imaging (e.g., EEG), and multimodal approaches such 

as combining eye tracking and EEG. Our findings highlight main research 

themes, including cognitive offloading, trust, and decision-making biases in hu-

man interaction with GenAI. While research on this topic is becoming more 

prominent, neurophysiological investigations remain limited. We anticipate that 

measures of brain and ANS system activity, as well as hormone measures, will 

play an increasing role in future empirical research on GenAI. This study con-

tributes to the advancement of NeuroIS by providing a structured foundation for 

better understanding the role of GenAI in this research field. 

Keywords: Generative AI (GenAI) · Human-AI Interaction · Neuro-Information 

Systems (NeuroIS) · Neurophysiological Measurements · Literature Review 

Introduction 

The increasing integration of Artificial Intelligence (AI) across all societal domains is 

fundamentally changing the way individuals and organizations interact with technology 

[1, 2]. Advances in AI capabilities have raised interest in its transformative potential, 

particularly in improving productivity and efficiency across domains [3, 4]. As these 

systems become more powerful, researchers and practitioners are increasingly focusing 

on human-AI interaction, exploring how AI can support human performance and well-

being through collaboration and task delegation in information systems (IS) [5–7].  
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Generative AI (GenAI) has emerged as a rapidly evolving AI paradigm capable of 

generating text, programming code, images, and video in response to user input, so-

called prompts [8]. Major examples include large language models (LLMs) such as 

GPT-4 and its chatbot ChatGPT, and image generation tools such as Midjourney [9]. 

Unlike traditional AI systems designed for specific tasks, GenAI leverages deep learn-

ing models trained on large datasets, enabling highly adaptive and context-aware results 

[10]. Its multimodal capabilities and broad general knowledge have led to widespread 

adoption across industries, from content creation [11] and software engineering [12] to 

decision support [13] and customer service [14]. While these applications increase ef-

ficiency and accessibility, they also introduce new challenges related to quality control, 

ethical considerations, and human-AI collaboration [15–17]. 

The rapid proliferation of GenAI raises critical questions about its behavioral, cog-

nitive, and emotional implications, particularly in human-AI collaboration and interac-

tion [18, 19]. A primary concern is its impact on individual cognitive processes. Re-

search suggests that the accessibility and ease of use of GenAI systems contribute to 

increased reliance on AI for cognitive tasks, facilitating process automation and reduc-

ing direct mental effort [20–22]. This phenomenon, known as cognitive offloading, oc-

curs when individuals delegate information processing and problem solving to AI sys-

tems, potentially reshaping cognitive workflows [23–25]. Moreover, AI-generated con-

tent influences perceptions on trust and credibility, as well as users’ emotional engage-

ment with the content, shaping decision-making patterns and potential cognitive biases 

in unprecedented ways [6, 26–28]. Given these developments, there is a need to study 

both the beneficial and unintended effects of GenAI at the individual level. Such in-

sights can inform future system design, support the development of trustworthy AI sys-

tems [29], and promote desirable human-AI interactions [30]. 

To advance the understanding of GenAI from a cognitive neuroscience perspective, 

Neuro-Information Systems (NeuroIS) provides a valuable research lens for exploring 

the interplay between GenAI and human cognition and emotion [31–35]. NeuroIS is an 

interdisciplinary field that bridges neurophysiology and digital technologies to better 

understand human behavior [36], cognition [37], emotion [38], and performance [39] 

in the context of IS. This includes a range of neurophysiological measurements, includ-

ing autonomic nervous system (ANS) markers such as eye tracking and heart rate var-

iability, and brain imaging methods such as electroencephalography (EEG) and func-

tional magnetic resonance imaging (fMRI) [34, 40]. Moreover, hormone-based 

measures allow researchers to examine neuroendocrine responses to system interac-

tions [41, 42].   

Overall, these methods provide more objective insights into how individuals engage 

with GenAI, going beyond self-reported data to reveal its effects on neurophysiological 

processes [35, 43, 44]. Applying this perspective to GenAI research can provide new 

insights into well-established NeuroIS topics such as technology acceptance, tech-

nostress, and user performance [45]. Building on this foundation, this literature review 

aims to identify how NeuroIS contributes to the study of GenAI. Specifically, we ad-

dress the following research question: How does existing research apply NeuroIS 

measurements for studying GenAI? 
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Review Methodology 

To examine the scope, range, and nature of existing research that applies NeuroIS meas-

urements to study GenAI, we conducted a scoping review to assess the current state of 

the literature [46, 47]. The review followed established methodological guidelines for 

literature searches [48, 49] and included peer-reviewed journal and conference papers 

published in English, with no restrictions on publication year.  

Our literature review process consisted of three main phases: identification, screen-

ing and selection. To increase transparency and methodological rigor, we adhered to 

the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 

guidelines (see in Figure 1; [50–52]). In total, our review identified 21 articles relevant 

to our research question, providing a foundation for examining how NeuroIS measure-

ments have been applied to the study of GenAI. 

 

Figure 1. PRISMA Flowchart of Literature Review 

Phase 1: Literature Identification – The starting point for our review was a study by 

Riedl et al. [45], which examined the development of the NeuroIS research field. This 

work provided a foundation for our keyword selection, ensuring that the present review 

adheres to established principles for conducting systematic literature reviews [48, 49] 

while capturing the breadth of the NeuroIS literature. 

For our literature search, we used generic terms representing the broader NeuroIS 

domain (e.g., "nervous system", "neuro-information systems", "NeuroIS", "neuro-
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science") alongside GenAI-related terms (e.g., "generative artificial intelligence", 

"large language model", "GPT") in the title, abstract, and keyword fields. To ensure 

comprehensive coverage, we incorporated synonyms and abbreviations with wildcards, 

allowing us to explore a broad and diverse range of potentially relevant papers [45]. 

Importantly, this methodological approach has recently been successfully applied in 

previous NeuroIS-focused literature reviews (e.g., [53–56]). These prior reviews 

demonstrate their robustness in systematically identifying relevant research and ensur-

ing consistency and reproducibility in addressing our research question. 

To cover both the empirical approach (i.e., NeuroIS measurements) and the object 

of analysis (i.e., GenAI), we conducted a systematic search across three major academic 

databases: ACM, AIS eLibrary, and Web of Science. This approach ensured broad cov-

erage of peer-reviewed journal articles and conference proceedings in the fields of Neu-

roscience, IS, Computer Science, and AI. Moreover, we conducted a manual search 

across all NeuroIS Retreat proceedings [57–66] to identify relevant papers focusing on 

GenAI. Through this process, we initially retrieved 609 articles, forming the basis for 

subsequent screening and selection. 

Phase 2: Literature Screening – After the literature identification phase, our database 

initially contained 609 articles. Prior to title and abstract screening, we removed 2 du-

plicate entries, resulting in 607 unique papers. We then excluded 431 papers based on 

title and abstract screening as they were not thematically relevant to our research ob-

jective. Moreover, 4 papers were excluded due to language limitations (e.g., [67]). 

A notable challenge at this stage was the ambiguity of certain search terms. For ex-

ample, the acronym "GPT" is not exclusively associated with generative pre-trained 

transformers (i.e., LLMs), but is also used in medical contexts, such as to refer to the 

enzyme "glutamine-pyruvate transaminase" (e.g., [68]). To address this, we conducted 

a full-text eligibility assessment of the remaining 174 papers using the following inclu-

sion (IC) and exclusion (EC) criteria: 

 

¶ IC1: Papers must be written in English and be thematically relevant to our 

research objective, which examines NeuroIS measurements for studying 

GenAI. 

¶ IC2: Papers must use neurophysiological measurements to investigate GenAI-

related interactions. 

¶ IC3: Papers must focus on GenAI as an object of study, rather than using 

GenAI merely as an applied method. 

¶ EC1: Papers were excluded if they did not meet IC1, such as those written in 

languages other than English (e.g., [67]) or those that were not relevant to 

NeuroIS and GenAI (e.g., papers examining traditional AI systems without a 

generative component [69]). Moreover, papers that did not meet IC2 were ex-

cluded, such as papers that did not use neurophysiological measurements (e.g., 

[70]) or used qualitative approaches without biometric data (e.g., [71]). Papers 

that did not meet IC3 were also excluded, such as those that used GenAI as a 

tool rather than analyzing its behavioral or cognitive effects (e.g., [72]). 
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After applying these criteria, 16 papers remained for further analysis. Of the 174 full-

text papers reviewed, 158 did not meet IC1, IC2, or IC3 and were excluded. Specifi-

cally, 67 papers were excluded for lack of neurophysiological measurements, 36 papers 

for lack of direct use of GenAI, and 45 papers because GenAI was used as an applied 

method rather than the object of study. 

Phase 3: Literature Selection – After the literature screening phase, our database con-

tained 16 papers. To derive the final literature sample, we followed established litera-

ture search practices [48, 49] and performed a backward search (i.e., reference search) 

and a forward search (i.e., citation tracking) to identify 5 additional papers (e.g., [73]). 

As a result, the final literature base for our analysis includes 21 NeuroIS papers in-

vestigating GenAI as of February 2025, consisting of 11 empirical papers (i.e., [23, 74–

83]), 9 research-in-progress papers (i.e., [25, 43, 44, 73, 84–88]), and 1 methodological 

paper (i.e., [89]). These were obtained from the following databases: 13 papers from 

Web of Science (62%), 5 from NeuroIS Retreat proceedings (24%), 2 from AIS eLi-

brary (9%), and 1 from ACM (5%). 

Review Results 

This section presents the main results of the literature review. Building on the classifi-

cation framework of NeuroIS tools proposed by Riedl and Léger [40, pp. 47-72], we 

categorized the identified papers based on their measurement domain to provide a struc-

tured overview of the research landscape. Notably, this classification approach has been 

successfully applied in recent reviews to examine ANS activity measurements [90], 

brain imaging methods [91], and hormone measurements [92] in the context of inter-

ruption science. These prior applications further validate the classification of papers in 

our literature base. 

Overall, our analysis (see Table 1) shows that ANS markers were the most frequently 

used measurement method (57%), followed by brain imaging methods (33%) and mul-

timodal approaches (10%). 

Domain 1: Autonomic Nervous System – The ANS plays a critical role in human-

AI interaction research, providing objective insights into physiological responses dur-

ing GenAI-driven tasks. In this domain, ten studies were identified that used ANS-re-

lated neurophysiological measures to investigate GenAI interactions. The majority of 

these studies (n = 10; [44, 73, 75, 77, 79, 81–83, 85, 87]) relied on eye-tracking, while 

one study combined eye-tracking and facial expression analysis [74], and another study 

integrated facial expression analysis and galvanic skin response [80].  

For example, Duestad et al. [85] used eye-tracking data to investigate how the use 

of AI-generated images affects the perceived credibility of news headlines. Their find-

ings suggest that users' visual attention patterns differ when exposed to AI-generated 

versus human-generated images, potentially affecting trust and credibility. Similarly, 

Capone et al. [74] combined eye-tracking and facial expression analysis to study con-

sumer behavior in GenAI-enhanced shopping experiences, highlighting how AI-gener-

ated content alters emotional engagement and purchase intent.  
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Table 1. Overview of NeuroIS Measurements for Studying GenAI 

Domain Measurement Method Papers Reference(s) 

Autonomic Nervous System 12  

Eye-Tracking 10 [44, 73, 75, 77, 79, 81–83, 85, 87] 

Eye-Tracking & Facial Expressions 1 [74] 

Facial Expression & Galvanic Skin Response 1 [80] 

Brain Imaging Methods 7  

EEG 7 [23, 25, 43, 76, 78, 84, 86] 

Multimodal Approaches 2  

Eye-Tracking & EEG 2 [88, 89] 

Sum 21  

Overall, these studies emphasize the value of ANS measurements in NeuroIS re-

search, providing insights into the cognitive and emotional processes underlying human 

interactions with GenAI-powered systems. Such findings can contribute to broader dis-

cussions of human-AI dynamics, including aspects such as trust, credibility, and user 

engagement in AI-mediated environments. 

Domain 2: Brain Imaging Methods – Brain imaging methods provide valuable in-

sights into the neural mechanisms underlying human-AI interactions, particularly in 

areas such as cognitive processing (e.g., [84]), decision making (e.g., [78]), and emo-

tional responses (e.g., [86]). Seven studies were identified in this domain, all of which 

used EEG as their primary measurement tool [23, 25, 43, 76, 78, 84, 86]. 

Several studies have investigated the cognitive impact of GenAI assistance using 

EEG, particularly in the context of cognitive load, cognitive offloading, and AI anthro-

pomorphism. Schulz and Knierim [84] and Schulz et al. [25] investigated the dynamics 

of cognitive load and how GenAI assistance affects users' cognitive functions during 

knowledge work, contributing to discussions on the role of GenAI in improving produc-

tivity and cognitive automation [3, 93, 94]. Similarly, Ritz et al. [23] investigated 

whether GenAI facilitates cognitive offloading, a process by which individuals mini-

mize cognitive effort by delegating tasks to AI systems [24]. Beyond cognitive effi-

ciency, research has also explored the anthropomorphic properties of GenAI, particu-

larly in human-chatbot interactions. Chang et al. [86] investigated how personality traits 

influence user behavior toward GenAI-powered e-commerce chatbots, providing in-

sights into human-AI interaction in digital service environments. 

Overall, these studies highlight the importance of EEG in NeuroIS research, provid-

ing a neurophysiological perspective on cognitive adaptation, automation, and AI-me-

diated decision making. Such findings can contribute to broader discussions on how 

GenAI influences cognitive efficiency, human-machine collaboration, and trust in AI-

driven decision support systems. 

Domain 3: Multimodal Approaches – Multimodal approaches combine ANS and 

brain imaging measures to provide a comprehensive understanding of cognitive and 

neural processes during GenAI interactions. In this domain, two studies were identified 

that integrated EEG with ANS-related physiological measurements [88, 89].  
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Hartanto et al. [89] combined EEG data with eye-tracking measures to assess the 

aesthetics of AI-generated architectural designs, highlighting how neurophysiological 

responses contribute to aesthetic perception in AI-assisted creative processes. Zhang et 

al. [88] collected neurophysiological data, including EEG and eye gaze, to investigate 

how human cognition aligns with LLM-generated semantic inferences in reading com-

prehension tasks. 

Overall, these studies highlight the value of multimodal NeuroIS research and 

demonstrate how the integration of physiological and brain measures enhances our un-

derstanding of perceptual and cognitive responses to GenAI. Such findings can contrib-

ute to broader discussions about AI-enhanced creativity and cognitive adaptation to AI-

generated content. 

Discussion and Concluding Remarks 

This study provides a retrospective review of NeuroIS measures for the study of GenAI, 

identifying their measurement methods to provide a structured overview of the existing 

literature. While ANS measurements and brain imaging have been used to investigate 

cognitive load, trust, or decision making, the field is still in its infancy. Our contribution 

is to categorize existing studies into distinct NeuroIS methodological clusters, including 

ANS, brain imaging, and multimodal approaches. These findings provide a structured 

foundation for future research that goes beyond traditional IS methodologies toward a 

more comprehensive understanding of the cognitive and emotional effects of GenAI. 

These findings provide a structured foundation for future research that moves be-

yond traditional IS methodologies toward a more comprehensive understanding of the 

cognitive and emotional effects of GenAI. At the same time, our categorization using 

Riedl and Léger's [40] classification framework into ANS, brain imaging, and multi-

modal methodological clusters highlights the emerging diversity of NeuroIS ap-

proaches to the study of GenAI. However, a closer look at empirical studies reveals an 

uneven focus on cognitive (e.g., [84]) and affective processes (e.g., [86]). Most research 

to date has emphasized cognitive mechanisms such as cognitive load (e.g., [25, 84]), 

cognitive offloading (e.g., [23]), and visual attention (e.g., [85]), particularly through 

eye-tracking [44, 73, 75, 77, 79, 81–83, 85, 87] and EEG [23, 25, 43, 76, 78, 84, 86]. 

These studies provide valuable insights into how users allocate mental effort when in-

teracting with GenAI, especially in contexts such as decision support (e.g., [78]) and 

knowledge work (e.g., [25]).  

Other equally relevant processes such as emotional arousal, trust dynamics over 

time, or motivational commitment have received comparatively less attention. Affec-

tive responses have only been investigated in a limited number of studies, such as those 

using eye-tracking combined with facial expression analysis (e.g., [74]) or galvanic skin 

response (e.g., [80]). While some studies implicitly address trust and engagement, such 

as investigations of user ambivalence towards AI-generated reviews (e.g., [44]), per-

ceived credibility of AI-generated content (e.g., [85]), or cognitive effort during 

knowledge work (e.g., [25, 84]), these aspects remain fragmented. Multimodal ap-

proaches, which could provide a more holistic understanding of emotional and motiva-

tional responses, are still rare (e.g., [88, 89]). Accordingly, the affective dimensions of 
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GenAI interaction, such as emotional resonance, persuasiveness, and evolving trust in 

AI-generated content, represent promising but notably underexplored areas in NeuroIS 

research. 

Despite these advances, several gaps remain that provide opportunities for future 

research. A major limitation is the lack of hormone-based studies that could provide 

deeper insights into the physiological responses associated with GenAI interactions. 

Biomarkers such as cortisol (stress) and oxytocin (trust) have been used in broader 

NeuroIS contexts, but remain unexplored in GenAI research [40, 41, 95]. Future studies 

could utilize these measures to investigate stress and cognitive effort in human-GenAI 

collaboration, particularly in settings characterized by human augmentation and auto-

mation [5, 16, 21]. Moreover, while EEG and eye-tracking provide real-time insights, 

their spatial resolution is limited [40]. Implementation of fNIRS or fMRI could deepen 

our understanding of brain structures involved in GenAI-driven decision making. As 

GenAI and LLMs continue to advance [96–98], these agentic information systems are 

becoming increasingly autonomous, making it essential to understand how GenAI in-

fluences perceived agency in delegation scenarios [99, 100]. 

The integration of neurophysiological measurements into GenAI research represents 

a promising direction for NeuroIS. By employing a broader range of methodologies, 

future research can refine our understanding of GenAI’s cognitive and emotional ef-

fects (for a review of applications and opportunities of GenAI in NeuroIS research, see 

[35]). These insights will support the development of user-centered GenAI systems 

[30], optimizing collaboration [101], trust [13], and well-being [102]. As the field ma-

tures, NeuroIS has the potential to guide the responsible design and deployment of 

GenAI technologies, ensuring they enhance rather than disrupt human cognition and 

psychological well-being. 
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Abstract. Research in Neuro-Information Systems (NeuroIS) integrates neuro-

science methods with Information Systems (IS) research to advance our under-

standing of human-technology interactions. As neurophysiological data collec-

tion methods evolve, the analysis of large and complex data sets remains a sig-

nificant challenge. Generative Artificial Intelligence (GenAI) offers new oppor-

tunities for NeuroIS by improving data analysis, experimental design, and inter-

pretation of neural patterns. This paper systematically reviews 56 studies apply-

ing GenAI in NeuroIS and identifies five main research themes: (1) GenAI for 

Autonomic Nervous System Measurements, (2) GenAI for Brain Research, (3) 

GenAI for General Applications, (4) GenAI for Genetics, and (5) GenAI for Mul-

timodal Approaches. Our findings highlight how GenAI improves data interpre-

tation, integration, and processing while streamlining the use of research meth-

ods. Overall, this review underscores the transformative potential of GenAI in 

NeuroIS, paving the way for scalable, precise, and dynamic research methodolo-

gies in the field.  

Keywords: Generative AI (GenAI) · Human-AI Interaction · Neuro-Information 

Systems (NeuroIS) · Neurophysiological Measurements · Literature Review 

Introduction 

Advances in neurophysiological measurement have deepened our understanding of hu-

man behavior [1], cognition [2], emotion [3], and performance [4] in information sys-

tems (IS) contexts. Neuro-Information Systems (NeuroIS), an interdisciplinary re-

search field at the intersection of neurophysiology and digital technologies, applies neu-

roscience and neurophysiological methods to better understand the development, use, 

and impact of digital technologies, including human-computer interaction and user be-

havior [5–8]. Based on neurophysiological theories and measurements, NeuroIS ena-

bles novel theorizing to analyze, explain, and design IT phenomena from a neuropsy-

chological perspective [9, 10]. These findings complement traditional IS research 
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methods by providing more objective physiological data, complementing the behav-

ioral and self-report studies [5, 9]. 

NeuroIS research employs a variety of neurophysiological measures, including au-

tonomic nervous system (ANS) markers (e.g., eye-tracking, heart rate variability), brain 

imaging methods (e.g., electroencephalography (EEG), functional magnetic resonance 

imaging (fMRI)), and hormone measurements [8, 9]. However, the analysis of brain 

data poses challenges, especially as temporal and spatial resolution increase along with 

data volumes [6, 11, 12]. In addition to cost and accessibility constraints, data extraction 

and analysis are labor-intensive and require expertise in both neuroscience and com-

puter science to accurately map theoretical constructs to neurophysiological measure-

ments [6]. As a result, researchers are increasingly turning to advanced data analysis 

techniques to streamline and improve this process. In particular, artificial intelligence 

(AI) and machine learning have proven valuable for identifying complex patterns, clas-

sifying neurophysiological data, and analyzing structural and functional medical im-

ages [13–15]. 

Generative AI (GenAI) offers unprecedented opportunities to advance NeuroIS re-

search beyond traditional data analysis [16]. Based on deep generative models such as 

large language models (LLMs), GenAI can generate, analyze, and process complex data 

patterns, transforming research methodologies in various scientific domains [17–19]. 

Its integration into NeuroIS research has already demonstrated significant potential for 

improving the efficiency and accuracy of data analysis. For example, advanced lan-

guage models and neural networks can process large amounts of neurophysiological 

data and identify patterns and correlations that would be difficult for human researchers 

to detect [20–22]. Beyond data analysis, GenAI is increasingly being used to support 

research activities, including optimizing experimental designs, generating experimental 

stimuli, and accelerating the development of artifacts across studies [23–26]. These ad-

vances offer promising opportunities for NeuroIS, enabling more efficient analysis of 

neurophysiological data, automation of experimental procedures, and deeper insights 

into complex neural patterns. 

Although previous work has explored GenAI from various perspectives, a system-

atic review of its contributions to NeuroIS has only recently been undertaken [16]. As 

a companion to these efforts, this study aims to systematically explore the applications 

and potential of GenAI as a methodological tool, focusing on its role in data analysis, 

experimental stimulation, and methodological innovation. By providing a comprehen-

sive overview, we aim to offer practical insights into how GenAI can be effectively 

integrated into NeuroIS methodologies, ultimately advancing the field's theoretical and 

empirical contributions. Specifically, this review addresses the following research 

question: How can GenAI enhance the NeuroIS research process?  

Review Methodology 

To examine the scope, range, and nature of existing research on the methodological 

integration of GenAI in NeuroIS, we conducted a scoping review to assess how GenAI 

can enhance NeuroIS research methods [27, 28]. We followed established 
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methodological guidelines for literature searches [29, 30] and included peer-reviewed 

journal and conference papers published in English, with no restrictions on publication 

year. 

Our literature review process consisted of three main phases: identification, screen-

ing, and selection. To increase transparency and methodological rigor, we followed the 

Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 

guidelines, as shown in Figure 1 [31, 32]. Overall, our review identified 56 papers rel-

evant to our research question, providing a foundation for analyzing the applications 

and opportunities of GenAI-based tools in NeuroIS research. 

 

Figure 1. PRISMA Flowchart of Literature Review  

Phase 1: Literature Identification – Our review builds on the work of Riedl et al. 

[33], which provides an overview of the development of the NeuroIS research field. 

Their study served as a guiding reference for our keyword selection strategy, ensuring 

alignment with recognized best practices for systematic literature reviews [29, 30] 

while encompassing the full scope of NeuroIS research. 

To conduct our literature search, we selected broadly representative terms from the 

NeuroIS domain (e.g., "nervous system", "neuro-information systems", "NeuroIS", 

"neuroscience") in combination with GenAI-related keywords (e.g., "generative artifi-

cial intelligence", "large language model", "GPT"). These terms were applied to the 

title, abstract, and keyword fields, supplemented with synonyms and wildcard operators 
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to capture a wide range of relevant papers [33]. Notably, this methodological frame-

work has been used successfully in recent NeuroIS literature reviews (e.g., [34–37]), 

demonstrating its effectiveness in systematically identifying relevant papers and main-

taining consistency and reproducibility in addressing our research question. 

To cover both the methodological developments enabled by GenAI and the broader 

field of NeuroIS, we conducted a systematic search of several academic databases, in-

cluding ACM, AIS eLibrary, and Web of Science. This approach ensured broad cover-

age of peer-reviewed journal articles and conference proceedings in the fields of Neu-

roscience, IS, Computer Science, and AI. Moreover, we conducted a manual search 

across all NeuroIS Retreat proceedings [38–47] to identify relevant papers focusing on 

GenAI. Through this process, we initially retrieved 609 articles, forming the basis for 

subsequent screening and selection. 

Phase 2: Literature Screening – We used a systematic screening process to identify 

articles that specifically investigated or implemented GenAI methods in NeuroIS re-

search. After the literature identification phase, our initial dataset consisted of 609 arti-

cles. Prior to title and abstract screening, we removed ten duplicate entries, reducing 

the dataset to 599 unique articles. During the screening process, we excluded 435 arti-

cles that were not thematically aligned with our research focus. Moreover, four non-

English papers were removed (n=4; e.g., [48]). 

To ensure relevance and methodological consistency, we conducted a full-text eligi-

bility assessment of the remaining 174 papers using the following inclusion (IC) and 

exclusion (EC) criteria: 

¶ IC1: Papers had to be written in English and focus the application of GenAI 

to enhance NeuroIS research processes. 

¶ IC2: Papers had to incorporate neurophysiological measurement methods in 

their investigation. 

¶ IC3: Papers were required to advance NeuroIS research, rather than simply 

examining GenAI as a phenomenon or object of study. 

¶ EC1: Papers were excluded if they did not meet IC1, including papers not 

directly relevant to NeuroIS and GenAI applications (e.g., [49, 50]). Moreo-

ver, papers without neurophysiological measurements were removed (n=67; 

e.g., [51, 52]), as were those that did not incorporate GenAI technology (n=36, 

e.g., [53, 54]). Finally, papers that focused on GenAI as an object of study 

rather than as a methodological advancement for NeuroIS research were ex-

cluded (n=16; e.g., [55, 56]). 

 

After applying these criteria, 45 papers remained for detailed analysis. 

Phase 3: Literature Selection – The remaining papers underwent a comprehensive 

full-text review to assess their relevance and contribution to the understanding of 

GenAI applications in the NeuroIS research process. To further expand our dataset, we 

performed backward (reference) and forward (citation) searches [29, 30], which iden-

tified eleven additional relevant papers (e.g., [57, 58]). 
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As a result, our final dataset included 56 papers that explicitly examined the appli-

cation of GenAI methods to NeuroIS research, representing the state of the field as of 

February 2025. 

Review Results 

In this section, we present the main findings of the literature review and outline the 

main research themes identified in the application of GenAI in NeuroIS research. To 

systematically analyze the selected studies, we conducted a thematic categorization 

process following established methodologies for qualitative research [59–61]. 

Our methodology involved an iterative process of data extraction, classification, and 

refinement to ensure that the themes captured the breadth of existing applications. First, 

we reviewed the identified literature and extracted core applications of GenAI across 

NeuroIS domains. We then applied inductive coding [62] to group studies based on 

common methodological approaches and research objectives, resulting in an initial 

classification of themes. These preliminary themes were reviewed for coherence, ad-

justed to ensure clear conceptual boundaries, and refined into five overarching catego-

ries through an iterative thematic refinement process [63]. 

Overall, our analysis (see Table 1) reveals five main research themes in the applica-

tion of GenAI in the NeuroIS research process. Below, we provide a detailed discussion 

of each theme and its relevance to the field. 

Theme 1: GenAI for Autonomic Nervous System Measurements – GenAI advances 

ANS and physiological measurements by improving automated diagnostics, cognitive 

workload assessment, and emotion recognition. In ECG analysis, GenAI improves ar-

rhythmia detection, cardiovascular diagnosis, and treatment decision making. Fu et al. 

[57] present CardioGPT, an ECG interpretation model that automates diagnosis through 

natural language-based ECG analysis, while Günay et al. [64] compare LLMs such as 

GPT-4 and Gemini against cardiologists in ECG interpretation and demonstrate com-

petitive accuracy. Moreover, Yu et al. [65] explore zero-shot ECG diagnosis using re-

trieval-enhanced LLMs, showing promise for AI-driven cardiovascular assessment. 

GenAI also facilitates real-time cognitive workload detection by integrating eye-

tracking and physiological indicators, enabling low-interference classification of men-

tal effort in high-stakes environments. Gao et al. [66] present WorkloadGPT, an LLM-

based model for real-time pilot workload assessment, while Li and Holly [67] explore 

the use of eye gaze analysis to assess programming skills. Furthermore, Upadhyaya et 

al. [68] apply multi-view eye movement recordings for early amblyopia detection, high-

lighting the potential of GenAI in cognitive and visual workload research. 
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Table 1. Overview of GenAI Applications in the NeuroIS Research Process 

Theme Description Reference(s) 

GenAI for Autonomic 

Nervous System  

Measurements 

GenAI advances the analysis of ANS activity by automating ECG in-

terpretation, cognitive workload assessment, and emotion recognition. 

By leveraging large-scale language models and multimodal data pro-

cessing, it improves cardiovascular diagnostics, eye-tracking analysis, 

and affective computing, enabling scalable, accurate, and context-

aware insights in NeuroIS research. 

[57, 58, 64–85] 

GenAI for Brain  

Research 

GenAI advances brain imaging by using large-scale language models 

and GenAI to decode neural activity, process neuroimaging data, and 

improve diagnostic accuracy. Through applications such as fMRI-

based brain decoding, PET/MRI synthesis, and AI-assisted medical 

imaging, GenAI is advancing our understanding of brain function, dis-

ease progression, and clinical decision-making in NeuroIS research. 

[22, 86–103] 

GenAI for General  

Applications 

GenAI advances scientific discovery, clinical decision-making, and 

data-driven diagnostics by leveraging large-scale language models 

and multimodal AI techniques. From neuroscience literature synthesis 

to medical image classification, hematology diagnostics, and mental 

health assessments, GenAI improves data processing, personalized 

healthcare solutions, and insights across diverse NeuroIS applications. 

[21, 51, 104–

109] 

GenAI for Genetics GenAI advances genetic research by analyzing complex molecular 

and morphological datasets to predict cellular processes and uncover 

biological mechanisms. By integrating spatial and transcriptomic data, 

GenAI advances our understanding of genetic influences on health, 

with applications in personalized medicine, regenerative therapies, 

and NeuroIS-related studies on cognitive and neurological disorders. 

[50] 

GenAI for  

Multimodal  

Approaches 

GenAI advances NeuroIS research by integrating and analyzing mul-

timodal data, including physiological signals, facial expressions, and 

audio, to improve emotion recognition and mental health assessment. 

By leveraging large-scale language models, GenAI enables accurate, 

scalable, and context-aware analysis of psychological and neurologi-

cal states. 

[110–113] 

Beyond diagnostics, GenAI plays a critical role in emotion recognition by analyzing 

facial expressions, micro-expressions, and multimodal data. Bian et al. [77] apply deep 

learning and multimodal LLMs for naturalistic facial expression analysis, while Shao 

et al. [72] introduce hierarchical fusion techniques to improve micro expression recog-

nition. In human-computer interaction, Pereira et al. [73] explore empathetic conversa-

tional agents with computer vision, and Lian et al. [70] present GPT-4V's zero-shot 

capabilities for generalized emotion recognition. These developments advance social-

emotional learning and AI-based behavior analysis [58]. 

By combining physiological and behavioral data, GenAI enables automated health 

monitoring, improving diagnostic accuracy and personalization in NeuroIS research. 

Kim et al. [71] introduce Health-LLM, which leverages wearable sensor data for health 
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prediction, while Ma et al. [69] review the role of GenAI in human emotion recognition, 

reinforcing its potential for real-time mental and emotional state assessment. 

These advances position GenAI as a transformative tool for interpreting autonomic 

and physiological data to support clinical decision making, behavioral analysis, and 

cognitive research [64, 75]. 

Theme 2: GenAI for Brain Research – GenAI advances brain imaging by improving 

MRI classification, brain signal interpretation and neural response prediction. In MRI 

analysis, GenAI improves classification accuracy for pre-treatment, post-treatment, and 

non-tumor cases, streamlining clinical workflows and automating feature extraction 

from radiology reports. Kanzawa et al. [89] and Le Guellec et al. [100] demonstrate the 

potential of LLMs in radiology report processing, while Grillo et al. [95] explore ex-

plainable AI interfaces for MRI segmentation. Moreover, Yoon et al. [97] show how 

latent diffusion models improve MRI-based prognostication for mild cognitive impair-

ment and Alzheimer's disease, thereby increasing diagnostic accuracy. 

Beyond imaging, GenAI is improving neural decoding and brain-computer inter-

faces. As an example, Ozcelik and VanRullen [99] and Antonello et al. [101] show how 

latent diffusion models reconstruct complex fMRI images, supporting applications in 

cognitive neuroscience. Furthermore, Gomes de Novais and Leal [87] show how GenAI 

improves P300 event-related potential classification, supporting assistive communica-

tion technologies. In psychiatric research, GenAI enables new approaches to addiction 

treatment and mental health diagnostics. For instance, Gong et al. [92] leverage GenAI 

to analyze fMRI data for identifying nicotine-related brain circuits, contributing to ad-

diction treatment strategies. Meanwhile, Xia et al. [103] explore GenAI-driven syn-

thetic PET/MRI image generation to simulate psychiatric conditions, aiding disease 

visualization and therapy development. 

GenAI also enhances speech processing research by mapping neural responses to 

speech stimuli. Bruera et al. [98] analyze fMRI and MEG data using GPT-2, providing 

insights into the brain's representation of language. 

These applications highlight the growing impact of GenAI on neuroimaging and 

neuroscience, improving diagnostic accuracy, neurotechnology, and our understanding 

of brain function [86]. 

Theme 3: GenAI for General Applications – GenAI advances scientific discovery 

and clinical applications by enabling large-scale data processing, synthesis, and inter-

pretation across domains. For example, in scientific research, it accelerates knowledge 

discovery by integrating neuroscience literature and improving experimental predic-

tions. Luo et al. [21] show that LLMs outperform human experts in predicting neuro-

science outcomes, aiding experimental design and hypothesis generation. Moreover, 

GenAI is being applied to brain data processing to infer mental content, supporting 

applications such as speech rehabilitation and novel communication methods.  

However, ethical concerns remain, particularly regarding claims of direct mind read-

ing capabilities. Rainey [107] highlights the importance of responsible interpretation 

and the potential risks associated with such technologies. Another example is clinical 

decision making, where GenAI enhances multimodal data integration, improving diag-

nostics and personalized medicine. AlSaad et al. [105] discuss its role in efficient 
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knowledge retrieval, while Cai et al. [51] evaluate the performance of GPT-4o in rec-

ognizing blood cell morphology, demonstrating its potential in AI-assisted hematology. 

Similarly, Guo and Wan [106] show how multimodal LLMs contribute to tumor clas-

sification and AI-assisted medical imaging. 

Beyond diagnostics, GenAI supports biochemical health assessments by analyzing 

complex medical data. Kiriakedis et al. [108] illustrate how ChatGPT processes 24-

hour urine collection data to provide personalized dietary recommendations, advancing 

precision medicine and digital health solutions. In mental health, GenAI enables scala-

ble depression detection by analyzing user-generated diary text, providing an objective 

method for identifying emotional states, as validated by Shin et al. [109]. 

These developments demonstrate the potential of GenAI to improve knowledge syn-

thesis, AI-driven diagnostics, and patient-centered decision making. While applications 

such as blood morphology recognition [104] illustrate its promise, further refinements 

are needed to ensure clinical reliability and ethical integrity. 

Theme 4: GenAI for Genetics – GenAI advances genetic research by integrating tran-

scriptomic and morphological data at the cellular level, as demonstrated in bone re-

search by Lu et al. [50]. Their study shows how GenAI can link single cell molecular 

profiles with morphological features to reveal the dynamics of cell differentiation and 

cellular responses to perturbations. More broadly, this approach improves the predic-

tion of cellular processes and enhances our understanding of complex biological mech-

anisms. These insights have significant potential for personalized medicine and regen-

erative therapies, enabling targeted therapeutic strategies. 

This application of GenAI in genetics demonstrates its ability to process and inter-

pret large, high-dimensional data sets, ultimately supporting biomedical research and 

precision medicine. 

Theme 5: GenAI for Multimodal Approaches – GenAI advances multimodal data 

analysis in NeuroIS research by integrating diverse physiological and behavioral sig-

nals. For example, Bhatlawande et al. [110] demonstrate how GenAI improves multi-

modal emotion recognition by fusing vision, EEG, ECG, and EMG signals to generate 

structured reports, increasing the scalability and efficiency of emotion research. Beyond 

emotion recognition, GenAI advances mental health assessments by leveraging multi-

modal data sources. Hu et al. [111] explore how LLMs can evaluate EEG-based multi-

modal data, incorporating audio and facial expression analysis to improve classification 

accuracy for psychological and neurological disorders. 

By enabling the automated interpretation of complex multimodal signals, GenAI un-

derscores its potential to advance personalized healthcare solutions, behavioral analy-

sis, and neurophysiological research. 

Discussion and Concluding Remarks 

NeuroIS research plays a critical role in understanding the interplay between human 

cognition and IS systems, providing valuable insights for designing more effective and 

user-centered technologies [114]. As GenAI rapidly evolves, its integration into Neu-

roIS methodologies and the NeuroIS research process offers new opportunities to 
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enhance the analysis of neurophysiological data, enabling deeper and more accessible 

investigations. Our literature review highlights this growing adoption, particularly in 

ANS measurements, brain imaging, and multimodal approaches, where GenAI im-

proves pattern recognition [64, 75], image reconstruction [86, 90, 91], and classification 

of neurophysiological data [87, 97], while reducing the expertise and time required for 

analysis [89, 95]. 

Our study contributes to NeuroIS research by providing a comprehensive synthesis 

of 56 studies applying GenAI to neurophysiological measurements, providing a struc-

tured understanding of its current applications. Moreover, we outline how GenAI can 

contribute to the development of the NeuroIS field, including the development of spe-

cialized GenAI models for neurophysiological data analysis [110], real-time adaptive 

experiments [66], and human-GenAI collaboration [58]. These advances can push the 

boundaries of NeuroIS methods and lower the barrier for future scientists to engage in 

AI-driven research approaches. 

Despite these advancements, challenges remain, particularly regarding the ethical 

implications of integrating GenAI into NeuroIS research. Future studies should address 

issues such as explainability, model biases, and data privacy, ensuring responsible and 

transparent AI adoption in neurophysiological research [23, 24]. 

To take full advantage of these advances, NeuroIS researchers must actively engage 

with GenAI innovations and refine methodologies to gain deeper insights into human-

technology interactions. By systematically integrating GenAI, NeuroIS can move to-

ward more precise, scalable, and dynamic research approaches, ultimately contributing 

to the development of intelligent and adaptive information systems. Together with the 

results of the companion paper, which provides an overview of how neurophysiological 

measurements can be applied to the study of GenAI [16], we hope that this work will 

stimulate further discourse on the methodological role of GenAI in advancing NeuroIS 

research. By focusing on GenAI as a methodological tool, this study complements the 

literature review and aims to inspire future contributions to this rapidly evolving field. 

Finally, we would like to point out that in this article we take a broad interpretation 

of the research field of NeuroIS, partly because clinical and genetic application contexts 

are also discussed. We consider this broadening of the field to be appropriate, as there 

is a general tendency in IS research to expand from predominantly economic applica-

tions to societal phenomena in general. However, future research should more fully 

explore the boundaries of NeuroIS research, which have only been hinted at here. 
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Abstract. Generative AI (GenAI) is increasingly used in education, yet it often 

fails to account for learners’ cognitive load, potentially leading to overload. To 

address this challenge, we propose EyeGPT, an eye-tracking-adaptive zero shot 

GenAI assistant that dynamically adjusts its responses based on users' cognitive 

load. We initially tested its feasibility with five participants. To explore its im-

pact, we propose a controlled lab study where participants without programming 

experience complete two programming tasks under different AI conditions: (1) 

an adaptive GenAI assistant using eye-tracking data and (2) a conventional 

GenAI assistant. By integrating biosignals into AI-driven learning, this study ex-

plores how real-time adaptations can enhance learning efficiency and mitigate 

cognitive strain, offering insights for the development of intelligent, user-cen-

tered educational AI systems. 

Keywords: Generative AI · Cognitive Load · Adaptive Learning · Eye Tracking 

· Programming Education 

Introduction 

Large Language Models (LLMs) and resulting generative artificial intelligence 

(GenAI) systems have dramatically transformed content generation and information 

processing [1, 2] thereby also supporting learning and education [3, 4]. Yet, these pow-

erful models remain limited in their ability to account for the dynamic cognitive and 

affective states of users. Although GenAI systems can increase user engagement and 

promote a higher germane load [5] – thereby facilitating deeper learning – they often 

generate lengthy, contextually extraneous responses that can overwhelm users and hin-

der effective communication [6–8]. This disconnect highlights a critical gap: while the 

models excel in processing and generating information, they typically lack the mecha-

nisms to adjust output based on the nuanced internal states of their users. This is par-

ticularly critical when GenAI is used as learning assistance, as learners are potentially 

experiencing high cognitive load, with an adaptive assistance system fostering the 

learning process [9, 10].  

Recent research suggests that LLMs are capable of processing and understanding 

biosignal data [11–13]. Incorporating these data, such as eye gaze, into the reasoning 

processes of GenAI models and leveraging the latent knowledge embedded in these 

systems, it becomes possible to infer cognitive states from biosignals and dynamically 

adapt responses to match users’ current cognitive states. For instance, eye tracking can 
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detect comprehension difficulties and trigger real-time content simplifications, as seen 

in gaze-driven systems for language learners [14]. The proposed adaptive approach has 

the potential not only to mitigate the risk of cognitive overload but also to reinforce the 

positive effects of engagement by ensuring that information is delivered in a manner 

tailored to the user’s cognitive and affective conditions. This paper addresses the fol-

lowing research question (RQ):  

How can generative AI models, informed by eye tracking data, utilize 

zero shot learning to adapt their responses in real time according to the 

cognitive states of users?  

By exploring this question, we aim to establish a foundation for developing user-

centric GenAI systems that are adaptive and effective in delivering optimal educational 

and informational outcomes. 

Related Work 

Cognitive Load and Learning. Cognitive Load Theory (CLT) provides a founda-

tional framework for understanding how cognitive demands influence learning out-

comes [15, 16]. CLT distinguishes between intrinsic load, determined by task complex-

ity; extraneous load, caused by ineffective instructional design; and germane load, as-

sociated with schema construction and knowledge integration [17]. Crucially, the rela-

tionship between cognitive load and learning typically follows an inverted-U shape: 

low cognitive load can lead to insufficient engagement and suboptimal learning, while 

excessive load can cause cognitive overload, impairing performance [15, 18]. More 

specifically, increasing task difficulty under low load as well as decreasing difficulty 

under high load has been identified as a strategy for achieving optimal learning [19]. 

However, Nihalani and Robinson [20] outline that optimal load depends on the context 

– while groups benefit from higher load, individual learners strive under lower load 

levels. 

Generative AI and Cognitive Load. The rise of GenAI in various domains has 

sparked interest in its influence on cognitive load. Research suggests it can both allevi-

ate and exacerbate cognitive demands, depending on its application. GenAI facilitates 

cognitive offloading by aiding critical analysis and information synthesis [21, 22] and 

enhances learning experiences by fostering creativity and critical thinking, while also 

reducing cognitive load through the generation of personalized content and automated 

assessments [23, 24]. However, over-reliance on AI systems may reduce engagement 

and agency, particularly in decision-making [5], which may ultimately lead to skill ero-

sion [25]. Studies also indicate that GenAI does not always lower cognitive demands 

[26] and can even contribute to cognitive overload in complex tasks or poorly managed 

interactions [27]. These insights highlight the dual role of GenAI in shaping cognitive 

load – supporting cognitive processing while posing challenges for user autonomy and 

cognitive engagement. 

Eye-Based Cognitive Load Detection. Eye tracking has become a valuable tool for 

detecting cognitive states like cognitive load [28]. Cognitive load is defined by Sweller 

[29] as "the load that performing a particular task imposes on the cognitive system" (p. 

266). Eye tracking methodologies have proven effective in measuring cognitive load 
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across various studies [28, 30–32]. Several ocular features can indicate cognitive load 

[30], including pupil dilation [33, 34], saccades [32, 35, 36], blink rate [32, 35–37], and 

fixations [32, 35, 36, 38]. Among these, pupil dilation is the most frequently used indi-

cator [30]. Numerous studies have established a relationship between pupil dilation and 

task complexity [30, 36, 39–41] and used pupil dilation for load classification purposes 

[28, 33, 34]. However, pupil dilation is sensitive to lighting, prompting models to inte-

grate ambient adjustments [40, 42, 43]. Alternatives like micro-saccades and smooth 

pursuit tracking reduce this dependency but often require advanced eye-tracking [36, 

39, 44]. Many studies additionally adopt the approach of combining pupil dilation with 

other eye-tracking metrics to reliably assess cognitive load [28, 35, 36, 45]. 

Eye-Based System Adaptations. Eye-tracking data has also been explored for adap-

tive interfaces and systems, enabling real-time adaptation based on users' cognitive 

states. Prior research has demonstrated adaptive systems that dynamically simplify tex-

tual content based on gaze data [14] and proposed real-time gaze-informed feedback to 

support situational awareness during writing tasks [46]. Eye-tracking can also support 

adaptive learning environments by providing ChatGPT-generated summaries when 

learner engagement decreases [47] or adjusting instructional materials based on learn-

ers' cognitive states [48, 49]. The rise of webcam-based eye tracking further enhances 

accessibility for real-time cognitive state assessment [45, 50]. 

Zero-Shot Learning for Biosignal-Based Cognitive State Detection. LLMs are 

particularly successful in zero-shot tasks, i.e., understanding and categorizing without 

having seen examples for the specific categorization [51]. In zero-shot learning, a 

model leverages its pre-existing general knowledge, acquired through extensive train-

ing on diverse tasks, to correctly perform a new classification task without additional 

training examples. This concept has been explored for biosignal analysis, with studies 

demonstrating LLMs’ ability to process biosignal data, in heath applications [11, 52, 

53]. Recent work has also investigated the use of LLMs for analyzing biosignals and 

brain activity, underlining their potential for accurate real-time assessment of cognitive 

states in diverse environments [12, 13]. These advancements highlight the growing po-

tential of LLMs to contribute to cognitive state detection through the analysis of biosig-

nal data. 

System Architecture 

The proposed system architecture for EyeGPT integrates high-fidelity eye tracking 

with adaptive generative AI to enable real-time cognitive load assessment and response 

adaptation (see Fig. 1). Drawing on established methodologies for measuring cognitive 

load through ocular metrics [28, 30–32], the system is implemented as a modular web 

application build in Python1 and using the Flask2 package for handling web requests 

and managing server-side logic, and comprises two primary components. 

 
1 https://www.python.org/ 
2 https://flask.palletsprojects.com/en/stable/ 

https://www.python.org/
https://flask.palletsprojects.com/en/stable/
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At the core of the architecture is the Eye-Tracking and Brightness Monitoring mod-

ule. This subsystem utilizes a Tobii3 device with a research license to capture precise 

ocular data, with pupil dilation serving as the central indicator for cognitive load detec-

tion [54]. An initial fixation cross phase establishes a resting baseline by recording an 

individualized average pupil size [55]. To dynamically adapt during tasks, an exponen-

tial rolling average with an alpha value of 0.05 is calculated, allowing for more respon-

sive detection of cognitive fluctuations [55]. Subsequent pupil dilation measurements 

are computed as the average over a 5-second time window, which has been shown to 

effectively capture changes in cognitive load during complex tasks [56]. In addition to 

pupil dilation, fixation durations, saccade events, and blink rates are recorded to support 

the interpretation of cognitive states [54]. Recognizing the significant influence of am-

bient lighting on pupil size, a dedicated brightness monitoring component continuously 

captures screen images to compute overall and region-specific brightness averages, en-

suring that environmental variations are appropriately accounted for in the analysis 

[57]. This adjustment is crucial, as environmental luminance can significantly distort 

pupil size measurements and cognitive load interpretations [58]. 

The second component is the adaptive GenAI Integration module. Inspired by recent 

advances in adaptive interfaces [30, 32] and zero shot learning for biosignal-based cog-

nitive state detection [12, 13], this module processes the computed eye-tracking and 

brightness metrics to derive actionable recommendations. Adopting from multi-agent 

systems, a GPT4-o instance analyses the data and derives an actionable response rec-

ommendation for a second ChatGPT4-o instance that answers the user’s request. This 

allows the system to modulate its output style in accordance with the user’s cognitive 

state, enabling dynamic modulation of response complexity, optimizing human–com-

puter interactions for enhanced comprehension and engagement. 

Together, these components form a cohesive framework that rigorously computes 

and interprets key ocular and environmental metrics, thereby enhancing the precision 

of cognitive load detection and facilitating adaptive response generation in complex, 

dynamic contexts. To assess the initial usability and adaptation mechanisms of the sys-

tem, a preliminary study was conducted with five participants in a natural work setting. 

Participants performed various tasks using the adaptive AI and provided feedback. 

While all confirmed correct functionality, only two noticed differences, finding answers 

"easier than usual" but expressing concerns about missing details. Suggested improve-

ments included increasing transparency in response generation and providing an option 

to expand concise responses into more detailed explanations upon request. 

 

 
3 https://www.tobii.com/ 

https://www.tobii.com/
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Fig. 1. System Architecture of EyeGPT 

Study Proposal 

To investigate the impact of zero shot adaptive GenAI on cognitive load in program-

ming learning, we propose a controlled lab study with a within-subject design. Partici-

pants complete two distinct programming-related tasks under different conditions: (1) 

receiving assistance from EyeGPT, an eye-tracking-adaptive GenAI assistant, or (2) 

using a conventional GenAI system, both utilizing the same LLM. 

Task Design. The study targets individuals without prior programming experience, 

ensuring a controlled assessment of AI-assisted learning. After an initial warm-up phase 

where the participants get acquainted with the system and learn the basics of Python 

programming, they will perform two tasks with the main goal of learning about the 

respective programming task: (1) Basic Data Analysis in Jupyter Notebook: Partici-

pants will analyze a small dataset using Python. They will perform simple operations 

such as filtering data, calculating averages, and generating basic visualizations. (2) 

Writing a Simple Function for Text Processing: Participants will write a basic Python 

function to manipulate text, such as counting word frequencies or cleaning textual data. 

Each task is followed by a short assessment to ensure that participants have understood 

the underlying programming concepts and can apply them, rather than merely using the 

generative AI assistant to complete the tasks. 

Treatments. Each participant will complete both tasks in a random sequence. In the 

adaptive AI condition, they will interact with the eye-tracking-adaptive generative AI 

model, which dynamically adjusts its responses based on the participant's visual atten-

tion and engagement. In the conventional AI condition, participants will use a standard 
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generative AI system that provides assistance without adaptive features. The systems 

are randomly assigned to the two tasks. 

Measurements. To assess user experience, we will employ established psychomet-

ric instruments, including the Technology Acceptance Model (TAM) [59], User Expe-

rience Questionnaire (UEQS) [60], System Usability Scale (SUS) [61], and the Tech-

nology-based Experience of Need Satisfaction (TENS) scale [62]. Additionally, we will 

measure the cognitive load dimensions to assess the learning-related cognitive pro-

cesses during the system usage [63] and evaluate learning outcomes through a quiz on 

the programming concepts covered in the tasks. 

Sample and Procedure. The study will recruit participants from a student pool, ex-

plicitly selecting those without prior programming knowledge. The experiment will be 

conducted in a controlled lab setting, where participants will interact with the desig-

nated tools and complete post-task surveys to evaluate their experiences. Data analysis 

will focus on comparative assessments of cognitive load, usability, and overall user 

perception across the two conditions. 

By systematically comparing adaptive AI-assisted and conventional AI-assisted 

learning experiences, this study aims to provide insights into the effectiveness and cog-

nitive implications of generative AI in programming education. 

Discussion and Outlook 

The increasing integration of AI in education raises important questions about its 

impact on cognitive load and learning efficiency. In this work, we propose a controlled 

lab study to examine the impact of EyeGPT, an eye-tracking-adaptive zero-shot gener-

ative AI assistant, on cognitive load in programming education. Participants without 

prior programming experience will complete two tasks—data analysis and text pro-

cessing—under two conditions: adaptive AI assistance and conventional AI assistance. 

While this approach has the potential to reduce cognitive load and enhance learning, it 

also carries risks—if real-time adaptations are distracting or misaligned with users' 

needs, they could hinder rather than support learning [64, 65]. Our study aims to assess 

cognitive load, usability, and learning outcomes, providing insights into how EyeGPT 

adjusts assistance based on users' cognitive states and its impact on user experience and 

learning [66]. The findings from our study can inform the design of AI-driven tutoring 

systems that enhance learning while minimizing cognitive strain. While our preliminary 

user study showed that the system adapts to gaze data, we will conduct another pre-

study to assess the validity of the load assessment and adaptation. Furthermore, we will 

test and evaluate the programming tasks to be comparable and fit the target group’s 

level of knowledge. Future enhancements could include proactive assistance, where the 

system detects cognitive overload via eye tracking and offers help without a user re-

quest, as well as a feedback loop to refine response effectiveness and enhance transpar-

ency in system behavior. These additions could further improve such systems by mak-

ing assistance more adaptive and user centered. 
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Abstract. Advances in generative artificial intelligence (AI) have made virtual 

agents ubiquitous, leading to widespread disruption of higher education. Many 

are asking whether these agents will replace educators altogether. In this paper, 

we explore some of the literature on virtual agents and past work from the edu-

cational technology literature to outline one of the key limitations of educational 

virtual agents: their inability to generate social presence. We then provide reasons 

why the N400 event-related potential (ERP) may be sensitive to aspects of social 

presence and thus reflect associated perceptions of virtual teachers and virtual 

agents broadly. We conclude with a proposal for an experiment which could es-

tablish cognitive differences, as measured by N400 amplitude differences and 

their relationship to Cloze probability of phrase endings. This would also suggest 

that user expectations are important considerations in the effective design of vir-

tual teachers. 

Keywords: Artificial intelligence · Human-centered artificial intelligence · Ed-

ucational technology · Virtual agents · Virtual teachers · Social presence · Event-

related potential · N400 

Generative AI is Changing Education (or is it?) 

On November 30th 2022, ChatGPT was released for public use. What immediately fol-

lowed has been perceived by many to be an unprecedented disruption in education, the 

merits and challenges of which continue to be a focus of educators today [1]. Things 

that were once hard are now easy. In just a few clicks, students can use a generative AI 

tool to write an essay or prepare computer code that solves most of the algorithms ed-

ucators use to teach challenging concepts.  This has led many academic institutions to 

scramble and adopt policies ranging from outright bans to widespread support in 

courses and teaching [1]. 

 Some educators, however, have taken their reflection further and have even gone so 

far as to wonder whether the technology is poised to replace human teachers altogether 

[2]. After all, generative AI virtual agents like ChatGPT, Deepseek or Notebook LM 

can perform many of the tasks that were once uniquely the domain of a physical teacher. 

For example, these tools can generate lesson plans from academic essays that are pro-

vided to them, provide detailed feedback on student writing assessments, and even gen-

erate interactive multimedia such as podcasts. What need, then, do students have for 
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human educators, when there is so often little instructor attention paid to an individual 

student? A virtual teacher can do the same things but adapt its teaching to a student’s 

individual needs. 

 Believe it or not, we have been here before, and relatively recently. In 2011, entre-

preneurs Sabastian Thurn and David Evans (who were then associated with Stanford 

University) launched an online course on YouTube called Introduction to Artificial In-

telligence, which quickly gained hundreds of thousands of followers. Sal Kahn quickly 

followed with Kahn Academy. Within just a few months, similar courses were created 

in what became the Massive Open Online Course (MOOC) craze [3]. From the per-

spective of educators, this was very disruptive because it offered a low-cost or free 

alternative to the standard university offering. However, following a brief scramble to 

respond to the technology, it quickly became clear that the technology lacked key fea-

tures that made traditional university teaching effective. Studies of MOOCs completed 

in 2013 found that very few MOOC participants actually finished their courses and 

those who did tended to already have university degrees [4, 5], and over time the tech-

nology began to play a complementary role to the traditional model. 

 One major problem with MOOCs is that they are unable to retain user motivation 

[6]. As many educators know, it is often more challenging to motivate students to wish 

to learn and be inspired to develop good learning habits than it is to deliver content. 

The idea of a teacher as a motivator has deep roots in educational philosophy, not least 

in its importance to the cultural formation of the human mind [7]. From the perspective 

of information systems scholarship, this function has often been expressed through the 

construct of social presence, or the feeling of being socially connected to a teacher, 

often despite a technological medium like distance learning [8, 9]. Put simply, at least 

one reason MOOCs have not replaced teachers may be because MOOCs lack the social 

connection between a student and teacher which motivates and cultivates the student to 

learn in the first place. It should seem clear, then, why some educators are not concerned 

about the impact of generative AI on education. Even as the technology develops, there 

could be an insurmountable gap around the need for a human teacher, similar to the gap 

that a MOOC could not fill [2].  

 We posit that this is a limitation of generative AI virtual agents as they are designed 

today, not as they could potentially be designed. There are examples of educators who 

have cultivated online social presence in fantastic ways, which could potentially be 

replicated by a virtual agent. For example, on YouTube, there are educators like Derek 

Muller, who is the leader of the channel Veritasium, and has millions of viewers who 

consume the channel’s well-researched and engaging content. Muller has published an 

article on how dialogue, such as live chats on YouTube, can be used to enhance online 

learning outcomes [10]. Veritasium videos have inspired many students to pursue in-

dependent studies on a range of subjects in mathematics, psychology, and physics. It is 

plausible that a virtual agent could similarly leverage dialogue and rich multimedia to 

generate foster social presence with learners. It is therefore a live question whether it is 

possible to build a machine that could be present and perceived similarly to how an 

online human educator would. However, if social presence theory is correct, such a 

machine would need to be perceived as human or at least possess person-like qualities, 
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because only a human or person-like agent could form a personal connection with a 

student. 

 This is a subject which NeuroIS has something to contribute to. The N400 event-

related potential (ERP) is an electroencephalography (EEG) brain pattern which is 

found with many normal responses to common stimuli like images or words and is 

affected when some stimulus is perceived as out of place or mismatched [11].  A recent 

study investigated the N400 in response to human and virtual influencers to determine 

what causes people to follow their recommendations [12, 13]. A larger N400 was ob-

served for virtual than human influencers, consistent with past results associating the 

N400 with uncanniness [14]. Additionally, N400 amplitudes were significantly corre-

lated with behavioral ratings of uncanniness, humanness, and intentions to follow. The 

authors interpreted this in the context of a larger theory of the role of expectancy vio-

lation in affecting a user’s acceptance of an influencer’s recommendations. 

 Could the N400 be similarly adapted to measure social perceptions of an educa-

tional virtual agent in a chat context? Past research has found that differences in the 

N400 elicited by words in incongruent sentences can be muted when participants per-

ceive them to be uttered by an entity with agency, even when that agent is fictional like 

a talking peanut talking about its new girlfriend [15]. In that work, the authors estab-

lished that models of semantic consistency can be shaped by human perceptions about 

context, like perceiving a peanut as part of a narrative rather than food. It thus seems 

plausible that variation in the N400 may similarly reflect the perceived humanity of a 

chat interface. As such, it could be used to determine when people ascribe a virtual 

agent to have human-like qualities. This work could further advance understanding 

about the cognitive shift must take place when someone goes from using a technology 

to experiencing the presence of an agent. By adapting a common incongruent language 

presentation paradigm, we aim to answer the following questions: 

1. Is the N400 congruency effect for sentences (i.e., a larger N400 for words in-

congruent with the preceding sentence) mediated by whether people believe it 

was generated by a virtual agent? 

2. Is the N400 congruency effect positively associated with aspects of the user’s 

perceptions or attitudes such as: 

a. The perceived reliability of the sentence or, 

b. The perceived social presence of the agent or, 

c. The participant’s general attitudes towards AI? 

To the best of our knowledge, no existing study has used the N400 to assess perceptions 

of virtual educators, and there is only limited literature on the ERP responses to AI 

agents generally. The remainder of this paper describes an early-stage experiment on 

this subject and its expected contributions. We will conclude with a discussion about 

future work that could apply these findings to the greater virtual teacher problem. 
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Experiment Proposal 

Participants 

26 participants will be recruited to take part in a single-session within-subjects study at 

our laboratory. The number of participants was selected based on the N400 effects re-

ported in previous studies of AI-generated content [12]. Participants will be 17 years of 

age or over, fluent in English, with no history of neurological disorders and will not be 

taking medications that are known to affect EEG. Participants will receive either CAD 20 

or partial university course credit as compensation for their time. 

Stimuli and Design 

The main experimental stimuli consist of a series of pre-defined responses to queries 

related to the subject of venture capital. Given that the recruitment pool will consist of 

students registered in psychology courses, this is a topic that will be unfamiliar to most 

of the study participants and has been the subject of past EEG studies related to e-

learning technology [16]. The sentences are responses to pre-generated queries about 

venture capital which will be created by the research team. Responses to the queries 

will either be derived from Wikipedia (i.e., “human-generated”) or using the GPT o1 

model (“AI-generated”) and may consist of multiple sentences. The concluding words 

from each sentence will be assessed for cloze probability, which is the relative fre-

quency of the word appearing in the English language, associated with N400 amplitude 

[17]. The curated human-generated and AI-generated sentences will be assessed to en-

sure similar distributions, and variability, of cloze probability. In total, 100 sentences 

will be presented for each condition, or 200 presentations total, consisting of responses 

to 20 queries.  

 At the beginning of each query selection routine, participants will be told whether 

the response was created by an AI or a human by the presence of an icon and either a 

black or white fixation cross. The sentences will then be administered as a series of 

words which will each be presented for 750 ms, followed by a fixation cross of 500 ms. 

The fixation cross corresponds to a color representing either the human-generated or 

AI-generated conditions. The onset of each word will be labelled by the experimental 

software using TTL as to whether it is a concluding word (or not) and whether it was 

generated by AI or humans. Following the presentation of all the words in a block, 

participants will rate the sentence for perceived reliability, similarly to the process de-

scribed by Nissen et al. [12]. Unlike the prior study however, perceived reliability is 

investigated rather than perceived trustworthiness, to limit potential priming effects on 

the participants. Following the experiment, the participants will complete an ex post 

questionnaire concerning their experienced social presence [18] and general attitudes 

towards AI [19]. All stimuli for this paradigm will be created in PsychoPy [20]. Table 

1 summarizes the measures that we will investigate in this experiment. 
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Table 1. Summary of instruments that will be used in the EEG experiment.  

Measure Timing Source 

N400 amplitude Word onset Nissen et al. [12, 13] 

Sentence reliability Sentence completion Nissen et al. [12, 13] 

Social presence of human Experiment completion Bailenson et al. [18] 

Social presence of AI Experiment completion Bailenson et al. [18] 

General attitudes towards AI Experiment completion Kaya et al. [19] 

Procedure 

Participants will be informed of the exclusion criteria and complete a consent procedure 

before beginning the study. They will then be equipped with a 32-electrode EEG system 

(ActiCap, BraindProducts GmbH, Munich, Germany) positioned according to the in-

ternational 10-10 system. EEG data will be recorded at a sampling rate of 512 Hz using 

a Refa8 amplifier (ANT, Enschende, The Netherlands) and bandpass filtered between 

0.01 and 170 Hz using the OpenVibe software [21]. Participants will be able to select 

from a selection of the pre-generated queries on a screen, which will be followed by the 

pre-generated responses to the query. As the participant proceeds in the experiment, 

additional queries will become available to them until all the queries have been selected. 

By providing participants the ability to choose the flow of their queries, their experience 

will be similar to the process of making queries to a virtual agent. Participants will thus 

select the 20 queries and complete the 200 trials in an order of their choosing, after 

which they will undergo debriefing.  

Data Processing and Analysis 

EEG data be preprocessed using the MNE and autoreject Python libraries [22, 23]. The 

data processing pipeline involves: bandpass filtering from 0.1-40 Hz; segmenting con-

tinuous EEG into epochs from 200-1000 ms around each target word (incongruous or 

congruous control); using autoreject to remove channels and epochs with excessive 

noise; fitting independent component analysis to identify and remove ocular artifacts; 

further cleaning any residual noise with autoreject, and re-referencing to the average of 

channels TP9 and TP10. The N400 is measured as the mean amplitude between 300–

500 ms over channels Cz, Pz, Cp1 and CP2, and analyzed using the linear mixed effects 

modelling. Fixed effects will include label (AI/human) and congruency, as well as par-

ticipants’ ratings of perceived humanness, trustworthiness, and valence of the speaker. 

Random effects will include random intercepts by participants and random slopes for 

channels within participants. 

Expected Contribution and Future Work 

If this experiment is successful, we will have evidence that the perceptions of a chat 

agent’s humanness affects our understanding of what the agent can or can’t do. This 
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evidence would be a critical first step in establishing whether humans can perceive vir-

tual agent teachers as genuine teachers. By demonstrating that the link between percep-

tions of humans and virtual agents works similarly to the past work on fictional stories 

[15], we would further have grounds for believing that expectancy plays an important 

role in shaping the acceptance of virtual agent technologies [12]. The implications for 

social presence theory [9] are that we would provide a cognitive explanation for why 

perceived personalness and agency of a teacher affects learning outcomes.  

 After this experiment, we plan to conduct a second field study involving an actual 

AI educational tool. While EEG is useful, it is often very challenging to create an ex-

periment that can balance both the need for rigorous controls and ecological validity 

[24]. Building on methodological recommendations by Kirwan et al. [25], we will seek 

to complete a second study which takes a behavioral approach in a setting that is closer 

to the context of actual information technology use. The second study has not been 

developed, and we are currently conceptualizing approaches. The study can use a be-

tween-participants design (e.g., human-based chat vs. virtual agent chat) to investigate 

users of a virtual agent, such as ChatGPT, who must complete learning tasks. Partici-

pants can also be investigated based on whether they engage with the tasks, their emo-

tional perceptions of the virtual agent, their expectations, and their experience of social 

presence, and potentially other factors known to impact education outcomes like flow 

[26]. One approach could be to provide students with an assignment and randomly as-

sign them either a human or virtual agent chat tutor. They could be asked similar ques-

tions related to social presence and the results could be compared between the AI and 

human-based outcomes and then compared with the findings of the ERP experiment. 

 If both studies are successful, they would offer explanations as to why artificial 

agents cannot teach as well as humans, based on social presence theory and the neural 

mechanisms related to AI expectancy. The results may also provide insights from the 

perspective of neuroscience, offering further evidence that the cognitive mechanisms 

behind the N400 are related to expectancy about the agent. However, the results may 

also provide something even more impactful: evidence that AI is able to create social 

presence similarly to a human. If we find no difference in the measures related to social 

presence, no differences in learning outcomes, but an effect of AI versus human label-

ling, then it would suggest that the effects may just be a matter of bias towards AI. If 

so, as AI technology advances, it may only be a matter of time before AI overtakes 

humans in the delivery of teaching. 
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Abstract. In NeuroIS, cognitive state inference provides rich insight into users’ cognitive 

experiences during information technology use. However, inferences drawn from 

electroencephalography (EEG) - one of the most common methods used in NeuroIS - face critical 

challenges in real-world applications due to label scarcity and cross-task variability. This work 

introduces a self-supervised learning framework that combines masked prediction and 

contrastive learning to learn robust EEG representations from unlabeled data. Pre-trained on both 

controlled (N-back) and naturalistic (MATB-II) tasks, our approach employs hybrid fine-tuning, 

leveraging full labels from N-back and sparse MATB-II annotations to enhance cross-task 

generalization. Evaluations demonstrate a 68.2% classification accuracy on MATB-II. This work 

establishes a framework for label-scarce EEG analysis in NeuroIS, advancing mental state 

measurement in ecologically valid settings where annotations are limited.  

Keywords: EEG, mental workload, N-back, MATB-II, NeuroIS, Self-supervised 

learning (SSL) 

Introduction 

The ability to study users’ mental states offers important insights into user cognition 

during interactions with information technologies [1]. In information systems (IS) re-

search, mental workload, a key determinant of task performance, remains difficult to 

measure reliably [2]. Machine learning (ML) models trained on electroencephalog-

raphy (EEG) data are commonly used for this purpose, often relying on supervised 

learning (SL) with predefined task-based labels. These labels, typically linked to task 

difficulty, oversimplify the relationship between difficulty and workload since individ-

uals may experience varying workload levels within the same task condition. Moreover, 

SL suffers from label scarcity and struggles with inter-subject differences and real-

world generalization. Indeed, traditional supervised learning approaches struggle with 

these constraints, as they are typically trained on relatively small datasets with limited 

ground truth labels available. Unsupervised ML techniques leveraging unlabeled EEG 

data may provide more robust, adaptive models, overcoming these limitations.  

To address these challenges, we propose a self-supervised learning (SSL) framework 

that leverages unlabeled EEG data from conceptually related tasks to learn robust 
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representations of mental workload. By combining pre-training on controlled (N-back) 

and more naturalistic (MATB-II) paradigms with sparse-label fine-tuning, we aim to 

bridge the gap between laboratory research and ecological validity [3]. The N-Back 

task is a controlled working memory experiment involving discrete trials (ranging from 

1-back to 3-back). Whereas the MATB-II task is a continuous multitasking environ-

ment designed to simulate real-world operations with varying difficulty levels (easy, 

medium, and hard). SSL is a “learning method in which models are explicitly trained 

with supervisory signals that are generated from the data itself (self-supervision) by 

leveraging its structure” [4]. Thus, SSL learns representations of unlabeled data using 

an unsupervised learning approach to generate meaningful training data. Recent ad-

vances in SSL include invariance-based methods, which attempt to learn consistent em-

beddings via augmented signal views [5], and masked autoencoders, which reconstruct 

corrupted inputs to learn generalizable features [6]. In addition, techniques such as 

EEG2Rep [5] preserve semantic subsequences for latent representation learning. In the 

current study, we explore the use of SSL to improve mental workload estimation in 

naturalistic tasks 

SSL enables high-quality representation learning from unlabeled EEG data, poten-

tially enhancing mental state estimation. Traditional EEG analysis is constrained as it 

relies on predefined data epochs, discarding substantial data. This constraint stems from 

the difficulty, labor-intensiveness, and error-prone nature of annotating long, continu-

ous recordings in less-controlled or ecologically valid tasks. In contrast, SSL has the 

potential to use such unannotated data to improve model performance. To address this 

constraint, we pose the following research questions: (RQ1) Can SSL models improve 

cross-task generalization? (RQ2) Does hybrid supervision (full N-back labels + limited 

MATB-II labels) enhance workload decoding in continuous tasks with limited labels? 

Our work uses Prediction of Functionals from Masked Latents (PFML) [7], an SSL 

framework optimized for signal data. We adapted PFML into a hybrid paradigm, 

STREAM, that refined pre-trained representations using labeled data from a controlled 

task (N-back) and a more naturalistic task (MATB-II). By using multi-task pre-training, 

our approach reduces reliance on extensive labeling while improving robustness to 

cross-task variability. We present work in progress that aims to improve mental state 

inference in ecologically valid tasks. 

 

 

Background and Design Choices  

Self-Supervised Learning for EEG Data  

SSL has emerged as a powerful approach to learn EEG representations for classify-

ing cognitive states (e.g., workload) without large labelled datasets. Early SSL studies 

on EEG explored pretext tasks tailored to temporal signals. For instance, relative posi-

tioning and temporal shuffling as unsupervised objectives help learning features useful 

for downstream sleep staging [18]. Indeed, contrastive learning can learn riche repre-

sentations and can effectively capture salient EEG patterns by encouraging invariances 
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while separating different EEG instances. Beyond contrastive approaches, researchers 

have also explored masked prediction and transform-based pretext tasks on EEG. 

Masked prediction aims to model the fine-grained structure of EEG by withholding 

portions of the signal and tasking the model to predict them. While simple autoencoders 

struggled with EEG’s low signal-to-noise ratio, recent innovations have made masked 

modelling effective. Several notable SSL models for EEG have pushed the state-of-the-

art in representation quality. For instance, BENDR adapts the Transformer-based 

BERT architecture for EEG signals [19]. It was pretrained on massive EEG corpora 

and proved capable of modeling completely novel EEG recordings by fine-tuning.  

Self-supervision can learn robust representation for cross-task variability and task 

specific noises hereby improving cross-task transfer and reducing the amount of labeled 

EEG data needed. 

SSL for cross-task generalization in EEG 

SSL operates through two phases: a pretext task (pre-training on unlabeled data) and 

a downstream task (fine-tuning on labeled data). A pretext task aims to learn meaning-

ful representations from unlabeled data via objectives like masked reconstruction [8], 

temporal contrastive learning [9], or feature prediction [10]. The downstream task fine-

tunes these representations on labeled data to achieve a specific goal, such as decoding 

mental workload levels. This two-phase approach ensures robust transfer from con-

trolled (N-back) to ecological (MATB-II) paradigms.  However, EEG data presents 

unique considerations. First, EEG signals exhibit hierarchical temporal dependencies 

spanning milliseconds to minutes, requiring methods that preserve multi-scale dynam-

ics [11]. Second, low signal-to-noise ratios (SNR), stemming from muscle artifacts and 

environmental interference, demand noise-invariant representations [12]. Third, inter-

subject variability in neural responses complicates cross-user generalization [13]. SSL 

frameworks like masked autoencoders (MAE) [6] or temporal contrastive methods (TS-

TCC) [9] often struggle with these issues. For instance, MAE’s raw signal reconstruc-

tion amplifies noise sensitivity [14], while contrastive methods like SimCLR rely on 

augmentations that risk distorting neural patterns [5]. 

Considering these limitations, we selected PFML for three key design choices [7]. 

First, position-aware masking selectively occludes temporal segments while preserving 

task-relevant features, reducing noise sensitivity compared to random masking in MAE 

[6]. In other words, STREAM’s two-phase process can be thought of as an initial “self-

study” where the model learns to reconstruct and distinguish meaningful EEG patterns 

from unlabeled recordings – such as intuitively recognizing brainwave rhythms – and 

a subsequent “expert review” stage in which those learned features are fine-tuned on 

just a few labeled trials. Second, multi-layer feature integration aggregates information 

across Transformer layers to capture hierarchical temporal dependencies [9]. This inte-

gration effectively blends both shallow, high frequency oscillatory details and deeper, 

slower related patterns by concatenating and weighting outputs from each later before 

projection [7]. Third, dynamic positive pair sampling enhances contrastive learning by 

prioritizing temporally adjacent segments with similar signal characteristics. For exam-

ple, if two half-second EEG windows exhibit elevated alpha-band power immediately 
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following a 2-back stimulus, they are treated as a positive pair-reinforcing the model’s 

ability to group analogous brain states [7]. To conclude, these design choices align with 

EEG’s characteristics: position-aware masking retains task-relevant neural events, 

multi-layer integration captures multi-scale dynamics (e.g., oscillations), and dynamic 

sampling adapts to individual differences.  

Methodology 

Data  

Our dataset includes EEG data collected from two tasks known to manipulate mental 

workload: the N-Back task and the MATB-II task. These two tasks are widely utilized 

to induce different levels of mental workload [15, 16]. Given the objectives of our re-

search, the MATB-II offers a more naturalistic simulation environment compared to 

the N-Back task, making it particularly well-suited for our experiment. For this study, 

we selected one validated open-source dataset containing EEG data for 29 participants 

(11 Female; 18 Male; mean age 23.9 years; SD 3.20 years) from both the N-Back and 

MATB-II tasks [16], and one closed-source N-Back dataset of 11 participants (3 Fe-

male, 8 Male; mean age 34.56 years, SD 8.97 years) [17]. Both datasets followed the 

10-20 system and reduced to 32 channels. Importantly, all EEG signals were fed di-

rectly in the time domain into our 12-layer Temporal Convolutional Network encoder 

– allowing the model to learn fine-grained temporal dependencies from raw signal 

epochs without first transforming them into spectral of feature spaces. All datasets un-

derwent identical preprocessing steps: bandpass filtering (0.5–45 Hz), 50/60 Hz notch 

filtering, artifact removal via independent component analysis, and segmentation into 

2-second epochs with 50% overlap.  

Analytical Approach  

STREAM adapts SSL to EEG-based mental workload estimation, addressing label 

scarcity and cross-task variability. The pipeline follows three phases: pre-training, hy-

brid fine-tuning, and evaluation. STREAM During pre-training, the PFML model pro-

cesses unlabeled EEG data from N-Back and MATB-II using a contrastive learning 

objective, where positive pairs consist of adjacent EEG segments (≤500 ms apart), and 

negative pairs are non-overlapping. To enhance task-relevant feature extraction, posi-

tion-aware masking excludes 25% of input channels while preserving temporal win-

dows linked to meaningful neural events, such as post-stimulus intervals in N-Back or 

subtask transitions in MATB-II.  Hybrid fine-tuning is applied to adapt learned feature 

representations to the target task (MATB-II). This phase combines full supervision 

from all labeled N-Back trials with sparse annotations from 10% of MATB-II segments, 

stratified by workload level (easy/medium/hard). The fine-tuning objective minimizes 

cross-entropy loss, refining the encoder’s capacity to discriminate workload levels 

while retaining pre-trained invariance to noise and session-specific artifacts.  

The architecture consists of an encoder, a masked prediction head, and a contrastive 

projection head. The encoder is a 12-layer Temporal Convolutional Network (TCN) 
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with exponentially increasing kernel sizes (3–15) to capture EEG dynamics across dif-

ferent timescales. The Transformer-based masked prediction head reconstructs oc-

cluded signal segments by leveraging hierarchical temporal features from TCN layers. 

The contrastive projection head maps encoder outputs to a 128-dimensional latent 

space, where cosine similarity discriminates between positive and negative pairs. To 

benchmark performance, we evaluate the pre-trained PFML model on MATB-II with-

out fine-tuning, testing its zero-shot generalization. This assessment determines 

whether representations learned during pre-training can decode workload levels in 

MATB-II without additional adaptation, demonstrating the robustness of PFML’s self-

supervised framework in label-scarce environments. In latent space, the encoder and 

projection head map EEG segments into a condensed vector space where temporally 

and semantically similar workload patterns cluster – making distinct mental-workload 

states more separable than in raw signal space. During hybrid fine-tuning, the classifi-

cation head is trained directly on these 128-dimensional representations, updating de-

cision boundaries to maximize cross-entropy performance on labeled N-back and 

MATB-II segments and thereby learning to distinguish workload levels based on their 

latent geometry. 

Results 

Table 1 presents the results of fine-tuning the pre-trained model on both the N-back 

and MATB-II datasets, summarizing key metrics (F1 score and recall) for training and 

validation phases. The results demonstrate the model’s capacity to adapt effectively to 

both tasks, leveraging its pre-trained representations to achieve high performance 

across epochs. When evaluated separately on the N-back and MATB-II tasks, the model 

achieves comparable performance, with F1 scores exceeding 0.85 by epoch 80. Nota-

bly, the MATB-II task slightly outperforms the N-back task in later epochs, suggesting 

that the model adapts better to MATB-II-specific features during fine-tuning, despite 

the limited availability of labeled MATB-II data. 

 

 

Table 1. Fine-tuning and pre-trained tasks evaluation  

Metric Task Initial Value 

(Epoch 0) 

Convergence 

Value (Epoch 80) 

F1 score (Training) N-back + MATB-II 0.70 ~0.90 

F1 score (Validation) N-back + MATB-II 0.70 ~0.88 

F1 score N-back ~0.70 >0.85 

F1 score MATB-II ~0.70 >0.85 

Recall N-back ~0.70 >0.85 

Recall MATB-II ~0.70 >0.85 

 

To evaluate cross-task generalization (RQ1), we assessed the performance of the 

pre-trained model fine-tuned on portions of both N-back and MATB-II datasets, with 

evaluation conducted on both tasks (Fig. 1). The X-axis represents epochs during fine-
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tuning, while the Y-axis shows the F1 score, a metric calculated from the precision and 

recall. Blue and green lines correspond to N-back and MATB-II tasks, respectively. 

Solid lines represent F1 scores, while dashed lines represent recall scores. The F1 scores 

for both tasks steadily improve across epochs, converging above 0.85. MATB-II per-

formance slightly exceeds N-back performance in later epochs, suggesting improved 

adaptation to MATB-II-specific features during fine-tuning. Recall scores follow a sim-

ilar trend, with MATB-II recall achieving slightly higher values than N-back recall as 

training progresses. 

 

 
Fig. 1. Cross-task generalization perfor-

mance. 

 
Fig. 2. Hybrid supervision performance with 

limited labels on the target task (MATB-II). 

 
Fig. 3. Hybrid supervision predictions on the target task (MATB-II). 

 

To evaluate whether hybrid supervision (full N-back labels + limited MATB-II la-

bels) enhances workload decoding in continuous tasks with limited labels (RQ2), the 

model was pre-trained on EEG data from N-back and MATB-II tasks and fine-tuned 

using all labeled N-back data plus a small subset of labeled MATB-II data. Figure 2 

shows the fine-tuning performance of the pre-trained model on the MATB-II dataset. 

The blue curve (training F1 score) starts at approximately 0.70, steadily increases to 

around 0.90 by epoch 80, and then stabilizes. This indicates that the model learns ef-

fectively from the labeled N-back data and adapts well to the MATB-II task during 

fine-tuning. The red curve (validation F1 score) follows a similar trajectory, starting at 

0.70, lagging slightly behind the training curve, and converging near 0.88 by epoch 80, 

with minor fluctuations suggesting potential validation noise or slight overfitting. 

Figure 3 illustrates the ability of our SSL model (blue dashed line) and a supervised 

baseline (red dotted line) to predict workload levels over a 60-second segment of the 

MATB-II dataset. The solid black line represents the average ground truth workload 

levels, showing transitions between easy, medium, and hard workload states. Our 

model closely tracks these transitions, outperforming the supervised baseline. This 
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result highlights the model’s capacity to track dynamic workload fluctuations with high 

fidelity, demonstrating its suitability for real-world task applications where labeled data 

is scarce. 

Discussion 

Our findings indicate that SSL can effectively improve prediction accuracy in con-

ceptually similar yet more ecologically valid tasks with limited labels for EEG-based 

mental workload estimation, using unlabeled data from both controlled (N-back) and 

naturalistic (MATB-II) tasks. By pre-training on these tasks and using a hybrid fine-

tuning strategy, the model demonstrates improved cross-task generalization (RQ1), il-

lustrated by strong performance across both N-back and MATB-II datasets. Notably, 

supplementing limited MATB-II labels with full N-back labels (RQ2) helps maintain 

high accuracy in decoding workload levels, underscoring the effectiveness of hybrid 

supervision. These results provide evidence that SSL can learn generalizable represen-

tations, improving inference from controlled experimental tasks to label-scarce natural-

istic IS environments. This work makes two contributions: (1) a novel SSL framework, 

STREAM, that enables cross-task generalization and (2) a demonstration of hybrid su-

pervision in SSL, combining full labels from controlled tasks (N-back) with sparse la-

bels from ecological tasks (MATB-II) to achieve mental workload decoding (68.2% 

average accuracy).  

Our work aims for AI-driven techniques for robust cognitive state measurement 

across tasks, opening new opportunities for IS researchers by providing novel, non-

invasive, automated, and implicit methods to assess user cognition in ecological set-

tings. With this machine learning approach, we directly respond to the call for strategies 

that enhance the ecological validity of NeuroIS research [3]. Future studies should fur-

ther explore SSL capabilities for cross-task generalization, as demonstrated in this 

work, and extend them to address cross-individual variability. Moreover, multi-modal 

SSL approaches should be developed. Combining signal sources from both the central 

and peripheral nervous systems may improve the robustness and versatility of model 

inferences by leveraging the diversity of signals, research contexts, stimuli, and tasks 

employed in NeuroIS research [3]. Finally, future work should include larger datasets 

with more participants to better capture individual differences associated with specific 

cognitive states. 

As for practical contributions, STREAM’s self-supervised workload decoding could 

be embedded in neuroadaptive systems [1] or used in the evaluation of technological 

artifacts, training simulations, or human-robot collaboration. Our approach aims to im-

prove workload inference across a diverse set of tasks, whether online or offline, and 

in various environmental settings. 
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Abstract. This paper proposes measuring ERP mindfulness -a self-regulatory trait that miti-

gates resistance and enhances ERP usage by integrating eye-tracking technology to objec-

tively measure mindfulness behavior. We first assess ERP mindfulness by conducting self-

reported surveys and then propose extending it with a mixed-method approach to validate 

mindfulness traits through behavioral data. By correlating eye-tracking metrics with survey 

responses, we aim to demonstrate that mindfulness is not only a self-reported trait but also 

observable in how users engage with ERP interfaces. In a pilot study, we identified five high-

mindfulness participants and tracked their gaze behavior during a financial assessment task in 

SAP. The next step is to collect more data and compare their eye movement patterns with 

low-mindfulness participants to determine how mindfulness influences ERP task perfor-

mance. This study bridges theoretical insights from mindfulness literature with practical ad-

vancements in neuroIS methodologies, offering a robust framework for understanding ERP 

adoption challenges. 

 

Keywords: Mindfulness, ERP, Eye tracking, Cognitive behavior 

Introduction 

Enterprise Resource Planning (ERP) is one of the pivotal IT systems in the modern 

management of business operations and people (Sykes et al. 2014). ERP systems inte-

grate different units, streamline business operations, automate business activities, and 

provide real-time information for decision-making (Wijaya 2023). However, while 

ERP provides a range of benefits, learning ERP requires a different set of skills com-

pared to traditional technologies (Park et al. 2009). ERP requires business knowledge 

in addition to technical knowledge, as users need to understand how their usage impacts 

business operations (Aslam 2011). This causes resistance to learning ERP. Resistance 

serves as a barrier to ERP implementation and the appropriation of its value within an 

organization (Park et al. 2009). Due to resistance, employees may struggle to learn dif-

ferent ERP features and communicate effectively with other members of the organiza-

tion through ERP systems (Kim and Kankanhalli 2009). 

One mechanism to reduce resistance in learning ERP is the use of mindfulness. In 

the context of information systems (IS), mindfulness is conceptualized as a dynamic, 

context-aware trait that enables users to engage with technology deliberately, focusing 

on the present moment while remaining open to novel features and alert to potential 

discrepancies (Thatcher et al. 2018). In this research, we conducted self-reported survey 
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and a follow up pilot study using eye tracking to assess ERP mindfulness. Reliance on 

self-reported surveys introduces potential biases such as recall inaccuracies. To address 

this limitation, we propose integrating eye-tracking technology to capture attentional 

focus during ERP task execution. Eye-tracking provides granular and objective data on 

how users allocate visual attention (Just and Carpenter 1976), enabling researchers to 

validate self-reported mindfulness traits against behavioral metrics. This extension pro-

poses a mixed-method approach to validate mindfulness traits through behavioral data. 

By correlating eye-tracking metrics such as fixation duration and saccadic patterns with 

survey responses, we aim to demonstrate that mindfulness is not only a self-reported 

trait but also observable in how users engage with ERP interfaces.  

In a pilot study, we identified five high-mindfulness participants and tracked their 

gaze behavior during a financial assessment task in SAP. The goal is to see if there's a 

correlation between mindfulness scores and eye movement patterns, expecting that 

high-mindfulness individuals will focus more on relevant concepts like general ledger 

and balance sheet components. 

While prior studies have independently examined mindfulness in ERP adoption 

(Thatcher et al. 2018), eye-tracking in ERP usability (Léger et al. 2014), and mindful-

ness’s role in reducing automation bias, no research has integrated eye-tracking, ERP, 

and mindfulness to investigate how attentional behaviors reflect and reinforce mindful 

engagement during ERP use. This gap limits our understanding of how mindfulness 

mitigates resistance and enhances ERP proficiency at a behavioral level. While surveys 

can link ERP mindfulness to control beliefs and absorptive capacity, objective metrics 

such as fixation duration on validation fields or saccadic patterns during error resolution 

remain unexplored. Addressing this gap, we propose correlating self-reported ERP 

mindfulness with eye-tracking metrics (e.g., gaze dispersion, time-to-first-fixation) to 

empirically validate how mindfulness manifests in ERP task execution.  

The rest of the paper is organized as following. Section 2 introduces mindfulness and 

section 3 presents eye tracking and mindfulness. Section 4 presents the eye tracking 

pilot study and section 5 is the conclusion. 

Mindfulness 

Rooted in psychological mindfulness (Kabat-Zinn 1990), IS mindfulness empha-

sizes intentional attention such as recognizing system anomalies, exploring unfamiliar 

functionalities, and adapting usage to evolving tasks rather than relying on habitual or 

automated interactions. IT mindfulness consists of four dimensions: alertness to dis-

tinction, openness to novelty, awareness of multiple perspectives, and orientation in the 

present (Thatcher et al. 2018). In the IT use context, alertness to distinction refers to 

recognizing the details of technology use, including the context and features of the tech-

nology. This trait helps users resolve discrepancies among various IT features.  

Mindfulness is particularly critical in ERP contexts where system complexity and 

cross-functional integration demand sustained cognitive effort (Park et al. 2009). Re-

sistance to ERP adoption often stems from users’ perceived learning costs, fear of 

change, or discomfort with disrupting established workflows (Kim and Kankanhalli 

2009). Mindfulness counteracts these barriers by fostering self-regulation as it 



83 

enhances users’ absorptive capacity (ability to assimilate ERP knowledge) and 

strengthens control beliefs (e.g. confidence in navigating ERP features), thereby reduc-

ing cognitive overload and anxiety (Thatcher et al. 2018). Mindful users are more likely 

to approach ERP training with curiosity, systematically validate inputs, and persist 

through errors, transforming resistance into proactive learning (Aslam 2011).  

Mindfulness in ERP learning 

Our study context focuses on SAP ERP learning, so we employed a gamified ERP 

training approach in one undergraduate course and one graduate business course to 

simulate an ERP learning environment that closely mirrors organizational ERP training. 

Six teams of students used the SAP system to manage the sales, production, accounting, 

and procurement processes of an ERP-based muesli company. Each team was respon-

sible for purchasing raw materials, producing breakfast cereals, using marketing strat-

egies to promote products, assessing the financial situation, and managing inventories. 

Throughout the simulation, users interacted with a real-time SAP system to manage 

these organizational processes. We argue that this context is well-suited for our study 

as students had limited prior ERP knowledge before participating in the game. As a 

result, they often had to rely on their self-regulatory resources and group communica-

tion to learn ERP systems effectively and perform well in the game. 

We used previously validated scales for measuring ERP mindfulness (Thatcher et al. 

2018). We identified that the average mindfulness score of 138 subjects is 5.41 (on a 

scale of 1-7). The top 10 percentile score was 6.00. 

Eye-Tracking and mindfulness 

Eye-tracking is a method that records and analyzes visual attention and has emerged 

as a powerful tool for studying cognitive processes in psychology and IS research 

(Duchowski 2002). In mindfulness studies, eye metrics provide objective insights into 

attentional focus. For example, prolonged fixation durations measured as the time spent 

gazing at task-critical elements like error alerts are indicative of deliberate mindful pro-

cessing, while reduced saccadic frequency (fewer rapid eye movements between unre-

lated areas) reflects lower distraction levels (Goldberg and Kotval 1999). Higher sac-

cadic activities on the screen can indicate awareness of multiple perspectives. Mindful-

ness defined in IS as a dynamic trait enabling deliberate engagement with technology 

(Thatcher et al. 2018) has been linked to such eye-tracking patterns. Prior research 

demonstrates that mindful individuals exhibit sustained attention on tasks with 

heatmaps revealing concentrated "attention hotspots" on critical interface elements dur-

ing general decision-making scenarios (Léger et al. 2014). Leger et al. (2014) used eye-

tracking to show that users with higher attentional focus spent 25% more time fixating 

on error prompts in workflow tasks, reducing errors by 18%. However, no study has 

explicitly investigated these relationships in ERP contexts. While mindfulness has been 

linked to reduced automation bias in AI collaboration and eye-tracking has been applied 

to ERP usability (Poole and Ball 2006), no work has integrated ERP, mindfulness, and 
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eye-tracking to examine how mindfulness-driven attentional behaviors influence ERP 

task performance.  

Eye Tracking Pilot Study 

Drawing from neuroIS (Riedl et al., 2014), we propose that mindful ERP users will 

exhibit (a) longer fixations on critical AOI, (b) fewer saccades between unrelated inter-

face elements, and (c) heatmap concentration on task-relevant zones. Heatmaps of ERP 

screens can reveal "attention hotspots," highlighting where users focus during high-

stakes tasks.  

Building on our prior study linking self-reported ERP mindfulness to post-adoption 

behaviors, we conducted an exploratory study with five high-mindfulness partici-

pants (identified via survey mindfulness score above 90th percentile). Their average 

mindfulness score is 6.05. 

Participants, tasks, and initial results 

We asked subjects to consider themselves as accountants and in SAP “post general 

ledger entries” screen (upper part of Figure 1) transfer $10,000 from a specific bank 

account to payables-miscellaneous account. After the transfer is successful, subjects 

were instructed to visit the balance sheet (lower part of Figure 1) and analyze the finan-

cial stability of the organization. This task can be considered as a mindfulness task as 

it requires subjects to look at specific parts of the SAP screens to determine financial 

stability. These parts are- G/L Account, Debit, and Credit boxes in post general ledger 

entries screen and G/L account balance for current liabilities of balance sheet. The 

heatmaps generated show that these specific areas are highlighted indicating that the 

five subjects spent a high amount of time on these areas indicating mindfulness behav-

ior. 
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Fig. 1. SAP Screen for data validation task 

Next Steps 

In order to ascertain that mindfulness traits are captured in eye movement behavior, 

we will recruit more participants from the high mindfulness trait group and then com-

pare that with eye movements of low mindfulness trait group (bottom 10 percentile of 

mindfulness score of survey respondents). Our hypothesis is- compared to high mind-

fulness participants, low mindfulness participants will exhibit shorter fixations on crit-

ical AOIs (e.g., general ledger fields), higher saccadic frequency, indicating distraction 

or fragmented attention. We will also do correlation analysis to test whether self-re-

ported ERP mindfulness scores positively correlate with fixation duration on critical 

AOIs and negatively correlate with saccadic frequency.  

 

As ERP mindfulness is a multi-dimensionality construct, we will use multiple meth-

ods to measure ERP mindfulness. Eye movement behavior such as fixation count, time 

for first fixation can indicate alertness to distinction. Analyzing AOIs that are related 

to the core concepts of financial stability can indicate openness to novelty. High sac-

cadic activities and movements within multiple screens (e.g. number of times going 

back and forth with General Ledger screen and Balance Sheet screen can indicate 

awareness of multiple perspectives. For understanding the orientation in the present, 

we also plan to capture the verbal utterances of subjects while they perform the tasks. 

We will record the verbal utterances and encourage subjects to verbalize while they 

perform the tasks. Verbal utterances such as “I’m currently looking at” and “This screen 

shows me” can indicate that these linguistic cues reflect participant’s active attention 

to the current moment and ongoing tasks. 

Our expected outcome is the high mindfulness group will exhibit greater focus on 

causal relationships (e.g., how ledger entries impact balance sheet liability) and higher 

task accuracy due to systematic information processing. On the other hand, low mind-

fulness group will exhibit scattered attention patterns, with frequent saccades to non-

critical items. 
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Conclusion 

Our study uses eye tracking to understand mindfulness behavior by analyzing the 

eye movement of subjects with very high mindfulness (top 10 percentile of mindfulness 

survey) and subjects with very low mindfulness (bottom 10 percentile of mindfulness 

survey). The task will be manipulated to actually manifest the difference between peo-

ple with high mindfulness hopefully performing markedly differently in high mindful-

ness tasks than people with low mindfulness. On completion, the proposed study will 

be the first one to triangulate ERP mindfulness, eye-tracking, and resistance mitigation, 

advancing both theory (neuroIS) and practice (ERP training design). This research can 

contribute to identifying the objective traits of humans engaged in mindfulness. Such 

identification can lead to design improvements for ERP interfaces to foster mindful 

engagement. This extension aligns with emerging trends in neuroIS, which emphasize 

physiological and behavioral measures to complement traditional surveys (Riedl and 

Léger 2016). 

The integration of eye-tracking data offers actionable insights for ERP training and 

design. For instance, mindfulness workshops could incorporate eye-tracking feedback 

to show users their gaze patterns, encouraging deliberate focus. ERP interfaces might 

be optimized by simplifying complex screens based on heatmap analysis, reducing clut-

ter in low-attention zones. Additionally, AI-driven prompts could be developed to trig-

ger real-time nudges when users skim critical fields (e.g., "Review GL accounts of as-

sets in balance sheet.") These interventions aim to reduce resistance and enhance post-

adoption success by fostering mindful engagement. 
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Abstract. This study examines the effect of foreign live biofeedback (FLB) on 

decision-making in socio-economic contexts without face-to-face contact. We 

combine insights from NeuroIS and psychology on FLB with game theoretic par-

adigms from experimental economics to investigate the effect of FLB on percep-

tions of social situations and decisions of resource sharing. Prior research from 

NeuroIS and psychology shows that FLB can foster a sense of connectedness and 

greater empathy. Research from economics shows that this is associated with 

more generous sharing offers. We conduct a laboratory experiment with 58 par-

ticipants to investigate the impact of FLB on sharing decisions in the dictator and 

ultimatum games. FLB did not lead to significant increases in how much partic-

ipants decide to share although it did foster social connectedness but did not in-

crease empathy. 

 

Keywords: foreign live biofeedback (FLB) • experimental economics • heart rate 

(HR) • dictator game (DG) • ultimatum game (UG) • decision-making • social 

connectedness • prosocial behavior 

Introduction 

When economists study decision-making in socio-economic contexts, they fre-

quently use game-theoretic paradigms such as the ultimatum game (UG) [1] or the dic-

tator game (DG) [2] to derive theoretical predictions of human behavior. Theoretically, 

participants would maximize their utility in these games by not sharing their endow-

ments with another participant, since any sharing would reduce their own payout. Ex-

perimental research, however, shows that most participants do share [3]. Reasons for 

this include fairness norms and the warm glow of giving [3, 4]; fairness preferences 

and fear of rejection [5, 6]; and social distance, which reduces empathy and fairness 

preferences [7, 8]. 

Heart rate (HR)-based biofeedback has been shown to enhance emotional awareness 

and regulatory control [9, 10], which can, in turn, promote prosocial behavior [11] and 

foster social connectedness, empathy, and collective awareness [11–13]. With the ad-

vent of wearable devices such as smartwatches, live biofeedback is now readily acces-

sible, potentially influencing how individuals interpret and respond to physiological 
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cues in various social contexts[14]. Building on prior research identifying HR as a key 

indicator of emotional arousal [15] and its importance in regulatory and social processes 

within organizational neuroscience [16], we explore the impact of HR-based biofeed-

back on social decision-making. While self-live biofeedback (SLB) has been examined 

in several domains, including economic decision-making, foreign live biofeedback 

(FLB) – where individuals are exposed to the physiological signals of others – remains 

underexplored [14, 17]. While SLB provides information about own affective reactions 

and can thus help regulate own responses, FLB imparts information that can be used to 

infer changes in other people’s affective states and thus change perceptions of and re-

actions to other people and other people’s behavior. In practice, FLB can be applied, 

for example, for feedback learning, in gaming environments, and in virtual reality en-

vironments to balance the lack of social cues that would usually be available in offline 

interactions. But little is known how FLB cues in particular affect economic decision-

making.   

To address this gap, we conducted an experimental study in which participants received 

FLB while engaging in the DG and the UG. This additional layer of biofeedback may 

lead participants to interpret their counterparts’ HR as a reflection of emotional states, 

potentially fostering empathy, a sense of connectedness, and increased generosity [18]. 

In the context of the DG and UG, such effects may manifest as more equitable sharing 

behavior  [19]. Our study seeks to advance this line of research by investigating the 

following question:  

 

How does HR-based FLB influence decision-making in the UG and DG? 

Related Literature and Hypotheses 

In the DG, one of two players (the dictator) decides how much of their monetary 

endowment to share with the other player (the receiver). The receiver cannot influence 

or reject the decision [2]. The theoretical prediction, based on the utility-maximizing 

paradigm [20], is that the dictator shares zero. Actual behavior is different: a meta-study 

finds that dictators, on average, share 28.35 percent of their endowment with the re-

ceiver [3].  

In the UG, one of two players (the proposer) decides how much of their monetary 

endowment to share with the other player (the responder). The responder can accept the 

offer, in which case the endowment is shared as proposed. Both players receive nothing 

if the responder rejects the offer [1, 21]. Theory predicts that the responder should ac-

cept any offer above zero; thus, the proposer should offer the lowest amount possible 

above zero. In practice, participants reject low offers, and only a few proposers offer a 

minimum amount above zero [22].  

The main explanations proposed for this difference between predicted and actual 

behavior in these games are altruism [23], reciprocity [24], fairness norms and prefer-

ences [6, 25], inequality aversion [26], fear of rejection [27], social distance and con-

nectedness [8], and the “warm glow” of giving [4, 28]. Fear of rejection can lead to 

higher offers [27].  Greater social distance leads to lower offers in the DG [29] and the 

UG: it decreases fairness preferences [30] and empathy [7, 31]. Social distance and 
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connectedness affect decisions in the DG [8] and UG [32], as greater social distance 

leads to more self-interested behavior in both games, while greater connectedness in-

creases concerns for fairness and reciprocity, resulting in larger offers and a higher 

likelihood of sharing resources.  

Decisions are also reflected in changes in the players’ affective states. In the UG, 

offers perceived as unfair trigger responders' negative affective reactions, leading to a 

higher likelihood of rejecting the offer [33]. In the DG, higher offers can lead to positive 

affective reactions [34]. Changes in affective state are reflected in biophysical reactions 

like HR [35] and cortisol changes [36]. Fear, agitation, anger, and anxiety are associated 

with increases in HR-based measures, and positive emotions with decreases in HR-

based measures [37]. Similar physiological effects have been observed in auction set-

tings, where increased HR correlates with emotional arousal, influencing participants’ 

willingness to take risks and accept lower prices [38] 

Some researchers have applied the concept of biofeedback to investigate how indi-

viduals change their decision-making behavior in response to the awareness of their 

own (SLB) or another person’s (FLB) affective states. SLB can promote individuals’ 

self-regulation [9, 39] by enabling awareness and control over their emotions, thus lead-

ing to more rational choices [10, 17]. Similarly, in a shoot/don’t shoot scenario, bio-

feedback has proved beneficial in enhancing breath control, helping participants to cope 

with stress and make more rational decisions [40].  

Although this heightened rationality might suggest lower offers in economic games, 

empirical evidence in the DG indicates that participants with a high regulation ability 

are, on average, more altruistic, thus allocating more to their counterparts [9]. In the 

UG, where the second player has the power to reject, the effects of biofeedback appear 

more varied. Listening to one’s own heartbeat, for instance, can heighten interoceptive 

awareness and intensify perceptions of unfairness. When participants switched to the 

responder role, they made lower offers with biofeedback, although this did not cause a 

significant change in acceptance and rejection behavior [41]. Moreover, it was found 

that individuals with high interoceptive awareness but weaker self-regulation skills re-

ject more frequently, whereas those with stronger self-regulation override these emo-

tional impulses and accept offers perceived as unfair  [39]. Overall, these findings sug-

gest that while biofeedback can prompt self-centered behavior in bargaining games, it 

only leads to more rational decisions when it effectively helps individuals regulate their 

emotions.  

FLB, by contrast, operates through two distinct mechanisms. First, it serves as a 

medium that communicates emotional and physiological information [11], allowing 

observers to interpret these as social cues of another person’s affective state [11, 13]. 

When confronted with HR, participants interpret physiological changes through spe-

cific emotions [13] such as stress or excitement. Second, biofeedback fosters a height-

ened sense of connectedness between individuals, acting as a constant, subtle presence 

that makes people feel closer to each other without explicit communication [13]. Thus, 

FLB creates a sense of shared presence and stronger interpersonal connection [11] by 

increasing intimacy [42], empathy [43, 44], and mutual understanding [44]. Due to its 

informative quality, it is often perceived as a form of self-disclosure [13], which is 

similarly linked to feelings of connectedness [45].  There is evidence that FLB improves 
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self-regulation, not by enhancing self-awareness but by allowing individuals to observe 

and emulate others’ calmer physiological states, thus promoting collective awareness 

and belonging, ultimately resulting in improved decisions [12].  

While some research suggests that awareness of physiological cues does not neces-

sarily translate into generosity or prosocial behavior [46], we propose that FLB leads 

to higher offers by increasing (decreasing) social connectedness (social distance) [11, 

13] and enhancing positive emotions like empathy [7] or feelings of  “warm glow” [4, 

28].  This perspective aligns with observations from game theory, showing that fairness 

is more pronounced among participants who feel connected [27, 47]. We specifically 

focus on HR-based FLB because of its intuitiveness [42] and its role as an intimate 

nonverbal cue [42], often symbolizing life, love, and emotions [13].   

 

Hypothesis 1. In the DG, HR-based FLB fosters a feeling of connectedness, causing 

individuals to make higher offers than those receiving no FLB. 

 

Hypothesis 2. In the UG, HR-based FLB fosters a feeling of connectedness, causing 

individuals to make higher offers than those receiving no FLB. 

Experiment design 

Treatments. To test the effect of FLB on decision-making in the DG and UG, we 

implement a 2 (UG vs. DG, within-subject variation) x 2 (FLB vs. NBF, between-sub-

ject variation) experimental design. In the FLB treatment, participants receive real-time 

visual feedback on their counterparts’ HR during decision-making. The experiment was 

implemented in oTree [48]. HR data was collected with Polar H10 heart rate sensors 

[49] – in the following also referred to as chest strap - and FrISBEE [50]. Similar sen-

sors have been used in previous research (see [14]), and the Polar H10 heart rate sensor 

specifically exhibits a high degree of accuracy and reliability in physiological data col-

lection [49]. 

FLB Design.  Visual identification of a counterpart can increase empathy [7]. Thus, 

we implemented FLB as a stylized heart that changed in fill color (blue to red) and 

heartbeat speed according to deviation from the baseline HR. Increases in HR are re-

flected in the color moving towards darker red and faster heartbeats. The deviation from 

the baseline is additionally shown as a percentage (e.g., -10%; Fig. 1).   

 

 
Fig. 1. FLB Design example (static) 
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Procedure. Fig. 2 displays the study procedure. In Stage 1, participants receive gen-

eral instructions on the experiment's procedure and how to correctly put on the chest 

strap to ensure precise measurement.  

In Stage 2 Part 1, they play the DG without FLB (NBF treatment). Half of the par-

ticipants are randomly assigned the role of dictator, while the other half are receivers. 

Participants receive instructions and play three rounds in the same role, with random 

rematching of counterplayers in each round. Dictators are endowed with 100 EDU per 

round and must send between 1 and 100 EDU to the receiver. After the last round, the 

dictators answer questionnaires on the warm glow of giving [51], fairness preferences 

[5, 18], fear of rejection [52], perceived social distance [53, 54], and empathy [41].  

In Stage 2 Part 2, they play the UG without FLB for three rounds in the same role 

with random rematching. Dictators play the responder role; receivers play the proposer 

role. After the last round, proposers answer a questionnaire identical to the dictators’ 

questionnaire from Part 1.  

In Stage 3, participants engage in a five-minute breathing exercise [55] to reach a 

resting HR level, serving as the FLB treatment's HR baseline [9].  

In Stage 4, participants are assigned to the FLB (treatment) or NBF (control) group. 

Both groups repeat Stage 2, but only participants in the FLB group receive FLB from 

the other player. Here, the FLB is being updated every second and visualized with an 

animated heart-shaped graphic and a textual representation of the deviation from the 

baseline (see Fig. 1). The deviation is computed for each player with his / her own 

baseline, thus making up for individual physiological differences in HR. The FLB is 

available to the participants when making a decision: in both games when choosing 

how much they endow their counterplayer and – in the UG – when selecting whether 

they accept or reject the proposer’s offer. The questionnaires are identical to Stage 2, 

with two additional questions for participants in the FLB group (attention check and 

emotional involvement). In Stage 5, all participants answer an exit questionnaire on 

socio-demographics and game theory knowledge and are informed about their payout. 

Each participant receives a show-up fee of 200 ECU (experimental currency units). In 

addition, participants earn ECU in each round of the games based on their own deci-

sions and those of others.  

 

 
Fig. 2. Experiment Procedure 

Stage 4: Games with FLB

Three rounds Dictator Game

Three rounds Ultimatum Game

Stage 4: Games without FLB

Three rounds Dictator Game

Three rounds Ultimatum Game

Stage 3: Baseline HR Measurement Stage 3: Relax Period

Treatment Group
34 Participants

Control Group
24 Participants

Stage 5: Exit Questionnaire

Stage 2: Games without FLB

Three rounds Dictator Game

Three rounds Ultimatum Game

Stage 1: General Instructions
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Table 1 illustrates the distribution of participants across the treatment and control 

groups and their assigned active roles in the DG and UG. While all participants partic-

ipated in both games, only half of each group played an active role (as dictator or pro-

poser), which is reflected in the table. The treatment group is used for the within-subject 

design, while the combination of treatment and control groups forms the basis for the 

between-subject comparison. 

Table 1. Participant distribution by group and active game role. 
 

DG UG Total 

Treatment Group (FLB) 17 17 34 

Control Group (No FLB) 12 12 24 

Total 29 29 58 

Results  

We conducted the experiment at the WULABS5 in December 2024 with 58 partici-

pants. 23 (35) participants were female (male). The average age was 25.57 years 

(SD=6.66). The average experiment duration was 40 minutes; average earnings were 

541.38 EDU (SD=120.4). 

Hypothesis 1 examines whether FLB increases offer sizes in the DG. In the within-

subject comparison, participants offered slightly less in the FLB condition (N = 17, M 

= 34.00, SD = 16.78) than in the NBF condition (N = 17, M = 38.96, SD = 17.53). In 

the between-subject comparison, average offers were higher in the FLB treatment group 

(N = 17, M = 34.00, SD = 18.52) compared to the control group (N = 12, M = 29.58, 

SD = 19.40). However, as shown in Table 1 (columns 2 and 3), neither difference was 

statistically significant. OLS regression results are reported for ease of interpretation, 

mixed-effects Tobit models yielded consistent results in terms of coefficient direction, 

magnitude, and model fit. Overall, the findings indicate that FLB does not significantly 

influence offer sizes in the DG, and we therefore find no support for Hypothesis 1. 

Hypothesis 2 tests whether FLB increases offers in the UG. In the within-subject 

design, offers remained nearly identical between conditions, with means of 38.86 (SD 

= 8.52) for FLB and 39.31 (SD = 8.98) for NBF. The between-subject comparison 

showed slightly lower average offers in the FLB treatment (N = 17, M = 38.86, SD = 

10.12) compared to the control group (N = 12, M = 39.33, SD = 11.58). Again, none of 

these differences reached statistical significance (Table 1, columns 4 and 5). As such, 

we also do not find support for Hypothesis 2. 

Wilcoxon rank-sum tests show that FLB is reflected in increases in social connect-

edness (within-subject UG only; W=44, p<0.001) but not in significant increases in 

warm glow of giving, fairness perceptions, fear of rejection, or empathy, either be-

tween- or within-subject. When adding social connectedness to the regression, model 

fit improves in all cases except within-subject UG. Greater social connectedness is as-

sociated with higher offer sizes in the DG, both within and between subject (Table 1, 

 
5 https://www.wu.ac.at/en/exp/wulabs  

https://www.wu.ac.at/en/exp/wulabs
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columns 2 and 3), but not in the UG, where offer size decreases in the between-subject 

case (Table 1, column 5). 

Although FLB effectively increases feelings of social connectedness, especially in 

the between-subject group in the UG, this emotional shift does not correlate with higher 

offer sizes across conditions. The impact of FLB on other emotional constructs such as 

empathy, fear of rejection, and fairness perceptions remains limited, as indicated by 

insignificant changes in these variables. Thus, the decreased social distance between 

subjects may not be strong enough to outweigh more strategic or normative considera-

tions in decision-making, resulting in equal offer sizes despite FLB. Moreover, cogni-

tive overload may inhibit behavior changes triggered by FLB. Interpreting real-time 

biofeedback imposes an additional cognitive burden, potentially distracting participants 

from empathetic processing or social reasoning, especially in the more complex setting 

of the UG. This aligns with findings from HCI research, showing that physiological 

feedback systems can increase mental effort or stress when not designed intuitively [56, 

57]. Additionally, fairness perceptions may be context-dependent and resistant to ma-

nipulation through biofeedback, particularly in games where fairness is endogenous to 

the structure. These social and cognitive dynamics may prevent direct effects of FLB 

on offer sizes due to the nature of the games. 

The finding that FLB significantly increases social connectedness (p < 0.001) but 

does not consistently lead to higher offers suggests that the effect of connectedness 

depends on the strategic context. In the DG, where the recipient has no rejection power, 

decreased social distance may evoke sympathy, prompting slightly higher offers. In 

contrast, in the UG, where the responder can reject the offer, proposers may focus more 

on strategic self-interest. Feeling more connected might reduce the perceived need to 

offer more, as the proposer may expect the responder to be more forgiving. These op-

posing effects indicate that social connectedness does not act as a simple prosocial 

driver but depends on the structure and strategic nature of the game. 

The low adjusted R² values in the UG models (within-subject = -0.03 and between-

subject = 0.07) show limited explanatory power, suggesting that the included predictors 

only account for a small fraction of the variance in offer sizes. This reflects the inher-

ently complex and strategic nature of decision-making in the UG, where outcomes are 

likely influenced by unobserved factors not captured in the current specification. 

Table 2. Regressions for H1 (DG) and H2 (UG). 
 

H1: DG H2: UG 

Variable Within Between  Within Between  

Intercept 
71.57 

(10.56)*** 

49.23 

(12.12)*** 

35.62 

(5.90)*** 

40.36 

(7.92)*** 

FLB: Yes 
-5.93  

(3.84) 

6.55  

(4.03) 

1.41  

(3.53) 

-1.14  

(2.84) 

Gender 
-12.68 

(4.12)** 

-6.17  

(4.15) 

4.48  

(3.25) 

3.71  

(3.27) 

Age 
-1.25 

(0.34)*** 

-1.17 

(0.44)** 

0.13  

(0.15) 

0.23  

(0.19) 
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Social connected-

ness 

0.18  

(0.07)* 

0.36 

(0.08)*** 

-0.04  

(0.05) 

-0.13 

(0.05)* 

Round 
0.46  

(2.34) 

-0.14  

(2.37) 

-0.15  

(1.71) 

-0.31  

(1.69) 

Adjusted R² 0.15 0.2 -0.03 0.07 

Obs. 17 29 17 29 

Note: *  p<0.05, ** p<0.01, *** p<0.001 

Discussion and limitations 

Our study investigates the effects of HR-based FLB on resource sharing in economic 

decision-making. Specifically, we investigate offer sizes in the DG and UG. It is one of 

the first on foreign live biofeedback in game-theoretic settings. We do not find effects 

of FLB on offer sizes in the DG and UG, but we do find that social connectedness 

affects behavior. FLB was not consistently reflected in perceptions of social connect-

edness, empathy, warm glow of giving, fairness perception, and fear of rejection. This 

could be a function of the specific FLB design, which might be difficult for participants 

to interpret in the context of the games. Another reason may be the specific game set-

ting: in accordance with best practices from experimental economics, the games were 

presented neutrally and without gamification features geared towards increasing emo-

tional involvement and emotional salience. The participants were not provided with 

instructions how to interpret the feedback or which emotions their counterparts re-

ported. Neither were they given specific suggestions how their sharing behavior might 

impact their counterpart’s affective state. This might have led participants to not include 

FLB in their decision-making. The advantages of this setting, however, are that it did 

not introduce incentives for strategic misreporting of emotions by the counterpart and 

it avoided added variation by some gamification elements potentially being more sali-

ent to some participants than others. 

We aim to address this in future studies, along with other limitations to test the ro-

bustness of our results.  

One, we only recorded the HR data for the treatment group but not for the control 

group. Thus, we cannot control for between-subject HR variations in our analysis.  

Second, our results may be subject to order effects. Participants played without bio-

feedback first and then, in the treatment group, repeated both games with biofeedback. 

Their individual experiences may influence their behavior in the biofeedback rounds 

during the first rounds (played without biofeedback) and familiarity with the games in 

general. Future research could therefore tackle this issue by counterbalancing the con-

ditions across participants to improve internal validity.  

Third, behavior in UG (within-subject) was driven by other factors outside our 

model, as evidenced by the negative R2 value, which we will investigate. In addition, 

we plan to investigate whether the behavior of responders in the UG differs between 

FLB and NBF treatments. Even if responders do not see FLB, if they are aware that the 

proposers did, they might be more likely to reject offers they perceive as unfair. The 

statistical power of the results was calculated with the statistical power analysis 
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software G*Power (version 3.1.9.7) [58], resulting in very low values ranging from 

0.06 (H2) to 0.18 (H1). This could be addressed by a larger sample size.  

Fourth, the placement of post-game questionnaires may have introduced demand ef-

fects. Repeated exposure to fairness and social distance measures could sensitize par-

ticipants to the study’s underlying aims, thereby influencing their subsequent decisions. 

To mitigate this risk, future research could consider randomizing the placement of these 

questionnaires or varying the wording of items across rounds.  

Finally, alternative operationalizations and visualizations of FLB ought to be tested, 

in conjunction with a more in-depth look at how different visualizations are interpreted 

by different people in different social situations. Future studies could look at more com-

plex interaction settings beyond the UG and DG.  
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Abstract. In algorithm augmented decision-making, humans must successfully 

judge when to follow or reject algorithmic advice. Here, research showed that 

humans tend to reject algorithmic advice after experiencing algorithmic errors. 

This more severe response to incorrect algorithmic advice compared to incorrect 

human advice gave rise to the definition of, and research on, the phenomenon of 

algorithm aversion. However, empirical findings on algorithm aversion are con-

flicting and mostly focused on the decision itself while neglecting the cognitive 

processes from receiving incorrect advice to deciding. Using a multi-trial mouse 

tracking experiment, we aim to better understand the emergence of algorithm 

aversion by investigating decisional conflicts reflected in cognitive process data. 

Through our research, we mainly aim to contribute to research on algorithm aver-

sion and the IS community’s methodological toolkit while our insights on deci-

sional conflicts can further inform practitioners on how to responsibly enable and 

onboard users of algorithms. 

Keywords: Algorithmic Decision Making Ö Cognitive Process Tracing Ö Deci-

sional Conflicts Ö Algorithm Aversion 

Introduction 

In the interaction with algorithms, people tend to respond more negatively to their 

errors than if the same error has been made by a human decision maker, a phenomenon 

called algorithm aversion [1, 2]. The reasons for algorithm aversion are quite heteroge-

neous, ranging from lack of experience with algorithms [3] to underlying biases to-

wards algorithms [4] to the perception that algorithms are not personalized [5]. Yet, 

while most of the literature focuses on perceptions towards humans and algorithms [6], 

there is a lack of understanding of underlying cognitive processes that shape people’s 

responses to algorithmic errors. Specifically, there is an insufficient theoretical under-

standing of how negative evaluations of algorithms after experiencing errors, relate to 

the initial perceptions people have toward algorithms. Thus, more research is needed to 

link the underlying decision-making process with how negative assessments of algo-

rithms evolve.  

Prior research suggests that individuals might experience decisional conflicts which 

result from conflicting or ambiguous information [7]. This experience can lead to neg-

ative effects such as more stressful and difficult decisions [8]. The repeated interaction 

with and experience of correct and incorrect algorithmic advice could create such 
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decisional conflicts that might also cause humans to reassess the advisor’s credibility. 

Thus, we argue that uncertainty [8], a lack of experience with a given algorithm [3], 

and a sensitivity to small number of algorithmic errors [9] trigger decisional conflicts, 

which then, in turn, shape negative responses to the algorithmic advisor. Further, we 

propose that a more granular perspective on cognitive processes using mouse tracking, 

offers a variety of potential measurements that enable us to investigate these decisional 

conflicts within the complex interplay of algorithms and human decision-makers.  

Process tracing methodologies have so far been used by the IS community for stud-

ying user experience [10] or fraud detection [11]. However, to the best of our 

knowledge, these approaches have not yet been used to study potential decisional con-

flicts in algorithm-augmented decision-making. By adopting this perspective, we aim 

to identify, visualize, and analyze the process from receiving advice to making a final 

decision in the presence of varying system performances. Focusing on real-time process 

data and mental operations rather than the decision itself (e.g., following or rejecting 

the advice), we enable ourselves to answer the question of how the decision is made 

without neglecting what decision was made.  

Theoretical Background and Research Questions 

So far, research has shown that the experience of incorrect algorithmic advice could 

negatively affect the human decision-maker’s self-reported trust [12], reliance [13], and 

mental model development [14]. More specifically, research revealed that these nega-

tive effects are especially influential if incorrect advice is experienced during an early 

phase of multiple interactions [15], which was interpreted using one of prospect the-

ory’s [16] main assumptions: That losses (e.g., incorrect advice) are treated differently 

than gains (e.g., correct advice). It can be assumed that the experience of this incorrect 

advice generates uncertainty as to how precise the advisor is. We argue that this uncer-

tainty, combined with the potential urge to take on algorithmic advice, might lead to 

decisional conflicts of varying intensity that are experienced by the human decision-

maker. In general, decisional conflicts are defined as an ambiguity caused by, among 

others, an uncertainty in the outcomes of the choices at hand [8].  

We plan to use a process tracing measure to investigate these decisional conflicts. 

Process tracing methodologies that originate from and are commonly used in cognitive 

psychology are targeted on human mental operations that surround individual choice 

processes [17]. These methodologies range from tracking computer mouse trajectories 

to the analysis of eye movements and investigating fMRI images [17]. Here, especially 

mouse tracking offers a low barrier entry point as the methodology is easy to implement 

and offers a wide range of valuable real-time data [7]. For example, we can use mouse 

tracking to observe whether participants switch between different options during their 

decision-making process and how often they do so. This information would remain 

unobserved, by capturing and analyzing decision time or final decisions.  

Combining this theoretical and empirical evidence, we aim to answer the following 

research question: 
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RQ: Do incorrect human advice and incorrect algorithmic advice lead to different levels 

of decisional conflict, manifested in divergent mouse trajectories? 

Methodology 

Task and Material 

We selected a decision-making task that meets various important criteria. First, the 

task should be adaptable to different levels of complexity. Second, participants should 

have little to no prior experience with similar tasks. Further, we aimed for a task where 

participants could not know, measure, or count to solve the task, and therefore, might 

need to rely on an advisor. In addition, we were looking for a task to observe basic 

cognitive mechanisms independently from specific domain knowledge and among a 

non-expert sample. Given this rationale, we opted for a basic visual estimation task that 

shows parallels to and is inspired by various applied settings.  

For example, algorithms support humans in tasks that involve visual processing of 

abstract representations, such as analyzing medical images [2], environmental decision-

making using satellite-based land cover data [18], or inspection tasks in the context of 

maintenance work [19]. In these tasks, professionals must analyze the image’s features 

(e.g., shape or size) to make a subsequent decision. These tasks bear the potential of 

being supported by algorithms due to the technology’s capability to analyze visual input 

(e.g., radiology imaging) at an equal or even greater sensitivity and specificity than 

human professionals [20].  

Referring to these scenarios, participants in our experiment will be asked to estimate 

the percentage of an image that is colored black. The images vary, yet they share a 

common logic: all images consist of differing numbers of rows and columns, which, 

taken together, form a grid. Each field of that grid is either colored white or black, 

resulting in multiple complex structures that form partial areas within the overall image. 

In accordance with [21], we argue that with an increasing number of rows and columns, 

the image’s features, and therefore the overall complexity, is increasing proportionally 

(Fig. 1). 

 

 

Fig. 1. Examples with varying complexity. In all examples, 50% of the image is colored black. 

We will run an online pre-test with a pre-selected subset of images. Participants will 

be asked to estimate the percentage of the image that is colored black without receiving 

any advice or feedback. We included this pre-test for two main reasons. First, we want 
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to ensure that, taken together, the trials of the experiment are neither too easy nor too 

difficult to avoid participant boredom or fatigue. Second, we are interested in cognitive 

processes and decisional conflicts arising when participants consider relying on the ad-

vice of an alleged algorithm that showed to be incorrect during prior interactions. 

Therefore, we aim to use material that is difficult enough for participants to consider 

adopting the advice as they are uncertain about the accuracy of their estimation.  

During each trial of the main experiment, participants will receive manipulated ad-

vice from either an alleged algorithm or a human expert. The human expert will be 

described as a person unknown to the participant who is experienced in handling such 

estimation tasks. In the description of the algorithm, we will highlight that it was de-

veloped for and trained on image classifications as the ones used in the experiment.  

The correctness of the advice of both advisors will vary similarly throughout the 

interaction. Here, we used an approach inspired by existing research [12, 13, 22]. First, 

prior research showed, that a distinction in two different trial categories (e.g., correct 

vs. incorrect) is sufficient to elicit the effects of erroneous advice [12]. Hence, we dif-

ferentiate between correct and incorrect trials. We define correct trials as those in which 

the advice oscillates by a maximum of 10 points around the true score (+/- 5 percentage 

points above/below the true score). For example, if the true percentage of the black 

colored area is “67%” during a correct trial, the participant might receive “70%” as an 

advice from the human or algorithm. Further, we define incorrect trials as those in 

which the advice oscillates between a minimum of +/- 15 points and a maximum of +/- 

25 points. This indicates a more severe and recognizable over- or undershooting. For 

example, if the true percentage of the black colored area is “35%” during an incorrect 

trial, the participant might receive “60%” as an advice from the human or algorithm. 

This approach is congruent with previous research that used pre-tested material featur-

ing errors of similar severity [22]. Thereby, we ensure that the participants are more 

likely to recognize the incorrect advice as such while allowing for minor oscillations in 

correct trials that will guarantee a more realistic setting. As research already highlighted 

the more severe influence of early incorrect advice [15], we will place the incorrect 

trials during an early phase of the interaction. Moreover, recurring system failures have 

shown to evoke more negative effects among humans during repeated interactions [13]. 

Therefore, four out of the first six trials will feature incorrect advice. Thus, we argue 

that the differentiation between correct and incorrect trials, the severity of incorrect 

advice and the frequent experience of incorrect advice at an early stage of the interac-

tion should together lead to a negative reaction among participants. 

The main part of our experiment will be the mouse tracking decision scenario in 

which the participants will be forced to decide whether to select and thereby follow the 

advice (human or algorithmic) or keep their own estimation. Here, we will capture var-

ious variables that will enable us to visualize and analyze the development and progress 

of potential decisional conflicts over the course of repeated interactions. For example, 

we will collect variables such as the time a participant needs for a decision. However, 

the setup also allows for more sophisticated measurements such as the maximum devi-

ation of the participants mouse trajectory from the ideal (straight) trajectory, which 

would have directly led to the alternative that was ultimately selected (maximum devi-

ation) or the area which can be drawn between these two trajectories (area under the 
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curve). Both, a greater maximum deviation and a greater area under the curve indicate 

greater decisional conflicts [7].  

Experimental Setup & Participants 

We plan to conduct the main data collection as a between subject (human or algo-

rithmic advice) laboratory study to maintain control over the experimental procedure. 

The setup will feature laptops with an external computer mouse. The experimental 

setup was developed in accordance with the Mousetrap framework [23]. Recruitment 

will take place at the university campus, as well as through online channels and private 

networks. We are aiming for a diverse set of participants with regards to factors such 

as age or level of education. As our experimental setup features a visual task, we are 

going to closely monitor the participants’ visual capabilities.  

Procedure 

After being welcomed and seated, participants will be asked to give their consent 

before going through the instructions and perform a test run. The main data collection 

features 18 self-contained trials that follow a consistent procedure (Fig. 2). In the first 

two steps (see “1” and “2” in Fig. 2), participants will see and estimate one of the im-

ages displayed in Fig. 1, on an otherwise blank screen. This will be followed by the 

main decision-making scenario (see “3” in Fig. 2). On their screen, participants will see 

two options in the top corners of the screen: their own estimation (from the prior screen) 

and the advice from either the fictional human expert or the alleged algorithm. The 

source of advice (human or algorithmic) is consistent across all trials. Throughout the 

experiment, participants will either receive algorithmic or human advice (between-sub-

jects design). Using their initially centered mouse cursor, participants will be asked to 

click on and thereby decide for their own estimation or the displayed external advice. 

Upon deciding, participants will be asked to indicate their level of confidence in this 

decision (see “4” in Fig. 2). Next, participants will be shown the true percentage value 

of the black colored part of the image (see “5” in Fig. 2). Lastly, they will be asked to 

indicate their perceived precision of the advisor (see “6” in Fig. 2). This precision rating 

relates to all experiences across all trials. For example, during the fifth trial, participants 

should also consider the advisors precision during the first four trials when providing 

their rating. Subsequently, the experimental procedure continues with the next image 

as described in the first step. Upon finishing the last trial, participants will be debriefed.  
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Fig. 2. Overview of the study procedure. 
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Contribution and Outlook 

With our work, we primarily aim to contribute to the literature on human cognition 

in AI augmented decision-making [24] and the IS community`s process tracing meth-

odological toolkit to study decision-making behavior [25]. As research already high-

lighted the arising tensions resulting from the early deployment of potentially less ac-

curate machine learning (ML) systems [26], the focus on early incorrect algorithmic 

advice may further inform practitioners. In particular, our emphasis on emerging deci-

sional conflicts could help professionals address this issue by for example, implement-

ing appropriate enablement programs. Lastly, as this is a pilot study, the results will 

refine the experimental approach for a more comprehensive and in-depth follow-up 

experiment. This follow-up experiment could, among others, include the interaction 

with a more realistic IS artifact, a more practice-oriented task and the collection of sup-

plementary biometric data which can further enrich our understanding of cognitive pro-

cesses in algorithm augmented decision making. 
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Abstract. Error processing is  

a fundamental cognitive function that shapes decision-making, learning, and per-

formance in knowledge workers. While its neural mechanisms are well studied, 

the influence of hormonal variations—particularly across the menstrual cycle—

remains underexplored. This study investigates how fluctuations in estradiol and 

progesterone affect cognitive markers (error-related potentials) and behavioral 

markers such as reaction time and error rate. We propose a three-month longitu-

dinal within-subject study with 20 female participants, using electroencephalog-

raphy (EEG) and a Go/No-Go task to assess cognitive control across menstrual 

phases. Situated within the NeuroIS domain, this research integrates neuroscien-

tific methods into information systems (IS) design to better understand and sup-

port cognitive performance in digital work environments. By combining neuro-

physiological and hormonal data, the study explores how endogenous fluctua-

tions shape error monitoring and post-error adjustments. Findings are expected 

to offer insights into cycle-dependent cognitive variability, informing task man-

agement and adaptive, user-centered IS that promote personalized workplace 

strategies. 

Keywords: Error Processing · Menstrual Cycle · Event-Related Potentials 

(ERPs) · Cognitive Performance · Digital Workplace · Electroencephalography 

(EEG) · NeuroIS 

Introduction 

To err is human, but understanding error processing provides insights into cognitive 

performance essential for workplace decision-making. Errors are unintended deviations 

from accuracy, requiring behavioral adjustments when expected and actual outcomes 

mismatch [1, 2]. However, errors are a driver for learning [3]. In research, error pro-

cessing is central to performance measurement [2, 4–6] and is studied using electroen-

cephalography (EEG) to measure event-related potentials (ERPs) in real time [7, 8]. 

Central to error processing is the brain regulating perception, judgment, and action. 

Since the 1990s, research has explored the neural mechanisms underlying the 
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mismatches between intended and actual outcomes [9–11]. Error processing involves 

dopamine, a key neurotransmitter for motivation, reward learning, and motor control 

[12–14]. As error processing is tightly linked to dopaminergic signaling, it may also be 

susceptible to physiological factors known to affect this system—such as hormonal 

fluctuations across the menstrual cycle (MC). 

Despite extensive research on error processing, the impact of hormonal variations 

remains underexplored. The MC influences cognition and emotional regulation, yet its 

role in work-related error processing is largely overlooked [15]. Hormonal changes af-

fect decision making, impulse control, and cognitive flexibility, key to error processing 

[16–18]. Since error detection and post-error adjustments rely on dopaminergic control 

mechanisms, fluctuations in estradiol and progesterone may alter error adaptation [19, 

20]. Cycle phases also modulate error rates (ER) and post-error slowing (PES) [20–22]. 

Cognitive performance is a central factor in digital work environments, with error 

processing representing a sensitive and measurable indicator of such performance. 

Since hormonal fluctuations throughout the MC have been linked to cognitive variabil-

ity, this study's objective is to investigate the effects of the four MC phases (menstrual, 

follicular, ovulatory, and luteal phase) on error processing. Therefore, we target the 

following research questions: 

How do hormonal fluctuations across the menstrual cycle affect error processing, 

and how can this knowledge be leveraged to support cycle-sensitive cognitive perfor-

mance strategies in the digital workplace? 

We propose a longitudinal within-subject study using EEG to examine how hormo-

nal variations influence error processing in a work-relevant Go/No-Go task. By as-

sessing neurophysiological and behavioral outcomes, we explore hormonal effects on 

error-related potentials and behavioral adjustments, providing both theoretical insights 

and workplace implications. 

Recent conceptual work in the NeuroIS field has emphasized the potential of cycle-

sensitive task management to improve cognitive alignment and knowledge work out-

comes. For example, Bockshecker et al. [23] propose adapting workload based on MC 

phases to foster inclusive and personalized digital work environments. Our study ex-

tends this approach by providing empirical evidence for phase-specific variations in 

error processing using EEG. 

Considering sex-specific cognitive factors promotes workplace diversity and effi-

ciency [24, 25]. Understanding the MC’s impact supports optimizing work assign-

ments, schedules, and training, as cycle-sensitive task management can enhance per-

formance and well-being of female knowledge workers [15, 20, 26]. 

Error Processing Across Hormonal Cycles 

Neural error processing mechanisms support cognitive control and behavioral adjust-

ments [9, 11]. Due to their link to the neural base of action monitoring and behavioral 

adjustment, they can be influenced by hormonal variations [19, 20]. This section out-

lines cognitive concepts and examines how natural MC phases influence error detection 

and adaptation. 
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Error Processing and Cognitive Control 

EEG captures temporal brain dynamics with high millisecond-level resolution, making 

it a valuable tool in NeuroIS research, which leverages neuroscientific methods to en-

hance the design and evaluation of information systems (IS) [27–31]. As a non-invasive 

and objective technique, EEG allows researchers to measure brain activity during task 

engagement with high ecological validity [32]. In particular, event-related potentials 

(ERPs) derived from EEG recordings serve as time-sensitive markers of users’ cogni-

tive control processes during human–system interaction [31]. 

The Go/No-Go task, widely used in EEG studies, assesses response inhibition and 

elicits ERPs, key markers of cognitive control [33, 34]. ERPs reflect motor, sensory, 

and cognitive events and fall into three categories: exogenous (stimulus-driven, ~100 

ms), motor-related (linked to movement preparation, ~200 ms before to after response), 

and endogenous (higher-order processing, 100–600 ms) [7, 8, 32, 35, 36].  

Among ERPs, error-related negativity (ERN) and error-related positivity (Pe) are 

central to error processing. The ERN [9–11] is a negative deflection 50–100 ms post-

error, independent of response modality and detectable without conscious awareness, 

signaling unexpected errors and correlating with markers of cognitive control [11, 12, 

32, 35, 37, 38]. In contrast, the Pe, a positive deflection 200–400 ms post-error, is linked 

to conscious error detection and evaluation [9, 10, 37].  

Since ERN and Pe are modulated by dopamine-dependent processes, hormonal fluc-

tuations—particularly in estradiol and progesterone—can alter cognitive control and 

adaptive learning, affecting ERP amplitudes and influencing error detection and behav-

ioral adjustments [19, 20]. ERPs also vary by age and sex, with ERN amplitudes gen-

erally declining with age [39–41], while sex differences remain inconsistent [42–45].  

Pe is linked to PES, a cognitive control mechanism that delays responses after errors 

to prevent mistakes [37, 46]. PES varies across individuals and is influenced by MC 

variation in estradiol and progesterone [19], which should be considered when exam-

ining individual differences in error-related adjustments.  

As dopaminergic signaling plays a central role in the generation of ERP components 

such as the ERN and Pe [47], it is plausible that hormonal fluctuations—particularly in 

estradiol and progesterone—may modulate these error-related neural responses via 

their influence on dopaminergic pathways.  

Menstrual Cycle and Cognitive Variability 

The eumenorrheic MC, averaging 28 days with normal variations of up to seven days 

and individual fluctuations of ±2 days, is marked by fluctuating sex hormone levels 

[48, 49]. The MC starts with menstruation and is traditionally divided into two phases, 

but cognitive and neurophysiological research often uses a four-phase model: men-

strual, follicular, ovulatory, and luteal [48, 49] (Fig. 1). 
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Fig. 1. Hormones and Basal Body Temperature over the Cyle Phases 

The MC progresses through distinct hormonal phases, each influencing cognitive 

performance. The menstrual phase (Days 1–5, red) begins with bleeding and low hor-

mone levels, particularly estradiol and progesterone, which start rising at the end of this 

phase. The follicular phase (Days 6–12, blue) is marked by an increase in follicle-stim-

ulating hormone (FSH) and a rise in estradiol, preparing the body for ovulation [49, 

50]. This hormonal shift enhances executive control [17]. 

The ovulatory phase (Days 13–15, pink) is defined by a peak in luteinizing hormone 

(LH) and declining estradiol, triggering ovulation. This brief phase coincides with peak 

cognitive performance, particularly in attention, working memory, and increased error 

monitoring [20, 47]. The luteal phase (Days 16–28, green) features a second, smaller 

estradiol peak and rising progesterone. If fertilization fails, the uterine lining recedes, 

triggering menstruation [49]. Progesterone dampens dopamine function, reducing cog-

nitive control and heightening emotional reactivity, especially in late luteal days [51, 

52]. As hormones drop, the cycle restarts. 

While the follicular phase varies, the luteal phase remains stable at around 14 days 

[53]. These hormonal shifts influence both physiological and cognitive functions, in-

cluding executive control, attention, and error processing. 

Hormonal variations shape cognitive performance. In the luteal phase, rising proges-

terone enhances verbal fluency, spatial orientation, and perceptual speed, but also in-

creases emotional reactivity and reduces cognitive control [26, 47, 52, 54, 55]. In con-

trast, estradiol—which peaks around ovulation—supports executive function and error 

processing [17, 56]. 

The cognitive effects of these hormones are task-dependent; while some functions 

benefit from elevated progesterone, others are impaired [47, 54]. Estradiol- driven ex-

ecutive control has been shown to enhance PES—a compensatory mechanism in which 

individuals slow down after making an error to improve subsequent accuracy—and re-

duce ERs, especially in complex tasks [22, 57, 58]. Given estradiol’s role in cognitive 
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control and its interaction with dopaminergic systems, we hypothesize the lowest ER 

during ovulation—when estradiol peaks—particularly in tasks requiring executive 

function and attention [20, 22, 47, 57]. These phase-specific effects are summarized in 

Table 1, which outlines the expected cognitive implications of estradiol and progester-

one fluctuations across the four MC phases. Estradiol has been shown to enhance do-

paminergic activity, thereby supporting cognitive control functions such as error mon-

itoring [17]. In addition to its dopaminergic effects, estradiol also modulates sero-

tonergic and glutamatergic systems, which are critically involved in cognitive control, 

emotional regulation, and stimulus evaluation. A recent review by Bendis et al. [59] 

highlights these multifaceted effects, demonstrating that estradiol acts as a neurochem-

ical integrator across key neurotransmitter systems, thereby influencing a broad range 

of cognitive processes relevant for error processing and adaptive behavior. 

Given the modulatory effects of estradiol and progesterone on dopaminergic path-

ways, hormonal fluctuations are likely to influence ERP components such as the ERN 

and Pe. As dopamine plays a central role in error monitoring, cycle-dependent hormonal 

variation may modulate both automatic and conscious error detection processes—

bridging neurochemical and electrophysiological domains. 

In contrast to natural hormonal fluctuations across the MC, hormonal contraceptives 

alter or suppress endogenous hormone levels through exogenous regulation [60]. This 

suppression results in a relatively stable hormonal environment across the cycle and 

eliminates the fluctuations typically observed in naturally cycling women [61]. Fluctu-

ations in sex hormones, like estradiol and progesterone, affect the central nervous sys-

tem and can modulate neural pathways linked to cognitive processes, emotional regu-

lation, and behavior [62]. 

Research Framework and Methodology 

Hormonal fluctuations shape error processing by modulating cognitive control. Across 

the MC’s four phases, shifting levels of estradiol and progesterone influence neuro-

transmission, error detection, and adaptive learning (Table 1). 

Estradiol boosts cognitive efficiency, while progesterone heightens emotional reac-

tivity, influencing decision-making and error regulation [15, 47]. These variations af-

fect workplace performance and IS use, where error monitoring and adaptive learning 

are key. 

To examine these effects, we propose a longitudinal EEG study spanning three non-

consecutive months, comprising a total of 12 sessions per participant. This duration 

allows for the observation of three full MC per subject. By scheduling approximately 

three EEG recordings per cycle phase, we aim to capture sufficient intra-individual var-

iability while accounting for natural fluctuations in cycle length. This sampling fre-

quency ensures a robust representation of hormonal influences across all four cycle 

phases. A power analysis [63] determined a sample of 20 for a 2 × 2 × 4 ANOVA 

(power = 80.35%, α = 0.05). Participants (women, 18 to 35 years, natural MC) will be 

recruited from FernUniversität in Hagen and compensated with ungraded course cred-

its. The selected age range is intended to minimize the hormonal variability related to 

puberty and perimenopause. Screening excludes neurological disorders, psychoactive 
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medication use, and hormonal contraception. Participants under hormonal contracep-

tion will be excluded to ensure consistent hormonal baselines and reduce variability in 

cycle-related effects. 

Table 1. Hormonal Influence on Error Processing Across Four Menstrual Phases 

 

Ethics approval will be obtained prior to participant recruitment. Participant screen-

ing and informed consent will be conducted anonymously via UniPark [64], which in-

forms participants about the study and ensures eligibility. Participation is voluntary, 

and participants may withdraw consent at any time without providing reasons. Session 

scheduling will be managed individually and anonymously through the SONA system 

[65]. Apart from the minimum necessary information for study coordination, no iden-

tifying data will be collected, and participants will remain fully anonymized via their 

SONA IDs.  

EEG data will be recorded in a shielded cabin using a 64-channel Brain Products 

GmbH system [66]. This number of electrodes offers a well-established trade-off be-

tween spatial resolution and participant comfort, ensuring high-quality recordings 

while maintaining feasibility in a repeated-measures design. 

Participants will complete a Go/No-Go task with flanker stimuli to assess cognitive 

control. This paradigm is widely used in cognitive neuroscience and provides a robust 

and validated measure of executive functions, particularly response inhibition and error 

monitoring. Especially with a No-Go ratio of 20%, the task is well established for elic-

iting a sufficient number of commission errors under controlled conditions [67]—an 

essential prerequisite for analyzing error-related neural markers such as the ERN and 

Pe. By requiring participants to inhibit prepotent responses in a time-sensitive setting, 

the task reliably provokes errors and post-error adjustments—key processes of interest 

in this study. The task’s relevance to workplace settings lies in its reflection of real-life 

Cycle Phase Dominant Hormones Expected Effects on Error 

Processing 

References 

Menstrual Low estradiol, low pro-

gesterone, low LH, low 

FSH 

Reduced ERN and Pe, lower 

cognitive efficiency, in-

creased ERs. 

[19, 21] 

Follicular Rising estradiol, low 

progesterone, rising 

FSH, low LH 

Increased ERN and cogni-

tive Pe, improved error pro-

cessing and PES. 

[17, 56] 

Ovulation Peak estradiol, low pro-

gesterone, LH surge, 

high FSH 

Reduced ERs, enhanced 

cognitive performance and 

attention. 

[20, 57] 

Luteal High progesterone, de-

clining estradiol, low 

LH, low FSH 

Decreased ERN and cogni-

tive Pe, increased emotional 

Pe, higher error susceptibil-

ity. 

[51, 52] 
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demands such as sustained attention, fast decision-making, and adaptive behavioral 

regulation. 

Cycle phases will be tracked using calendar-based monitoring supported by optional 

wearable devices such as the Oura Ring. The Oura Ring provides continuous physio-

logical data, including skin temperature and heart rate variability, which have been 

shown to correlate with ovulatory patterns and hormonal changes [68]. Recent findings 

indicate that Oura-detected temperature shifts can identify the ovulation window with 

an accuracy of up to 83% when compared to hormone-based methods [69]. While this 

offers a non-invasive and user-friendly approach, it is important to note that currently 

no non-invasive method reliably distinguishes all four MC phases with scientific pre-

cision. Most self-tracking tools—whether app-based, wearable, or using ovulation 

tests—are optimized for detecting ovulation, typically for contraception or fertility 

planning. They are not designed to differentiate the follicular, ovulatory, luteal, and 

menstrual phases with the granularity required for our research. 

To avoid confounding effects and to ensure that cycle-dependent cognitive fluctua-

tions can be attributed to endogenous hormonal dynamics, our study focuses exclu-

sively on naturally cycling women who are not using hormonal contraception. The tim-

ing of each EEG session will not follow a fixed protocol across participants but will be 

individually adapted to the average cycle length of each participant to ensure phase-

appropriate measurement and account for natural inter-individual variation. This ap-

proach enables a more accurate interpretation of ERP and behavioral markers in relation 

to MC dynamics. 

For enhancing phase classification in this study, the potential use of commercially 

available ovulation tests (e.g., LH strips) is under consideration, depending on feasibil-

ity and participant acceptance. Phase assignment will be flexibly anchored to self-re-

ported menstruation onset and informed by available physiological data, allowing for 

natural variation in cycle length and hormone responsiveness. In future iterations, sali-

vary hormone assays could further improve temporal precision. 

The analyzes will focus on ERPs, reaction times (RTs), ERs, and PES. ERN 

measures automatic error monitoring, while Pe reflects conscious error evaluation. RTs 

index decision speed and PES, providing insights into hormonal influences on cogni-

tion. Understanding these effects can help optimize workplace strategies and IS design 

by aligning cognitive workloads with hormonal rhythms, improving efficiency and ac-

curacy in professional settings. 

Implications for Cognitive Research and Workplace Applications 

Hormonal fluctuations influence error processing, with implications for cognitive re-

search, workplace efficiency, and adaptive IS. Insights from this study could improve 

task management, enhance well-being, and inform productivity policies. 

Task allocation aligned with cognitive fluctuations may optimize performance. Cog-

nitive flexibility and attention peak during the follicular and ovulatory phases, favoring 

complex problem-solving. In contrast, a higher progesterone level in the luteal phase 

can reduce cognitive control, making structured tasks more suitable. Menstruation, of-

ten associated with cognitive variability, may benefit from flexible digital work 
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arrangements. Beyond productivity, cycle-sensitive strategies could support well-being 

and workplace diversity [23]. 

These insights could drive adaptive IS that enhance cognitive performance. Future 

research should explore artificial intelligence (AI)-driven scheduling and productivity 

tools that adjust digital work intensity, suggest tasks, and recommend breaks based on 

hormonal tracking. Wearable technologies could refine task recommendations in real 

time. 

Beyond methodological considerations, the use of physiological data for adaptive 

task management also raises important ethical and privacy concerns. Sharing cycle-

related insights—particularly in digital work environments with hierarchical or gen-

dered structures—may introduce risks of social stigma, unintended bias, or even mi-

croaggressions. These risks must be taken seriously when considering real-world ap-

plications. Future implementations of cycle-sensitive systems must therefore adopt a 

privacy-by-design approach [70], ensuring that physiological data remains anony-

mized, securely stored, and under the full control of the individual. Participation in such 

systems should always be voluntary and informed, with explicit consent required for 

any form of data processing. In addition, awareness training for supervisors and system 

designers may be necessary to prevent misuse or misinterpretation of sensitive infor-

mation. These safeguards are essential to ensure that cycle-sensitive digital workplace 

technologies support inclusion and empowerment rather than reinforce existing biases. 

Further research should investigate how aligning digital work demands with hormo-

nal variations may improve decision-making and reduce cognitive strain. 

In addition, exploring individual differences—such as hormonal sensitivity or con-

traceptive use—could help refine personalized cognitive support systems and IS. Ulti-

mately, cycle-sensitive workplace strategies hold the potential not only to enhance 

productivity and well-being, but also to empower women through inclusive and adap-

tive work environments—while opening new pathways for NeuroIS to support person-

alized, ethically grounded cognitive augmentation in digital settings. 
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Abstract. Susceptibility to health misinformation is determined by numerous 

technology-level and user-level factors. While existing IS research has identified 

individual antecedents of misinformation susceptibility, there remains a critical 

gap in understanding how these factors interact to shape users’ ability to discern 

false health claims. This research-in-progress proposes an experimental study in-

tegrating eye tracking, facial expression analysis, think-aloud protocols, and sur-

vey data to capture users’ reactions to social media posts containing accurate and 

misleading health information. By applying Qualitative Comparative Analysis 

(QCA), we aim to identify configurations of conditions that lead to accurate or 

inaccurate detection of health misinformation, ultimately developing user pro-

files that categorize individuals based on their vulnerability to deception. These 

insights will provide a foundation for designing targeted interventions to mitigate 

risks associated with health misinformation belief. 

Keywords: health misinformation · user profiles · social media · eye tracking · 

qualitative comparative analysis 

Introduction 

Misinformation has been labelled a global epidemic, with 86% of Internet users ad-

mitting that they have been convinced by false online content [1]. Dissemination of 

misinformation, which can be defined as any false or dishonest claim that is presented 

as true [2], can lead to serious repercussions. This is especially true where health-related 

claims are concerned. When social media users encounter and believe health misinfor-

mation, they may take action that could negatively impact their well-being, or the well-

being of others [3]. Widespread misinformation related to COVID-19, for example, 

contributed to vaccine hesitancy and refusal to wear masks [4]. 

Health misinformation posts arise through social media and are therefore part of a 

complex sociotechnical system, comprised of both technology-level factors (e.g., cues 

related to the source, content, and style) and user-level factors (e.g., media literacy, 

reliance on emotions) [5]. Researchers have begun to explore how users react to tech-

nology-level cues using Neuro Information Systems (NeuroIS), but opportunities re-

main to explore how user-level attributes interact with these cues and the implications 

that these interactions have for misinformation belief [6]. It is expected that various 

technology-level and user-level factors interact in complex ways to form configurations 
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that can explain belief in health misinformation. Numerous factors are known to sepa-

rately impact health misinformation susceptibility [7], but prior work has not suffi-

ciently examined how combined pathways of factors may contribute to vulnerability 

[8]. Interactions among user and technology attributes could produce effects (e.g., am-

plification, suppression) that impact health misinformation susceptibility. Although 

there is evidence to suggest that interactions among different factors are important [9], 

the predominant use of linear analysis to assess antecedents of health misinformation 

belief prevents these complex interactions from being fully captured [8]. 

One approach that could help to understand configurations of factors that affect sus-

ceptibility to health misinformation is to examine user profiles. Profiles are hypothet-

ical user archetypes that emerge through investigative research and analysis [10], 

providing a structured method to conceptually typify a group of users [11]. Profiles 

capture the interplay of multiple cognitive, emotional, behavioural, and technological 

attributes, thereby helping to explain how and why different groups of users distinctly 

respond to information technology (IT) artifacts. Profiles can also be used to predict 

user behaviour. For instance, user profile typologies have been developed to identify 

users at risk of IT addiction [12].  

To inform the development of user susceptibility profiles, we propose a mixed-meth-

ods research approach designed to identify the most salient factors that influence users’ 

credibility assessments and explore how combinations of factors collectively explain 

belief in health misinformation. A think-aloud study design will be used, involving par-

ticipant observation, a structured questionnaire, and NeuroIS tools. This study adopts a 

hybrid approach, combining inductive discovery of factor configurations with deduc-

tive organization into meaningful user profiles to address the following research ques-

tions: (1) What user types are most vulnerable to believing health misinformation on 

social media?; and (2) Why are some user types more vulnerable to believing health 

misinformation on social media? 

There is strong justification for development of user profiles in the health misinfor-

mation context. Presently, no such typology is known to exist. By understanding who 

is most vulnerable, researchers, policy makers and other actors can design and imple-

ment measures to help those most susceptible. User profiles would be especially valu-

able for designing interventions targeted toward specific users that could more effec-

tively help them to identify false health claims.  

Background and Propositions 

Antecedents of Health Misinformation Belief 

Users’ assessments of social media content are shaped by technology-level and user-

level factors. Social media posts contain many exogenous sociotechnical cues that in-

fluence how users evaluate veracity [13]. Cues pertaining to the information source are 

among the most influential [14]. Content cues also have a significant role. For instance, 

labels that verify information credibility may affect users’ judgements of veracity [15]. 
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Style cues are additionally important. Headline attractiveness, for example, has been 

found to contribute to belief in health misinformation [16].  

Users do not detect and interpret sociotechnical cues consistently. Variability in 

emotional responses, attention allocation, and cognitive processing can lead to differ-

ences in how users engage with and evaluate social media content [7], making some 

individuals more susceptible to misinformation than others. A prominent antecedent of 

believing and sharing misinformation is confirmation bias [17], or the tendency to fa-

vour information that is consistent with existing beliefs and dismiss information that is 

contradictory [18]. Religious and political beliefs are especially influential in determin-

ing users’ reactions to health misinformation [19]. When one’s beliefs are challenged, 

this can induce a state of cognitive dissonance. For instance, Wang et al. [20] assert that 

individuals with high trust in food safety experience cognitive dissonance when they 

encounter statements that contradict established beliefs about specific foods being safe 

to consume (e.g., drinking too much milk causes cancer). These dissonant cognitions 

can spur emotions like anxiety and prompt behaviours aimed at reconciling contradic-

tory statements, such as sharing misinformation posts to seek reassurance from others.  

Users’ emotional and cognitive reactions can also be understood by consulting the 

dual-process model of decision-making, which distinguishes between two types of pro-

cesses: Type 1 (intuitive processes that are autonomous, fast, domain specific, and un-

conscious), and Type 2 (reflective processes that are deliberative, slow, domain general, 

conscious, and rule-based) [21]. Typically, individuals first engage in intuitive Type 1 

processing when they encounter some cue or stimulus [22], including cues present in 

social media posts. Use of Type 1 processes tend to involve greater reliance on one’s 

feelings. Although emotions can enhance information processing in some cases [23], 

feelings of anxiety and fear have been found to increase susceptibility to health misin-

formation belief [24, 25]. In contrast, use of analytical reasoning and cognitive reflec-

tion are positively related to discernment of fake news from real news [26]. Type 1 

processing does not necessarily result in incorrect assessments of veracity, nor does 

Type 2 processing consistently produce correct assessments [27]. Nonetheless, litera-

ture supports that Type 2 processing leads to improved detection of misinformation 

[28]. It can be deduced that reliance on Type 1 and Type 2 processes is related to social 

media assessments and could help to explain vulnerability to health misinformation.  

Complex Interactions Among Antecedents 

Beyond theories of confirmation bias, cognitive dissonance, and the dual-process 

model, there is substantial evidence that specific types of users are especially vulnerable 

to believing health misinformation [29]. Based on a literature review, Nan et al. [7] 

offer what can be considered the most comprehensive framework for understanding 

user attributes that affect susceptibility, including knowledge and skills, thinking style, 

trust, emotion, values, and group identity. These attributes are believed to influence 

users’ thinking processes and impact judgements of content veracity. This framework 

provides a valuable synthesis of important attributes, but it does not empirically validate 

their impact, nor does it account for interactions that may occur between factors in 
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different categories. For example, Horner et al. [30] find that users tend to experience 

negative emotions when exposed to social media posts that disagree with their political 

ideology. This suggests that emotions may interact with users’ values and affect their 

degree of susceptibility to health misinformation. Furthermore, prior research has not 

sufficiently explored interactions of importance between user-level attributes and spe-

cific cues embedded in social media posts. Researchers have been called on to explore 

how different cues elicit cognitive reactions, and how user-level attributes like trust in 

media and political orientation may impact these reactions [6].  

A single attribute can have different effects on health misinformation susceptibility, 

depending on how this attribute interacts with other factors [31]. This principle, referred 

to as causal asymmetry [32], can be inferred from the literature reviewed. Prior research 

indicates many inconsistencies as to how different demographic, psychological, and 

behavioural attributes affect health misinformation susceptibility. For instance, the re-

lationship between trust in government and susceptibility to health misinformation has 

been found to be both positive [33] and negative [34]. It is possible that such inconsist-

encies arise because trust in government interacts with other variables, which may pro-

duce different causal recipes that can explain susceptibility. This has been found with 

other attributes, such as age and health literacy [35]. Given that health misinformation 

belief is determined by various psychological processes [7], the interplay among mul-

tiple variables can likely offer more nuanced and precise predictions of susceptibility.  

In summary, both the user-centered and technology-centered approaches provide 

valuable yet incomplete perspectives. To fully explain why some individuals are more 

vulnerable to misinformation than others, it is necessary to examine how user attributes 

(e.g., cognitive and emotional traits) interact with sociotechnical cues in complex ways. 

This leads to our propositions: 

Proposition 1: User attributes (e.g., cognitive processing style, emotional state) in-

fluence user susceptibility to health misinformation. 

Proposition 2: Technology attributes (e.g., content cues, source credibility, engage-

ment metrics) influence user susceptibility to health misinformation. 

Proposition 3: Complex interactions between user and technology attributes pro-

duce configurations that more fully explain user susceptibility to health misinformation. 

Methodology 

Given the breadth of factors that could impact susceptibility, an exploratory mixed-

methods approach is proposed to evaluate which factors are most prevalent, and which 

configurations of these factors affect health misinformation belief. An experiment will 

be performed in a lab environment to explore users’ reactions to health-related posts, 

and to determine their degree of success in correctly identifying true and false posts. 

Approval to conduct this study has been received from the General Research Ethics 

Board at Queen’s University, and informed consent will be obtained from participants 

prior to data collection. 40 undergraduate students will be recruited using the Smith 

School of Business Research Pool and compensated with partial course credit. Partici-

pant recruitment is underway, with study completion expected by the summer of 2025. 
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Ten honest and ten dishonest social media posts will be shown to participants on a 

computer monitor. These posts relate to ten different topics: carcinogens, sunscreen 

use, alcohol consumption, microplastics, tap water safety, vaccines, hydration, radia-

tion emitted by electronic devices, diets to treat cancer, and genetically modified or-

ganisms. The posts that have been selected are authentic posts from the platform X 

(formerly Twitter), which have been modified to control for specific cues, including 

source credibility (indicated by verification symbol and credentials in username), pro-

fessionalism (proper use of capitalization and lack of grammar/spelling errors and emo-

jis), evidence (presence of an image and hyperlink), and engagement (total number of 

replies, likes, reposts and bookmarks). Any other differences among the posts are con-

sidered random variation. Veracity of the posts’ content has been verified using reliable 

sources (e.g., Health Canada). This approach is consistent with prior studies on misin-

formation [36]. Latin square design will be used to prevent order carryover effects [37].  

Participants will view the social media posts in isolation and vocalize whether they 

think each post is true or false. They will then have 20 seconds to justify their decision 

aloud. Participants’ eye movements will be recorded as they view the social media posts 

using a Tobii Pro Spark eye tracker. As a user fixates on specific areas of interest (AOIs) 

in the social media posts (e.g., images, engagement metrics, etc.), the eye tracker will 

collect information, including fixation count, fixation duration, fixation sequences, time 

to fixation, and pupil dilation. Interpretation of these metrics is synthesized in Table 1. 

Audio and video of participants’ faces will also be recorded. The audio recordings will 

be transcribed and qualitatively coded to assess participants’ success in identifying false 

posts, and to evaluate the reasoning behind these determinations. Noldus FaceReader 

software will be used to analyze users’ facial expressions in the video recordings, which 

can indicate their emotional valence (whether the emotion is positive or negative) and 

arousal (whether the user is calm or excited).  

The experiment is expected to take 15 minutes to complete. Immediately afterward, 

participants will complete an online post-test questionnaire in Qualtrics to capture in-

dividual attributes, such as familiarity with the health topics discussed, political ideol-

ogy, religious beliefs, conspiracy beliefs, faith in intuition, and relevant demographics. 

These variables were chosen based on a literature review of user-level attributes that 

impact health misinformation susceptibility [7]. Attention checks and questions to as-

sess common method bias will be included. The questionnaire should take approxi-

mately 10 minutes to complete. The physiological data, qualitative data, and quantita-

tive survey data will be collectively analyzed using qualitative comparative analysis 

(QCA), which is an effective approach for understanding complex causal structures 

[32]. Using participants’ accuracy in discerning the veracity of social media posts as 

the outcome of interest, our analysis will seek configurations of variables that are suf-

ficient and/or necessary for users to have high, moderate, or low success in correctly 

identifying true and false posts. These configurations may include cues in the social 

media posts (e.g., professionalism), metrics assessed using NeuroIS tools (e.g., emo-

tional arousal, cognitive load), heuristics that participants use to assess veracity (indi-

cated by their think-aloud comments), and self-report measures assessed through the 

structured questionnaire (e.g., faith in intuition). This will serve to determine how the 
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interplay between user-level and technology-level factors impact susceptibility to 

health misinformation, and to identify distinct profiles of user susceptibility. 

Table 1. Collection and Interpretation of Physiological Metrics 

Tool Metric Definition Interpretation 

E
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Fixation 

count 

Measures how many times a user 

gazes at each AOI [38]. 

Indicates which areas of interest capture 

users’ attention most frequently (e.g., the 

profile photo, spelling mistakes, etc.). 

Fixation  

duration 

Measures how much time a user 

spends gazing at a specific AOI [38]. 

Indicates how much attention a user allo-

cates to each AOI (i.e., arousal). 

Fixation  

sequences 

Indicates how a user’s gaze moves 

spatially and temporally [38]. 

Can reveal information about how users 

approach their assessments of social me-
dia posts (e.g., where they look first). 

Time to  

fixation 

Measures how much time it takes for 

a user to fixate on a specific area [38]. 

Can indicate how rapidly users process 

information in each area of the post. 

Pupil  

dilation 

Measures changes in participants’ 

pupil diameter [38]. 

Indicates cognitive load (mental effort 
being applied), as well as arousal (height-

ened attention) [39, 40]. 
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Heart rate 

Using remote photoplethysmography 

(rPPG), measures participants’ heart 
beats per minute by capturing small 

visual changes in their skin reflec-

tance as a result of blood flow [41].  

Can indicate emotional arousal (i.e., 

whether a user is excited or calm) [40]. 

Facial  

Expression 

Identifies discrete emotions by moni-
toring movements of participants’ fa-

cial muscles. 

Indicates basic emotions (e.g., sadness, 

anger, joy, etc.) and emotional valence 

(i.e., whether a user is experiencing a 
positive or negative emotion) [42]. 

Expected Contributions 

This research will support development of user profiles that embody how individual 

attributes, cognitive processes, emotions, and technology factors interact to produce 

high, moderate, or low vulnerability to health misinformation. Collection of objective 

and subjective data that is both qualitative and quantitative in nature will benefit the 

robustness of the user profiles, which will emerge by conducting QCA. Use of NeuroIS 

tools is expected to present novel findings. While the extant literature typically relies 

on static self-reported measures of emotions (e.g., [36]), real-time capture of physio-

logical data in our study will offer a more intimate knowledge of users’ processes for 

assessing health misinformation validity. Coupled with participants’ think-aloud com-

ments, the NeuroIS methods used will permit dynamic monitoring and assessment of 

users’ interactions with social media posts. By manipulating specific cues in the social 

media posts, as well as capturing user attributes that may affect health misinformation 

belief, this study will expand on prior work (e.g., [6]) that uses NeuroIS tools to monitor 

users’ reactions to misinformation.  

However, use of NeuroIS tools also presents some limitations. NeuroIS tools are 

well-regarded in terms of their reliability, but there is some interpretation involved in 
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analyzing the data collected [43]. For instance, when analyzing eye tracking data, it 

may not be clear whether a user’s attention is drawn to specific elements of a visual cue 

because they are confused or interested. As a number of different real-time metrics will 

be collected that can simultaneously offer insight on cognitive and emotional factors 

(e.g., pupil dilation, emotional valence), we intend to triangulate data at specific points 

in time and reasonably interpret participants’ reactions to the social media posts.  

Given that this research will be conducted in a laboratory setting, the study design 

cannot fully capture users’ organic interactions with social media posts. Participants 

will not have an opportunity to interact with the posts further (e.g., read replies, click 

on hyperlinks), and they may be more vigilant than normal when assessing the credi-

bility of the posts shown. Nonetheless, as this study is focused on understanding how 

user-level and technology-level factors interact and contribute to health misinformation 

vulnerability, we are confident that the study design will allow us to observe genuine 

reactions to posts presented, even if it does not fully capture typical behaviour on social 

media platforms. The relationships identified can be further tested with additional meth-

ods (e.g., diary studies) to gain insight in a more natural environment. Another limita-

tion of this study is generalizability. The sample of undergraduate students will offer 

limited diversity of attributes like age and education. This sample may also be biased 

by use of specific social media platforms, such as TikTok, which may not be used as 

frequently among other age groups. Although sufficient variability in the main attrib-

utes of concern is expected (e.g., political ideology, trust in science), future research 

can validate the profiles identified among more diverse social media users.  

The user profiles developed will offer an important research contribution as they can 

help to expose how people process social media posts, and why different types of users 

may be more susceptible to health misinformation than others. Considering that conse-

quences of health misinformation belief include promotion of ill-advised behaviours 

and diminished trust in health institutions [44, 45], development of interventions that 

prevent these consequences by targeting users most vulnerable to experiencing them 

could improve citizen wellbeing. This has been identified as an important research en-

deavour [46]. Profiles specifically developed around belief in health misinformation 

are also expected to be more nuanced and contextualized. Prior literature supports that 

belief in health misinformation is different from other types of false content, such as 

political misinformation [47]. User profiles that focus on false health claims are thus 

expected to have greater utility for combatting the spread of health misinformation.  
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Abstract. During the recent 2024 American presidential election, fake news and 

its associated problems have gained momentum. Artificial intelligence (AI) am-

plifies these problems as fake news fabricated by traditional forms of AI—and 

more recently by generative forms of it—has become omnipresent on social me-

dia. Older social media users, defined here as 65 years of age and over, can be 

especially vulnerable to fake news. This is alarming at a time when older people 

are obtaining most of their news online and when the aging of the population in 

many countries has accelerated. Against this backdrop, this research-in-progress 

develops a model to investigate whether age-related changes in cognitive abilities 

are responsible for the impact of age on users’ willingness to read fake news 

articles. This will shed light on a variety of ways that managers of social media 

platforms and policy makers can support older users. 

Keywords: Age · Older Users · Fake News · Vulnerability. 

Introduction 

Mary Oldfellow has just turned 69 years of age. She uses Facebook every day to follow 

developments in the lives of her loved ones and to read news articles online. She also 

posts comments on these articles, but when she does, her family and friends often tell 

her that her comments are misleading and that she should not believe everything she 

reads online. Many older users have a similar experience and claim that it is another 

sign the digital age is leaving them behind and is, in fact, creating social exclusion. 

This vignette illustrates the interdependency of two emergent trends that warrant further 

study: the rapid population aging and the pervasive growth of online fake news. 

 

There is a strong case for studying the role of age in fake news given that older people 

are more vulnerable to fake news but also turn out in far greater numbers than younger 

ones for elections [1]. They also tend to voice stronger opinions on political affairs such 

as the 2025 tensions between the US and Europe. Unfortunately, research on fake news 

has largely ignored the issue of user age, and few initiatives aimed at addressing the 

negative consequences of fake news have focused on older groups [2]. Research has 

failed to undertake this investigation for two main reasons. First, since the role of user 

age in vulnerability to fake news is a nascent area of research [2,3], there are almost no 

studies to build on. Thus a new study has the difficult task of laying the theoretical and 

methodological foundations of the entire inquiry. Second, although researchers in fields 
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like communications have studied specific interventions such as digital literacy training 

programs, they have not thoroughly examined the reasons that explain the vulnerability 

of older users to fake news [4]. It is thus time to make user age a central theoretical and 

practical concern in research on fake news by asking the following question (RQ):  

 

How and why does the age of users impact their willingness to read fake news?  

 

By answering this question, the present research-in-progress will create an improved 

model for understanding the relation between age and willingness to read fake news. It 

will show that cognitive decline threatens the ability of older social media users to dis-

cern fake news because it makes critical thinking more difficult [2]. By fast-tracking 

the development of intervention strategies that are adapted to older users, these findings 

will make important contributions both to the literature on fake news and to practical 

applications such as policy design or interface design. 

 

This paper is structured as follows. The next section presents the theoretical background 

for this study and develops the hypotheses. The following section outlines the method-

ology that will be used to test the model. The final section discussed the expected con-

tributions from this research-in-progress. 

Theoretical Background and Hypotheses 

While recent research [1] suggests that age-related cognitive changes (i.e., age-re-

lated changes in cognitive abilities) play a key role in the connection between age and 

engagement with fake news, this interesting hypothesis remains untested. Examining 

this hypothesis requires mediation analysis that explains the link between age and en-

gagement with fake news by identifying the underlying causal mechanism, known as 

the mediator variable, which explains the process by which one variable affects another 

[5]. This approach is relevant because cognitive decline should increase cognitive load, 

which can then be expected to affect critical thinking [6]. Critical thinking is in turn 

key to discerning fake news [2]. Therefore, we propose the following hypotheses: 

 

H1: There is a positive correlation between Age and Willingness to read fake news. 

H2: Age is positively associated with Cognitive load. 

H3: Cognitive load is positively associated with Willingness to read fake news. 

H4: Cognitive load mediates the relationship between Age and Willingness to read  

       fake news. 

 

Fig. 1. Research Model 

Age

Cognitive 
Load

Willingness
to Read
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Proposed Methodology 

To establish the link between age, objectively measured cognitive load and willingness 

to read fake news, the study will use a quasi-experiment, which is an experiment with-

out randomization. This type of experiment takes into account that age cannot be ma-

nipulated as it can only be an experimental selection. In line with the theories of cogni-

tive aging referenced above, younger users [<34] and older users [>65] will be selected. 

Younger users will be university students, and older users will be recruited based on 

university contacts and bulletin boards in residences for independent living. A Web site 

will be created for this study based on industry standards (www.canadianinstitute.com). 

The dependent variable, willingness to read fake news, will be measured using a vali-

dated scale [7]. 

 

Cognitive load will be assessed using oculometry and EEG technology. For oculome-

try, a state of the art Tobii eye-tracker will be used. It will record changes in eye move-

ments and pupil dilation [8]. It is noteworthy that it is an increased pupil dilation, as 

opposed to a decreased pupil dilation, that is usually indicative of increases in cognitive 

load. As regards EEG technology, we will infer cognitive load from a change in the 

spectral power of EEG signals [9]. The theta-band power at the Fz electrode position 

usually increases with increasing mental load. However, the signals in the alpha-band 

tend to decrease at Fz and Pz positions with increasing cognitive load [9,10]. To record 

electrical activity along the scalp, we will employ an EGI wide-band EEG with 32-

electrode headsets. This will permit us to analyze changes both in the theta and the 

alpha bands in order to infer the level of cognitive load [9,10]. 

Data analysis 

Following the data preparation, especially for the EEG data that requires complex cal-

culations, we will test the hypotheses. To analyze the data with respect to the hypothe-

sized mediation effect, Hayes’ (2022) PROCESS macro v4.2 for conditional process 

analysis in SPSS will be used [11]. We will employ PROCESS Model 4 for simple 

mediation with a 95% confidence interval and 5,000 bootstrap resamples in SPSS 27.  

Expected Contributions 

This project will contribute to the literature on IS use and to the literature in other fields 

such as psychology that have looked either into the issue of aging and fake news or into 

the issue of cognition and fake news believability [12]. IS researchers will learn how 

and why older users often find fake news more believable and tend to be more willing 

to read it. They will learn about the mechanism, cognitive load, that connects age with 

reading behaviors, and they will learn about the basic assumptions underlying the effect 

of age. This project will also benefit practitioners such as policy makers and managers 

of social media platforms, who will learn how to design interfaces and training pro-

grams that support older users effectively.  



136 

Acknowledgements. We are grateful to the editors and reviewers for the amazingly 

helpful feedback that we received throughout the review process. 

References 

1. George, J., Gerhart, N., & Torres, R. (2023). Uncovering the truth about fake news: A re-

search model grounded in multi-disciplinary literature. Fake News on the Internet, 175-202. 

2. Gaillard, S., Oláh, Z. A., Venmans, S., & Burke, M. (2021). Countering the cognitive, lin-

guistic, and psychological underpinnings behind susceptibility to fake news: A review of 

current literature with special focus on the role of age and digital literacy. Frontiers in Com-

munication, 6, 661801. 

3. Loos, E., & Nijenhuis, J. (2020). Consuming Fake News: A Matter of Age? The perception 

of political fake news stories in Facebook ads. In Human Aspects of IT for the Aged Popu-

lation. Technology and Society: 6th International Conference, ITAP 2020, Held as Part of 

the 22nd HCI International Conference, HCII 2020, Copenhagen, Denmark, July 19–24, 

2020, Proceedings, Part III 22 (pp. 69-88). Springer International Publishing. 

4. Moore, R. C., & Hancock, J. T. (2022). A digital media literacy intervention for older adults 

improves resilience to fake news. Scientific reports, 12(1), 6008. 

5. Zhao, X., Lynch Jr, J. G., & Chen, Q. (2010). Reconsidering Baron and Kenny: Myths and 

truths about mediation analysis. Journal of consumer research, 37(2), 197-206. 

6. Rivas, S. F., Saiz, C., & Ossa, C. (2022). Metacognitive strategies and development of crit-

ical thinking in higher education. Frontiers in Psychology, 13, 913219. 

7. Kim, A., & Dennis, A. R. (2019). Says who? The effects of presentation format and source 

rating on fake news in social media. Mis quarterly, 43(3), 1025-1040. 

8. Riedl, R., Léger, P. M. (2016). Tools in NeuroIS research: an overview. Fundamentals of 

NeuroIS: Information systems and the brain, 47-72. 

9. Riedl, R., Davis, F. D., Banker, R., & Kenning, P. (2017). Neuroscience in information sys-

tems research. Lecture Notes in Information Systems and Organization. Springer. 

10. Riedl, R., Kostoglou, K., Wriessnegger, S. C., & Müller-Putz, G. R. (2023). Videoconfer-

ence fatigue from a neurophysiological perspective: Experimental evidence based on elec-

troencephalography (EEG) and electrocardiography (ECG). Scientific reports, 13(1), 18371. 

11. Hayes, A. (2022). Introduction to mediation, moderation, and conditional process analysis. 

A regression-based approach. New York: Guilford (1609182308). 

12. Bago, B., Rand, D. G., & Pennycook, G. (2020). Fake news, fast and slow: Deliberation 

reduces belief in false (but not true) news headlines. Journal of experimental psychology: 

general, 149(8), 1608 



137 

 

Functional Near-Infrared Spectroscopy for Reading 

Comprehension Analysis: A Feature-Based Study 

Ural Akincioglu1,4, and Onder Aydemir2,3,4  

1 Electronics and Communication Engineering Department, Of Faculty of Technology, 

Karadeniz Technical University, Trabzon, Türkiye 

uralakincioglu@ktu.edu.tr 
2 Electrical and Electronics Engineering Department, Engineering Faculty, Karadeniz 

Technical University, Trabzon, Türkiye 

onderaydemir@ktu.edu.tr 
3Vitruvex Robotik Teknolojileri A.Ş, Teknopark Istanbul, Türkiye 

onder.aydemir@vitruvex.com 
4Medical Device and Production Application and Research Center, Karadeniz 

Technical University, Trabzon, Türkiye 

Abstract. This study explores the effectiveness of statistical feature extraction 

from functional near-infrared spectroscopy (fNIRS) signals in assessing English 

reading comprehension. Brain signals were recorded from 15 participants while 

reading 30 passages, followed by multiple-choice comprehension tests. Nine sta-

tistical features were extracted, and up to three-feature combinations were 

formed, resulting in 1,290 feature sets. The k-nearest neighbor (k-NN) classifier 

was utilized for classification, achieving an average accuracy of 73.48%. Among 

the statistical features, kurtosis was the most frequently selected, appearing 66 

times, while skewness was the least selected, appearing 8 times. The highest and 

lowest classification accuracies were 76.30% and 71.85%, respectively. A unique 

dataset was collected by implementing an original experimental procedure in this 

study. This study contributes to the NeuroIS field by offering a novel, brain-based 

approach to evaluate reading comprehension, a key competency in multilingual 

information technologies teams and global digital collaboration environments. 

Keywords: functional near-infrared spectroscopy · machine learning · reading 

comprehension  

Introduction 

In today's world, English reading comprehension as a foreign language is evaluated 

using various assessment methodologies. A review of studies in the literature on reading 

comprehension reveals several research efforts. One study assessed the Multiple-Choice 

Online Cloze Comprehension Assessment, designed to identify individual differences in 

reading comprehension [1]. Another study examined the influence of reading strategies 

on comprehension [2]. Research on standardized reading comprehension tests investi-

gated the differential contributions of reading and language skills [3]. Additionally, a new 

reading comprehension test was developed [4]. In another study focusing on the detection 
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of reading comprehension difficulties, the concordance between three widely used stand-

ardized reading comprehension tests in Spanish was analyzed [5].  

However, a major drawback of these techniques is their potential subjectivity, as the 

level of reading comprehension varies depending on the test format, examiner interpreta-

tion, and scoring criteria. Therefore, developing an objective and efficient assessment 

framework that can rapidly and accurately determine an individual’s comprehension level 

without the need for traditional testing methods, such as multiple-choice tests, oral exams, 

or surveys, is of critical importance.  

Building on this need, we reviewed reading comprehension studies that utilized the 

brain's neurocognitive processes and various neuroimaging techniques. The existing lit-

erature primarily focuses on the neural correlates of reading comprehension [6,7], the 

amplitude differences in brain signals while reading known and unknown words [8], and 

comparative analyses of cortical activation during meaningful and meaningless word 

recognition [9]. However, no study has comprehensively examined the neural mecha-

nisms underlying the comprehension of an entire text, rather than isolated words or short 

passages. This significant research gap highlights the need for studies that explore how 

the brain processes extended, cohesive textual information. 

Motivated by this gap, our study aims to determine individuals' comprehension status 

of an entire English text by identifying the most effective statistical features of their neural 

activities.  Additionally, we implemented a unique experimental procedure to record an 

exclusive functional near-infrared spectroscopy (fNIRS) dataset. 

Beyond the educational relevance, comprehension in a second language such as Eng-

lish plays a vital role in global information technologies (IT) teams, where seamless 

understanding supports digital collaboration, software development, and knowledge 

sharing. Thus, our study aligns with the broader goals of the information systems (IS) 

discipline, especially in the context of competence management and neuroadaptive sys-

tem design in the workplace. 

Materials and Methods 

Participants and Experimental Procedure 

The fNIRS signals were collected from 15 healthy participants (9 males and 6 fe-

males) with an average age of 29.20 ± 4.26 years using the NIRX NIRSport2 device. 

Participants were native Turkish speakers with English as their second language, 

demonstrating varying levels of English proficiency. 

A total of 30 English reading passages were carefully selected to represent a range 

of comprehension difficulties. Each text contained between 48 and 77 words and con-

sisted of 3 to 10 sentences. 

Prior to the start of the experiment, participants received an answer sheet to docu-

ment their self-assessment scores and responses to multiple-choice questions. The read-

ing experiment consisted of three sequential phases. In the first phase, participants were 

instructed to read a passage silently to reduce motion-related artifacts in the fNIRS re-

cordings and to maintain consistent cognitive engagement across trials; in the second 
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phase, they recorded their self-assessment scores; and in the third phase, they responded 

to a multiple-choice question related to the passage on the answer sheet. These three 

phases were repeated across 30 different passages. The multiple-choice questions were 

meticulously designed to thoroughly evaluate the content of each passage. The experi-

ment started when participants pressed the space key to signal their readiness, after 

which a 5-second countdown was shown before the first text appeared on the screen. 

They were allowed to read the text at their own pace without any time restrictions. The 

only requirement was to read each word only once, moving forward without revisiting 

previous words. Once they finished reading, participants pressed the space key again, 

triggering the self-assessment phase to be displayed. During this stage, they rated their 

comprehension on a scale from 1 to 10. If participants felt they had a poor understand-

ing of the passage, they assigned self-assessment scores between 1 and 4. Scores rang-

ing from 5 to 7 indicated a moderate level of comprehension, while scores between 8 

and 10 were given if they believed they understood the passage well. These scores were 

recorded in the self-assessment section of the answer sheet. 

Following the self-assessment phase, pressing the space key again triggered the ap-

pearance of a multiple-choice question on the screen. During this stage, participants 

read the question along with four answer choices without any time limitations and wrote 

their selected answer on the answer sheet. After completing the multiple-choice ques-

tion, pressing the space key once more initiated a 10-second countdown, after which 

the next passage appeared on the screen. This procedure was repeated for all 30 pas-

sages. 

fNIRS Recording 

In the experiment, fNIRS signals were recorded using the NIRX NIRSport2 device. 

The setup included eight sources and eight detectors, forming 20 channels with a stand-

ard source-detector distance of 3 cm. Data was sampled at a rate of 10 Hz. Based on 

prior studies, the optode montage was designed to target the bilateral temporal regions, 

including Brodmann Areas 21 and 22, which encompass Wernicke's area, known for 

its role in language comprehension. 

For each passage, the starting point was labeled as S1 and the ending point as S2 

within the fNIRS signals. The signal segments between S1 and S2 were defined as trials 

and used for analysis in this study. A total of 450 trials were obtained from 15 partici-

pants. 

The Proposed Method 

The proposed method consists of simultaneous signal recording with experimental 

procedure, feature extraction and classification steps. During the experimental presen-

tation, brain signals are recorded using an fNIRS cap. In the feature extraction phase, 

various statistical feature combinations are utilized to extract features from the recorded 

brain signals. The extracted features are subsequently classified using the k-nearest 

neighbor (k-NN) classifier. 
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Feature Extraction and Classification 

In this study, deoxygenated hemoglobin (Deoxy-Hb) signals were selected for fea-

ture extraction. Although oxygenated hemoglobin often exhibits stronger signal ampli-

tudes, Deoxy-Hb has been shown to provide greater spatial specificity and is less sus-

ceptible to systemic physiological noise, such as superficial blood flow and motion ar-

tifacts [10]. Moreover, Deoxy-Hb is known to show a stronger correlation with the 

blood oxygenation level-dependent signal in fMRI studies, making it a more reliable 

indicator of localized neural activity related to language processing [11]. 

Nine statistical features were employed: skewness, kurtosis, standard deviation (std), 

mean, interquartile range (IQR), harmonic mean (harmmean), 50% trimmed mean 

(trimmean), mean absolute deviation (mad), and singular value decomposition (svd). 

Feature combinations were formed with a maximum of three features per combination, 

and feature vectors were extracted from these combinations. When individual features 

were used, a total of 9 cases were considered; for pairwise combinations, 36 cases were 

generated; and for three-feature combinations, 84 cases were formed. Consequently, 

129 unique feature combinations were obtained. The experiment was repeated 10 times, 

resulting in a total of 1,290 feature combinations.     

The formulas for the statistical features are presented in Equations 1 to 9. 
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In all formulas, x represents the data, n denotes the total number of data points and 

ὼӶ refers to the mean of the dataset. In formula 5, ὗ is the 25th percentile, which repre-

sents the value below which 25% of the data falls. ὗ  the 75th percentile, which repre-

sents the value below which 75% of the data falls. In formula 7, k represents the number 
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of data points removed from both the lower and upper ends of the dataset. It is calcu-

lated as: 

 

                                                  Ὧ ỗὴ  ὼ ὲỘ                                                           (10) 

 

p is the trimming proportion, and ỗȢȢỘ denotes the floor function, which rounds down to 

the nearest integer. In formula 9, ὼ  is a matrix, U is an orthogonal (or unitary) matrix, 

containing the left singular vectors, ɞ is a diagonal matrix containing the singular val-

ues, ὠ  is an orthogonal matrix, containing the right singular values.  

The k-NN classifier was used in this study. Classification was performed using a 

pooled-subject approach, in which data from all participants were combined and ran-

domly split into training and test sets. The dataset consists of 248 understood trials and 

202 not understood trials. The dataset was split into 70% for training and 30% for test-

ing. Specifically, out of the 248 understood trials, 174 were used for training, and 74 

for testing. Similarly, out of the 202 "not understood" trials, 141 were used for training, 

and 61 for testing. The 1,290 feature combinations were classified using the k-NN clas-

sifier. 

Results  

In this study, the primary objective was to identify the most effective statistical fea-

ture for determining reading comprehension. A total of 77 feature combinations 

achieved the highest accuracy across the 10 runs. The selection frequency of the fea-

tures appearing in these combinations is presented in Fig. 1. 

 

 
Fig 1. The selection frequency of the features 

 

The most frequently selected feature was kurtosis, appearing 66 times, while the 

least selected feature was skewness, appearing 8 times. Based on these results, kurtosis 

can be considered the most effective statistical feature for feature extraction in reading 

comprehension data. After 10 runs, the proposed method achieved an average classifi-

cation accuracy of 73.48%. Across these 10 runs, the highest classification accuracy 
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achieved was 76.30%, while the lowest classification accuracy obtained was 71.85%. 

The detailed confusion matrices for these two runs are provided in Fig. 2. 

 

 
 

Fig. 2. The detailed confusion matrices for highest and lowest classification accura-

cies 

 

Discussion 

The findings of this study demonstrate that statistical features extracted from fNIRS 

signals, particularly kurtosis, can be effectively used to infer reading comprehension 

states in a second language. This underscores the potential of brain-based assessment 

frameworks to provide objective insights into cognitive performance, moving beyond 

traditional evaluation methods. 

In contrast to previous studies that focused on word-level or short-phrase compre-

hension using neuroimaging techniques, our study addresses a significant gap by ana-

lyzing comprehension at the passage level, thereby offering deeper cognitive insights. 

From a theoretical standpoint, this contributes to the emerging field of NeuroIS by in-

tegrating cognitive neuroscience with information systems research. It opens new ave-

nues for evaluating digital literacy and collaborative competencies, which are critical 

in multilingual, distributed IT teams. 

From a practical perspective, the proposed method could be implemented in digital 

workplace systems and educational platforms to monitor and support real-time com-

prehension during e-learning sessions or while reading software documentation. Such 

an approach has the potential to enhance collaboration tools with neuroadaptive feed-

back, improve information retention, and reduce cognitive overload in multilingual set-

tings. 

Future research should explore multimodal approaches by incorporating EEG or 

eye-tracking data. Comparing within-subject and between-subject classification meth-

ods could further deepen our understanding of individual reading comprehension pat-

terns. 
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Abstract. With Generative Artificial Intelligence (GenAI) becoming increas-

ingly prominent in creative work relying on divergent thinking, concerns arise 

about overreliance and its potential to erode human creativity. While the impact 

of GenAI is intensively researched for decision-making, critical thinking, and 

problem-solving—with both immediate and long-term effects observed—re-

search is scant regarding divergent thinking. We address this gap by proposing 

an experimental study with a twofold objective: evaluating (1) how neurophysi-

ological activity (measured directly with EEG and indirectly with eye-tracking) 

varies when ideating alone, with GenAI, or with a human peer, and (2) how a 

divergent thinking session with GenAI influences creative potential and brain ac-

tivity during subsequent solo ideation. We seek to contribute to the understanding 

of human-GenAI creative collaboration dynamics and to inform the design of 

neuroadaptive systems that enhance, rather than undermine human creativity 

over time. 

Keywords: Creativity, divergent thinking, overreliance, GenAI, EEG. 

Introduction 

As generative artificial intelligence (GenAI) becomes increasingly integrated into crea-

tive work [1,2], growing concerns are being raised about overreliance and its undermining 

effect on our own creative abilities [3–6]. While there is substantial research on GenAI 

overreliance for decision-making [7–11], critical thinking and analysis [12–15], and prob-

lem-solving [16–18], its effects within the realm of creative tasks are not well docu-

mented. Though some studies have explored related contexts, namely creative writing 

[19,20] and creative problem-solving [16,21], to the best of our knowledge,  no research 

has focused neither creative ideation specifically, nor on neurophysiological activation 

when such activities are performed in collaboration with GenAI. Yet, it remains particu-

larly relevant, as brainstorming (idea generation) is the second most common use of 

GenAI [22]. 

With this widespread adoption, an emerging body of literature raises awareness and 

cautions that excessively outsourcing creative ideation to GenAI may potentially lead 

to numbing long-term effects to our own creative capabilities [17,23–25], emphasizing 

a pressing need for further investigation [25,26]. Given that neuroplasticity allows for 

interventions to enhance creative potential over time [27–30] and some techniques 
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show improvements after a single session [28], we argue that reverse effects could also 

be observed, impairing creative potential both short and long-term. 

As an initial step in addressing this research gap, we examine whether the effects of 

a single creative session with GenAI could be measured neurophysiologically, as even 

brief exposure to technology has been documented to induce changes in memory en-

coding [18], deep reading [31–33], cognitive processing and analysis [31,34,35], and 

concentration [36], where extensive reliance on GenAI or technology has been shown 

to “produce both acute and sustained alterations in each of these areas of cognition, 

which may be reflected in changes in the brain” [36]. It is hypothesized that this may 

partially be the result of excessive cognitive offloading [7,13,14,37], where users ex-

hibit reduced attention and cognitive engagement with their tasks [38]. 

To specifically target creative ideation, we base our experimental tasks on divergent 

thinking, a cognitive process focused on exploring multiple solutions, bridging different 

fields and novel ideas [39–41]. We propose a between-subjects design, with three exper-

imental conditions: (a) control, with solo ideation, (b) human-GenAI, where participants 

ideate using ChatGPT-4.0, and (c) human-human, where participants ideate with a peer 

through a chat-based interface [42], mimicking the human-GenAI setup for adequate 

comparison. After multiple trials in their respective condition, all participants complete a 

final set of divergent thinking tasks individually to compare their shifts in performance. 

This post-treatment solo ideation allows us to assess potentially immediately observable 

effects of collaboration with GenAI, shedding light on whether such exposure and possi-

ble overreliance impair subsequent independent work, as suggested by [36]. Throughout 

the experiment, EEG and eye-tracking data is captured to measure direct and indirect 

neurophysiological activity respectively, with the latter device also ensuring adherence to 

the assigned condition, following the eye-mind assumption [43,44]. Through this setup, 

we attend to the following research questions: 

¶ RQ1: To what extent does neurophysiological activity differ when humans are engaged 

in divergent thinking tasks alone, with GenAI, or with another human? 

¶ RQ2: How does a divergent thinking session with GenAI affect subsequent creative po-

tential and neurophysiological activity, compared to ideating alone or with a peer? 

By addressing these questions, our research targets to ultimately deepen our under-

standing of human-GenAI ideation dynamics, not only to enhance creative outcomes, 

but also to inform the design of adaptive systems that could support and expand human 

creativity [45–49], rather than erode it by fostering overreliance [17,23–25]. Further 

sections outline details about our theoretical foundations, methodology, and expected 

results and contributions. 

Theoretical Foundations 

Creativity and Divergent Thinking. While lacking a universally accepted defini-

tion [50]—despite being widely studied—creativity is generally understood as the abil-

ity to generate ideas or solutions that are both original and valuable [39–41]. One of the 

most established frameworks breaks down creativity into two core cognitive processes: 
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divergent and convergent thinking [51–54]. While convergent thinking focuses on se-

lecting an optimal solution to a problem, divergent thinking involves generating multi-

ple, varied ideas, often drawing from unrelated fields [55,56]. As the ability to think 

divergently is essential for creative ideation [53,57], it is widely used to assess creative 

potential [58,59], which largely predicts an individual's overall creative abilities [59–

61]. However, creative potential varies across individuals, influenced by factors span-

ning personality traits (namely openness [62,63], extraversion [63–65], and conscien-

tiousness [65,66]), intelligence [60,67], levels of task enjoyment [68,69], intrinsic mo-

tivation [39,70,71], domain-specific knowledge [56,60,67,72], trust and experience 

with the technology used [73–75], creative self-efficacy [73,76–78],  and even tempo-

rary factors such as mood [54,73] and posture [79,80]. Given these variations, creativity 

research requires an interdisciplinary approach that accounts for both cognitive mech-

anisms and individual differences [81]. We therefore closely follow the theoretical 

framework proposed by [81], as it accounts for these factors and comprehensively in-

corporates the many levels of influence on creativity they exert (see Table 1). 

Table 1. Theoretical Framework of Creativity Forces Operating on Many Levels 

Theoretical framework by [81] How we address each level 

 

Incorporate multiple levels 

Controlled Laboratory Setting 

Suitable Experimental Conditions 

Control Variables 

Focus on Divergent Thinking Tasks 

 

Generative AI and Cognitive Offloading. Given the large computing abilities of large 

language models (LLMs) [42] and their ability to produce expansive ideation closely 

echoing divergent thinking processes [1,42], AI-assisted brainstorming has become one 

of the most common applications of this technology [22]. While some research suggests 

that AI can match or even surpass human ideation [82–85], others argue that humans 

still outperform GenAI [86,87]. Parallel to that, some highlight limitations, such as de-

sign fixation [88,89], a tendency to adhere to existing or previously mentioned ideas, 

limiting novelty [90–92], or creative displacement anxiety, characterized by feelings of 

distress and loss of creative identity when interacting with GenAI, for fear of being 

overshadowed by its capabilities [93]. Beyond these challenges, the broader issue of 

overreliance has been observed in cognitive processes such as decision-making, where 

people may trust AI’s output unquestioningly [8,10,11], at times following its advice 

irrationally [8,94], or resort to heuristics rather than analytical engagement to judge its 
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recommendations [7,34,95]. It is hypothesized that such overreliance partly stems from 

cognitive offloading [7,13,14,37], where users display less attention and cognitively 

disengage from a task, “offloading” their thinking to GenAI [38]. Some sources how-

ever argue that using AI as a brainstorming partner mirrors human-human collaboration 

[42], which is further supported by research showing that, in dyadic settings, individu-

als with lower creative potential tend to also rely on the more dominant idea generator 

[96,97]. While research has primarily focused on the output of human-GenAI collabo-

ration [98–102], little is known about its cognitive impact on users and “whether the 

extensive adoption of GenAI may deskill creative workers and affect their ability to 

produce or evaluate creative outputs” [25]. This underscores the need for further inves-

tigation into how neurophysiological activity manifests during GenAI-assisted ideation 

and how it influences human creative potential over time. 

Methodology 

Proposed Study Design. Our proposed study aims to shed light on how the usage 

of GenAI for divergent thinking impacts neurophysiological activity in real-time and 

how it affects subsequent individual creative potential. It is intended to be conducted in 

a controlled laboratory environment with participants recruited through random sam-

pling with the help of the university’s panel. The study design is currently under review 

by our institution’s ethics review board (IRB) and data privacy department, to ensure 

all informed consent forms and data handling protocols are rigorously administered. 

The experiment consists of two main phases (see Figure 1). In each phase, participants 

complete two different divergent thinking tasks, with the task order counterbalanced to 

mitigate order effects [103].  

 
Figure 2. Task Interface (Human-GenAI Condition) 
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During the first phase, participants are randomly assigned into one of the three be-

tween-subjects experimental conditions: (1) completing the task alone (control), (2) 

collaborating with an LLM (ChatGPT-4.0) (human-GenAI), or (3) collaborating with a 

peer through a chat-based modality (human-human) with these dyads formed through 

random assignment. In other words, participants in the human-human condition engage 

in the divergent thinking task via a chat interface that closely emulates the chat interac-

tion from the human-GenAI condition (see Figure ). While the latter dyadic format is 

less commonly employed for creative brainstorming, our rationale behind including this 

condition lies in addressing research that claims that ideating with ChatGPT parallels 

ideation with a peer [42], The chat-based modality is therefore chosen to closely simu-

late the chat-based interaction with ChatGPT [42], thereby ensuring both fairer compa-

rability across conditions, as well as reliability of neurophysiological recordings: min-

imizing artifacts and avoiding confounding variables, such as increased vocal and vis-

ual stimuli that could arise from in-person or video collaborations [104]. In the second 

phase of the experiment, all participants perform one last set of divergent thinking tasks 

individually to measure the impact of the treatments on successive individual creative 

output. 

As this study is exploratory with yet unknown effect sizes, we seek to strike a bal-

ance between practical feasibility and statistical rigour, thus aiming to recruit at least 

30 participants, a standard sample size in cognitive neuroscience and behavioral re-

search for detecting medium effect sizes. A post-hoc sensitivity analysis is planned to 

evaluate statistical power based on the final observed effect sizes.  

 
Figure 1. Experimental Procedure, Tasks, and Measurements 

Experimental Tasks. We use the Design Product Ideation Task (DPIT) [29] and the 

Product Improvement Task of the Torrance Test of Creative Thinking (TTCT) [105] 

for the experiment, each task lasting ten minutes as per prior work by [100,106]. The 

former test consists of a widely employed measure of divergent thinking that has shown 

a high degree of predictive validity [60,107–109]. It prompts participants to suggest 

ways to enhance an experience (e.g. picnic or gardening) [29,110]. The latter test 

(TTCT) simulates an industry-based creativity challenge that largely relies on divergent 

thinking capabilities [29,110,111], requiring participants to improve an already existing 

product, such as a children’s toy. Both tasks were selected because they closely resem-

ble real-world design briefs, making the insights more transferable to professional set-

tings. This enhances the ecological validity of our study and strengthens the practical 

applicability of our findings [110]. In the non-control conditions, participants are 
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advised to interact with GenAI or the peer naturally, as if they were outside of the ex-

perimental context, thereby also heightening ecological validity. 

Measurements. We collect self-reported, behavioural, neurophysiological, and eye-

tracking data to assess creative performance, brain activity, and attention, while also 

accounting for individual differences and potentially confounding variables.  

We begin with a pre-experimental questionnaire to gather basic demographic infor-

mation—age, gender, and level of education—with the latter serving as a proxy for 

intelligence [60]. We also assess participants’ divergent thinking creative potential with 

the Alternative Uses Task (AUT) [52], where they are prompted to generate unconven-

tional uses for everyday objects (e.g. a box) [52,73,110]. This evaluation is aimed to 

comprise an additional control variable for further analysis, a methodological approach 

also employed by [73,100]. Next, after each experimental task, participants report on 

their levels of intrinsic motivation [70,71], domain-specific interest [112] and 

knowledge [113,114], creative self-efficacy [73,77], mood [115], affect [116], cogni-

tive load [117], and applied attentional resources [118]. At the end of the experiment, 

participants complete a closing questionnaire, comprising the 20-item Big Five Inven-

tory (BFI-20) [119,120], cognitive offloading tendencies [14], AI tool usage [14], lit-

eracy [74,121,122] and trust scales [74,75], and self-reported innovativeness [123], 

used to capture their enthusiasm for GenAI [74,123].  

Participants’ performance is evaluated during post-hoc analysis, based on fluency 

(quantity), flexibility (variety), and originality (novelty) of their creative output 

[83,100,105,124,125]. As it is customary in creative research, a panel of 10 condition-

blind creativity professionals assesses these criteria [68,126]. To ensure consistency, 

both the participants and expert evaluators are provided with standardized definitions 

of these dimensions of creativity [41,100]. Moreover, given the continuous, numerical, 

7-point Likert scales used by the creativity experts for the evaluation, the Interclass 

Correlation Coefficient (ICC) will be used to ensure interrater reliability. 

Neurophysiological activity and eye movement are recorded throughout the session, 

using EEG and eye-tracking sensors, installed and calibrated at the beginning. EEG 

assesses neural activation during divergent thinking tasks [51,53,127] and complements 

self-reported cognitive load measures to assess cognitive offloading. Specifically, the 

focus lies in capturing changes in alpha band frequency, which have been associated 

with cognitive processing and offloading [128,129]. Additionally, frontal theta activity 

serves as an indicator of executive control and cognitive effort, as per [130]. Eye-track-

ing ensures adherence to assigned conditions (i.e. whether participants in the human-

GenAI condition indeed engage with the GenAI and whether those in the human-human 

condition use the peer chat) and provides insight into attention allocation patterns 

[44,131,132]. In particular, areas of interest, fixation duration, and frequency serve as 

markers of attentional engagement, following the eye-mind hypothesis [43,44]. Addi-

tionally, pupil dilation is assessed as a proxy for cognitive load [133,134], as such used 

to triangulate whether divergent thinking patterns of engagement and cognitive offload-

ing differ across experimental conditions. Lastly, given the exploratory nature of the 

study, we intend on employing an open-ended, data-driven discovery approach, seeking 

to explore other potential effects across multiple cognitive dimensions. 
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Expected Results and Contributions 

With this study proposal, we respond to the call for research [17,23–26] and contribute 

to the body of knowledge concerned with overreliance on GenAI for creative work and 

its potentially eroding effect on our creative abilities. More specifically, we broaden the 

current understanding of cognitive offloading by applying it to the creativity domain 

and offering a novel empirical setup that incorporates EEG and eye-tracking to not only 

assess creative output from divergent thinking tasks, but also examine neurophysiolog-

ical activity that occurs during and immediately after collaborating with GenAI. Build-

ing on patterns observed with other cognitive activities [18,31–34,36], we believe that 

the impact of engaging with GenAI for divergent thinking will uncover visible effects 

from a single usage session, both during the interaction (reflected through neurophysi-

ological, eye-tracking, and self-reported data) and in the resulting creative output. Par-

ticularly, we expect statistically detectable cognitive offloading tendencies across con-

ditions, reflected in alpha and theta band EEG activity, fixation patterns, and self-re-

ported cognitive load and engagement levels. 

More specifically, in line with similar findings relating to GenAI overreliance in 

decision-making [7–11], problem-solving [16–18], and critical or analytical thinking 

[12–15], we estimate that engaging in divergent thinking with GenAI will lead to re-

duced neural activation, partially explained by excessive cognitive offloading 

[7,13,14,37]. Moreover, as studies have shown that divergent thinking performance im-

proves as people progress in divergent thinking tasks [135,136], we anticipate that the 

control group (a) will demonstrate higher creative performance in the post-treatment 

tasks than the human-GenAI (b) and the human-human groups (c), particularly in terms 

of flexibility and originality of creative output.  

While we base our assumptions on effects measured in other mental processes, we 

acknowledge the inherent complexity of creativity [137], which may prevent us from 

capturing the full spectrum of human-GenAI subtleties from a single ideation session. 

We also acknowledge the possibility of null or unexpected findings, given the explor-

atory nature of the study. This research therefore serves as a preliminary step in under-

standing the implications of GenAI overreliance for creative work, providing empirical 

evidence for academic communities in NeuroIS, human-computer interactions, and cre-

ativity, and eventually warranting future studies to design longer interventions or even 

longitudinal approaches. Ultimately, with this understanding, our insights could pave 

the way to informed design decisions for adaptive systems that could augment and en-

hance [45–49], rather than replace human creativity. 
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Abstract. Since the genesis of the discipline almost 20 years ago, there is the 

question whether certain measures belong in NeuroIS research at all, because 

they do not, strictly speaking, provide a direct measure of neurophysiological 

activity or a closely related neurobiological measurement such as hormone as-

sessment. Examples include eye-tracking measures such as gaze direction, sac-

cades, and fixation times, electromyography and related measures such as the 

startle reflex, and verbal expression measures (e.g., vocal pitch analysis). In this 

article, we briefly summarize this discussion and then outline ten arguments as 

to why behavioral measures as one major category of indirect measures of neu-

rophysiological activity should be part of the accepted range of measures in Neu-

roIS. We conclude that the use of these behavioral measures in NeuroIS research 

advances the field by fostering a deeper and often more ecologically valid under-

standing of the interplay between humans and information and communication 

technologies. 

Keywords: Autonomic Nervous System, Brain, Central Nervous System, Eco-

logical Validity, Electromyography, Eye-Tracking, Startle Reflex, Vocal Pitch 

Analysis.  

Problem Statement 

The term “NeuroIS” has been coined by Dimoka et al. (2007, 2011) to describe the idea 

of applying cognitive neuroscience theories, methods, and tools to inform IS research. 

In the early phase of the NeuroIS discipline, a group of 15 scientists published two 

research agenda papers (Dimoka et al. 2012, Riedl et al. 2010) based on the findings of 

the inaugural NeuroIS Retreat 2009, in which the NeuroIS method spectrum was ex-

plained in detail. In the first paper (Riedl et al. 2010), the following methods were 

named as belonging to the NeuroIS field: electroencephalogram (EEG), functional 

brain imaging (fMRI), positron emission tomography (PET), magnetoencephalography 
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(MEG), near infrared spectroscopy (NIRS), transcranial magnetic stimulation (TMS), 

and methods related to brain morphology such as mapping of brain lesions, voxel-based 

morphometry (VBI), and diffusion tensor imaging (DTI). Moreover, in addition to these 

methods related to the measurement of the anatomy and function of the brain, several 

so-called “psychophysiological measurements” were presented: electrocardiography 

(ECG), facial electromyography (fEMG), and skin conductance. Regarding these psy-

chophysiological measurements, Riedl et al. (2010, p. 246) indicated: “Although these 

techniques do not directly measure brain activity, the captured indicators are closely 

related to the nervous system.” In the second paper (Dimoka et al. 2012), the following 

methods were reviewed and characterized as “commonly used […] in Information Sys-

tems research [and] the most commonly utilized neurophysiological tools in the social 

sciences” (pp. 679-680): eye tracking, skin conductance, fEMG, ECG (characterized as 

“psychophysiological tools”) and fMRI, PET, EEG, MEG (characterized as “brain im-

aging tools”) (p. 681). 

 

A closer look reveals that these two seminal papers also mentioned methods that do not 

directly measure nervous system activity, namely eye tracking and fEMG. With the 

exception of pupil dilation, which is mainly a function of autonomic processes and 

hence of autonomic nervous system (ANS) activity, eye tracking measures where the 

eye is looking (gaze direction), for how long (fixation time on areas of interest), and 

how the eye moves between different stimuli (saccades) (Riedl et al. 2020). Moreover, 

fEMG measures muscle activity in the face, which can provide information about hu-

man emotions, among other things (Waller & Koller 2015). A specific form of EMG 

measurement is the measurement of the startle reflex. The startle reflex is an involun-

tary and extremely rapid response of the body to sudden or intense stimuli (e.g. loud 

noise, bright light, or unexpected touch). It is a basic defense mechanism in humans 

and many animals, designed to prepare the body for potential danger. This reflex man-

ifests as a blink (i.e., the orbicularis oculi muscle reflex) and it has been found to have 

a latency of around 20 to 40 ms, or even less depending on the specific stimulus (Waller 

& Koller 2015). Although it is clear from a physiological perspective that changes af-

fecting the eye and facial muscles must have precursors in the nervous system, this is 

not a direct measure of neurophysiological activity, but of changes directly related to 

muscle activity. 

 

With regard to fEMG, the use of electrodes on the face is becoming less common and 

automated analysis of facial movements is gaining in importance (Riedl & Léger 

2006). This involves capturing the face of a person (e.g., a user sitting in front of a 

computer) using a camera and analyzing changes in the face using algorithms to infer 

psychological processes or states such as emotions. A well-known tool is FaceReader 

from Noldus. However, as with fEMG, this is not a direct measurement of neuronal 

activity. Moreover, another physiological measurement category has been described in 

the NeuroIS literature which does not refer to the measurement of neuronal activity 

directly: analysis of verbal expressions such as vocal pitch. As outlined in 



162 

Nunamaker et al. (2011), such measures can be used to study cognitive and emotional 

phenomena such as user stress. 

 

In addition to the direct measures of neurophysiological activity, both related to the 

brain and ANS, a closely related neurobiological measurement category has been de-

scribed in the NeuroIS literature: hormone assessment and endocrinological measure-

ment, respectively. In essence, while hormone measurement is not a direct measure of 

brain activity (like EEG), it reflects the outcome of neural processes and physiological 

regulation. Thus, it serves as a crucial indicator of neurobiological activity. For exam-

ple, Riedl et al. (2012) conducted a laboratory experiment and found that a computer 

system breakdown during task performance increased the user's stress hormone corti-

sol. 

 

Review papers revealed the adoption rate of tools in the NeuroIS literature. We briefly 

summarize important results from the perspective of the discussion in the present paper. 

First, Riedl et al. (2020) reviewed 200 NeuroIS papers published in 55 journals and 13 

conference proceedings (completed research and research-in-progress) in the period 

2008-2017, and, among many other things, report the following results. First, 50 out of 

the 123 completed empirical papers used eye tracking based on eye position (gaze) and 

eye motion (saccades) measurement, but did not measure pupil dilation. Second, EEG 

is the dominant tool in NeuroIS research (37%), followed by measurement of heart rate 

(22%), measurement of skin conductance (19%), and fMRI (15%). Eye tracking based 

on pupil dilation measurement has an adoption rate of 10%, followed by hormone meas-

urement (8%) and fEMG (7%). Tools used in only one paper are, for example, blood 

pressure measurement, vocal pitch measurement, and diffusion tensor imaging. In a 

more recent paper, Balapour and Riedl (2025) reviewed all 42 empirical NeuroIS pa-

pers published in the Association for Information Systems (AIS) “basket-of-eight” jour-

nals in the period 2007-2023 (i.e., the entire period of existence of the NeuroIS field), 

and, among many other things, report the following findings. First, 24 out of the 42 

papers had a focus on brain research (e.g., fMRI, EEG), whereas 13 papers had a focus 

on the ANS (e.g., EKG, skin conductance). Second, the remaining 5 papers focused on 

hormones (2), voice and facial analysis (2), and genetics (1).6 

 

In summary, these reviews indicate that tools that neither directly measure neuronal 

activity in the brain or on the surface of the skull (or proxies such as the Blood Oxy-

genation Level Dependent (BOLD) signal in fMRI), nor parameters that are under di-

rect control of the ANS (e.g., ECG, skin conductance, pupil dilation, blood pressure) 

do indeed play a role in NeuroIS research. Specifically, we found that the following 

tools, with varying degrees of adoption, have been used in NeuroIS research (in de-

scending order): eye tracking (gaze patterns, saccades, and fixation times), fEMG, 

 
6 It should be noted that we also consider molecular genetic studies to be NeuroIS studies because 

genetics has a direct influence on the anatomy and function of the nervous system and neuro-

transmitters (Riedl & Léger 2016). We do not go into this in detail in this article, but refer the 

readers to a study by Brown and Walden (2020). 
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vocal pitch measurement, and automated face analysis. All these tools have the com-

mon feature that they are indirect measures of neurophysiological activity, but not di-

rect measures. In other words, several measures commonly utilized in NeuroIS research 

are more behavioral in nature and do not qualify as strictly “neuro” measures. 

 

Against this background, a fundamental question arises: Why are indirect measures of 

neurophysiological activity important for the prosperous development of NeuroIS? In 

Section 2, we first provide a proposal of a classification of direct and indirect measures 

of neurophysiological activity. Afterwards, in Section 3, we provide answers to the 

question raised above. Ultimately, the aim of this article is to stimulate discussion on 

this important question and to provide arguments as to why a broad scope (i.e., one that 

embraces indirect measures), rather than a narrow one that excludes the indirect 

measures, is more likely to foster scientific progress in the discipline of NeuroIS, which 

will also benefit practitioners in their application of scientific knowledge. 

A Classification of Direct and Indirect Measures of Neurophysiological Activity  

There are a variety of approaches to classifying measures related to human physiology. 

For example, the biosignal taxonomy proposed by Schulz and Maedche (2023) distin-

guishes kinematic, optical, chemical, electrical, acoustic, and thermal biosignals. Bi-

osignals are defined as autonomous signals produced by the living organism that can 

be measured energetically in physical quantities using sensors. They are understood as 

a result of human activity captured by a specific sensor. For example, heart activity can 

be captured by an ECG sensor as an electrical biosignal or by a PPG (Photoplethys-

mography) sensor as an optical biosignal.  

 

When considering the capture of neurophysiological activity, particularly in the context 

of NeuroIS research, we believe that a distinction between direct and indirect measures 

is of particular importance. Figure 1 conceptualizes our proposed distinction and shows 

that direct measures can be divided into those related to the brain (e.g., EEG, fMRI, 

fNIRS) and those related to the ANS (e.g., ECG, skin conductance, pupil dilation), 

while indirect measures can be divided into behavioral and endocrinological measures. 

Behavioral measures (e.g., fEMG, eye-tracking, voice analysis, automated face track-

ing, keystrokes, mouse cursor movements, body gesture) and endocrinological 

measures (for IS research examples of the mentioned hormones and substances, see 

Riedl 2013) are indirect indicators of neurophysiological activity because they reflect 

the downstream effects or outputs of neural processes rather than directly measuring 

brain or ANS activity itself. In addition, we added a category of "Other Measures" be-

cause IS researchers have shown that other measures, such as those related to molecular 

genetics (e.g., Brown and Walden 2020), are relevant to NeuroIS because, among other 

things, "genetic predisposition has an impact on brain anatomy and its processing mech-

anisms", Riedl and Léger 2016, p. 12). What follows is that molecular genetics 

measures reflect “upstream” measures, i.e., factors that influence neural processing but 

which are precursors, and not themselves direct measures of neural processes. 
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Fig. 1. Measures in NeuroIS Research  

Notes: This figure does not make a strict distinction between tool, device, measure, and signal, 

but rather uses the terms as they are commonly used in communication processes among scien-

tists. In addition, this figure lists important measures that have already been used in NeuroIS 

studies or are described as relevant in conceptual NeuroIS studies. It follows that this figure  

names important measures for NeuroIS research, but does not claim to represent a complete list. 

ACTH = Adrenocorticotropic Hormone, ANS = Autonomic Nervous System, DTI = Diffusion 

Tensor Imaging, ECG = Electrocardiography, EEG = Electroencephalography, fEMG = Facial 

Electromyography, fMRI = Functional Magnetic Resonance Imaging, fNIRS = Functional Near-

Infrared Spectroscopy, MEG = Magnetoencephalography, PET = Positron Emission Tomogra-

phy, PPG = Photoplethysmography, TMS = Transcranial Magnetic Stimulation, TDCS = Tran-

scranial Direct Current Stimulation, VBM = Voxel-Based Morphometry. 

 

In the following section, we focus our discussion on behavioral measures, which we 

define as outwardly directed muscle activity. 

Arguments Why the NeuroIS Community Should Embrace Behavioral Measures 

In the following, we outline ten arguments why the NeuroIS community should em-

brace behavioral measures that constitute indirect measures of neurophysiological ac-

tivity. We have identified these arguments based on the existing NeuroIS literature. 

These arguments, however, are spread across many different papers published over the 

last 15 years. For each argument, at least one main source is given. The order in which 

the ten arguments are presented does not follow any particular logic that would imply 

that one argument is more or less important than another. 

 

1. Link to Neurophysiological Processes. Indirect measures are influenced by the 

brain and/or ANS. For example, eye movements are controlled by the oculomotor sys-

tem, while the startle reflex involves brainstem-mediated pathways (e.g., Riedl & Léger 
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2016). These observable outputs provide an indirect but reliable proxy for neuronal 

activity, making them relevant to understanding the interplay between humans and in-

formation technologies. 

 

2. Capturing Unconscious Processes. In addition to direct measures, indirect 

measures also reflect unconscious or automatic processes that users may not be able to 

articulate in surveys or self-reports (e.g., Dimoka et al. 2011). For example, subtle facial 

expressions reveal emotional states that are not consciously controlled. This comple-

ments NeuroIS’ goal of uncovering latent neuronal affective-cognitive mechanisms un-

derlying user behavior. 

 

3. Triangulation of Data Sources. The behavioral measures discussed in this paper 

can enhance the validity of findings by triangulating data from multiple sources (e.g., 

Dimoka et al. 2011). For example, combining eye-tracking data with EEG provides a 

richer understanding of attentional processes (Léger et al. 2014). Such integration 

strengthens the robustness of NeuroIS methodologies and aligns them with interdisci-

plinary research standards. Therefore, multimodal processing of various signals (e.g., 

neuronal and behavioral) is essential to facilitate understanding of theoretical mecha-

nisms, but also to develop effective adaptive systems (Schultz and Maedche 2023).  

 

4. Cost-Effectiveness. Compared to direct measurement of brain activity (e.g., fMRI, 

research-grade EEG), the behavioral measures discussed in this paper are more acces-

sible and affordable. Eye tracking, for example, is less resource-intensive but still pro-

vides valuable data. This affordability broadens the scope of NeuroIS research and 

makes it feasible for various academic and industrial settings (e.g., Riedl et al. 2010). 

However, we emphasize that we do not see a significant difference in cost-effectiveness 

when comparing ANS activity measures and behavioral measures as described in Fig-

ure 1. 

 

5. Real-Time Data Collection. Behavioral measures like eye tracking or automated 

face analysis can be easily captured in real-time during user interactions with technol-

ogy. This capability enables dynamic studies, such as evaluating stress responses (Riedl 

2013) or designing attentive information boards (Toreini et al. 2022). Real-time insights 

align with the emphasis of NeuroIS on understanding user-technology interactions as 

they happen. 

 

6. Enhanced Ecological Validity. Unlike lab-intensive methods such as fMRI, fNIRS, 

or research-grade EEG, most behavioral measures can typically be applied in natural-

istic settings. For example, eye-tracking or voice analysis can assess user emotions dur-

ing real-world technology use, ensuring that findings are relevant to everyday IS con-

texts. This supports the practical application of NeuroIS research in real-world scenar-

ios (Balapour & Riedl 2025). 
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7. Relevance to Neuro-Adaptive Systems. Neuro-adaptive systems rely on real-time 

user state data, often also derived from behavioral measures. For example, eye-tracking 

data indicating cognitive overload can prompt adaptive system responses to reduce 

mental strain (e.g., vom Brocke et al. 2013). These applications demonstrate the prac-

tical utility of behavioral measures in advancing adaptive IS technologies. As men-

tioned for point 3, multimodal processing of various signals, particularly ANS and sig-

nals, supports the development of effective adaptive systems (e.g., Schultz and Maed-

che 2023). 

 

8. Non-Invasive Nature. The behavioral measures outlined in this paper are often non-

invasive, avoiding discomfort or resistance from participants (only in the case of fEMG, 

for example, electrodes must be attached to the face). Unlike brain imaging tools and 

tools related to ANS activity measurement, which require special setups, measurement 

tools for most behavioral measures allow the study of natural user behavior without 

interference (Riedl et al. 2014). This makes them particularly valuable in field-based IS 

research, where participant comfort is critical. 

 

9. Broad Applicability Across Contexts. Behavioral measures are usually versatile 

and applicable across various IS research contexts, such as interface usability, trust in 

online environments, flow, or technology acceptance studies. For example, eye-track-

ing can assess visual engagement in website design (e.g., Hong et al. 2021), while facial 

analysis evaluates emotional reactions to knowledge-sharing decisions (e.g., Fehren-

bacher 2017), demonstrating the measures’ relevance across diverse domains. 

 

10. Ethical Advantages. Compared to invasive brain imaging tools, behavioral 

measures typically pose fewer ethical concerns. They avoid direct manipulation (e.g., 

TMS) or extensive medical-style interventions (e.g., fMRI), easier ensuring compliance 

with ethical standards. This accessibility and ethical soundness facilitate broader adop-

tion in NeuroIS research while maintaining methodological integrity (Dimoka et al. 

2012). However, we highlight a current discussion in the context of the EU AI Act, 

where, among other things, AI systems for emotion recognition based on automated 

facial analysis are being criticized. The results of the current discussions in the EU must 

be awaited before any definitive statements can be made (Noldus 2024). 

Conclusion 

The discussed ten arguments collectively illustrate the integral role behavioral measures 

play in NeuroIS. While they may not directly measure brain activity or neurophysio-

logical activity under direct control of the ANS, their accessibility, versatility, and abil-

ity to complement the more direct neurophysiological insights make them indispensa-

ble measures in understanding user-technology interactions. Their inclusion enriches 

NeuroIS methodologies and expands the field’s practical relevance. However, while 

we consider our arguments to be a useful foundation, it is hoped that our paper will 

stimulate further discussion on this important topic and thus be more of a “starting 
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point” rather than the “final word.” Moreover, we emphasize that we define behavioral 

measures as measures that capture outwardly directed muscle activity (see Figure 1). 

This excludes measures such as business process transaction logs, interviews, question-

naires, key informant observations, archival data, or email content, among others, from 

being behavioral measures. However, this does not mean that these types of data do not 

play, or should not, a role in NeuroIS research. Rather, we view these other types of 

data as valuable complements to the measures outlined in Figure 1. 
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Abstract. To be able to have neuro-adaptive tools, it is useful to be able to fore-

cast performance when doing interventions. In this paper we use results from an 

experiment collecting biometric data from different sensors, capturing EEG, eye-

tracking, physiological state and facial expression (through cameras). Earlier 

work has shown the possibility of using such data in causality-analysis. In this 

paper we investigate to what extent we can use these results for forecasting the 

effect of different interventions. 

    The paper shows that the basic forecasting results and the models utilizing 

causality information are significantly better for forecasting performance than 

models not being based on the causality information. This increases the possibil-

ity of using forecasting in Neuro-adaptive modeling tools.  

Keywords: Forecasting, Neuro-adaptive systems, Multi-modal biometric data, 

Business process modelling    

Introduction  

Business process descriptions are found at various levels in all organizations, and are 

often represented as models, using modelling notations such as in BPMN [40]. To be 

efficient, these representations need to be understood to learn the process to work ac-

cording to. 

Biometric data  have been used to capture, analyze, and predict learners’ behavior 

[2], task-performance [9] and learning gains [4] in multi-model learning analytics 

(MMLA). In this paper we report using results from an  experiment collecting data 

from wristbands, EEG-caps, Eye-tracking and face camera during the comprehension 

of process representations. In earlier work [25],  the detection of causal relationships 

between biometric measurements of good and poor performers has been presented.  

In this paper, we are estimating the temporal value of attention and frustration 

based on either their previous values or based on the causal information emerging 

from cognitive load and engagement, respectively. This is different from basic predic-

tion, where one could estimate the final values of attention and frustration at the end of 

the session. In our case, we have a short-term horizon of one minute, that is, we are es-

timating the value of attention and frustration one minute into the future.  

 Section 2 provides background information on the research. Section 3 briefly de-

scribe the underlying experiment. Section 4 presents the measurements and analysis 

methods used in this paper. Section 5 presents the results on forecasting and Section 6 

discusses the results briefly  and concludes the paper pointing to future work. 
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Background  

Multi modal learning analytics in business process model research 

MMLA combines several theoretical frameworks [17]. Two of the main ones are 

Cognitive Load Theory (CLT) [38] and the Affective Learning Framework (ALF) [8]. 

One can look at these in concert with traditional methods to understand comprehension, 

learning  and other processes in for instance learning tasks in general [12] or in  process 

model comprehension in particular [23, 30]. CLT considers the cognitive processes of 

learning and retention to explain the learner's behavior. The working principle of CLT 

is that humans have a limited information processing capacity when they engage in a 

cognitive task. To model the learner behavior using the principles of CLT, one can use 

EEG and Eye-tracking (ET) data streams. Combining EEG with ET can provide us a 

broad view of “how learners process the given information to create knowledge and 

understanding?”   

The second theoretical framework supporting our work is the Affective Learning 

Framework (ALF). ALF is mostly concerned with “how learners feel while they are 

processing the information presented?” ALF is also concerned with “how learning ex-

periences are internalized?” These learning experiences, once internalized, later guide 

the learners’ attitudes and behavior in future and in turn affect the learning outcome in 

the future.  

To incorporate ALF in the methodology, we use facial and physiological (Heart rate 

variability (HRV), electrodermal activity (EDA), blood volume pulse (BVP), tempera-

ture (TMP) ) data. Using facial data, one can capture several emotions. Using physio-

logical data (i.e., HRV, BVP, EDA, TMP) one can also detect the emotional states of 

the learners and their stress and arousal levels. Recently, with the advance in wearable 

technologies, researchers have been able  to compute physiological arousal and stress 

in various settings [10,16].  

The number of authors publishing in the area we call neuro-conceptualization (use 

of neuroscience techniques in conceptual modelling) research is quite small. The the-

matic focus so far has been on model comprehension, including how e.g. ambiguity 

influence comprehension [15]. The main technique used in the area is eye-tracking. 

Early use of eye-tracking for researching model use and comprehension is found in [37, 

52], but these works mainly focus on capturing area of interest (i.e. what the modeler 

is looking at). Later, eye-tracking is also used for capturing other characteristics such 

as cognitive load in process model comprehension [3, 15, 53]. Most of the work is based 

on understanding operational process models (in functional process models in BPMN 

[55] or EPC [56]) and declarative process models [1]) There are also examples of anal-

ysis of comprehension of UML class diagrams [6], decision models [11], goal models 

[18] and combinations of rule and process models [51]. 

The sensor-toolset has lately been extended from eye-tracking by some to include 

wristbands for capturing for instance EDA [1, 54]. Some use of EEG is also reported 

[18]. [32] list specifically as one of limitations of current work on process model com-

prehension that one has not looked at emotional aspects. In [24] an example of the 

combined use of all four modalities mentioned above (EEG, ET, facial and 
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physiological) is found in connection to process model comprehension for the first time. 

This data has also been used for causality analysis between measurements based on 

data from all four modalities in [25], and we will provide the main results from this 

below. In this paper we have further looked upon how the data on causality from the 

experiment can be used to forecast the model comprehension performance based on the 

biometric data.   

Our research group has experience with using similar data following up individual 

[26] and pair [20, 39] programming tasks, which can inspire also mechanism for sup-

porting modelling, depending on what is found to be the most important measurement 

to predict performance. For the programming tasks, in particular (excessive) cognitive 

load was important to detect and help rectify e.g. through different feedback mecha-

nisms that should not provide excessive cognitive load in itself. Also, engagement and 

stress were found important [20]. In pair programming tasks, joint attention was also 

important to help to enforce (based on eye-tracking data).    

Method for Causality Analysis 

A causal relation between time series of two measurements represent an essential “ac-

tive connection” between them. Untangling correlation and causation have recently re-

ceived increased attention across multiple disciplines [41, 42].  

    The main idea behind Granger's definition of causality is that if the lag (past values) 

of variable can predict the current value of variable two in a better manner than the lags 

(past values) of the variable two itself, we can infer that variable one causes variable 

two. To arrive at such an inference, the following method can be used: Let us take the 

case of two variables A and B. To determine whether A Granger-causes B or the other 

way around, we create two models. The first model predicts the current value of B using 

the past values of B, while the second model predicts the current value of B using the 

past values of A. We then compare the quality of the prediction for both models; if the 

second model outperforms the first model, we infer that A Granger-causes B.  

    The data analysis follow several statistical steps. First, we perform data treatment. 

We divide the data set comprising of multimodal measurements into ten second win-

dows for further analyses. We then test for stationary time series: a Ljung-Box test is 

used to determine whether there are significant non-zero correlation coefficients at lags 

1--15. Small p-values suggest that the time series data is stationary. We also identify 

the optimum value for the “lag”: the number of previous data points considered for 

modelling the causality. The value is identified based on the Akaike information crite-

rion (AIC) value of the model. We create models with different values of lag that must 

be considered for the Granger causality and select the model with the lowest AIC value.  

    Next, we test for Granger Causality [19] to examine the causality between the differ-

ent pairs of multimodal measurements. As already mentioned, the basic principle of 

Granger causality is to compare two models to test whether A causes B. The first model 

predicts the value of B at time t using the previous n values of B. The second model 

predicts the value of B at time t using the previous n values of both A and B. The 

comparison of the two models can tell us whether the history of A contains more infor-

mation about B than the history of B itself. If this is the case, then we can say that A 

Granger-causes B.  
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    One might argue about the choice of the method to analyze the causality between 

the different pairs of measurements. This paper uses the definition of causality pro-

vided by Granger. There are three other methods that could be used to show the cau-

sality between different variables: 1) Structured Equation Modelling (SEM, [14]) 2) 

Cross-convergent mapping (CCM, [49]) and 3) conducting an intervention experi-

ment where the hypothesized cause is controlled and the hypothesized ’effect’ is 

measured [43]. SEM does not necessarily contain the information required to consider 

a causal relationship. Statistically speaking, testing an SEM is not a test for causality. 

There is a certain mathematical formulation under which SEM can be used for causal 

inference [46,47]; however, the solutions are not available commercially. Bollen and 

Pearl provide a detailed account describing how SEM should not be used for model-

ling causal relations between variables [5]. The second method, that is, CCM, is use-

ful only in cases where the time series is stationary (i.e., the mean and variance of the 

variable do not change over time) and non-linear (i.e., there is no autocorrelation in 

the time series). All the multimodal data that we collected is stationary (as revealed by 

the Ljung-Box test) but auto-correlated (e.g., where users look at current time in-

stances vastly depending on where they were looking at previous instances). There-

fore, CCM is not an adequate method for such data. In the case of identifying causal 

relations between two variables through an experimental or pseudo-experimental 

setup, such setups are typically costly or require an extensive duration to identify the 

cause-effect relationship between the two variables in question [7]. Moreover, it has 

also been shown that for longer time-series data, the Granger causality outperforms 

other contemporary methods [57]. 

     In this contribution, two casualties for the dataset are computed for a time window 

of  30 seconds with a five-second shift between two consecutive windows: (1) engage-

ment "Granger causing" attention and (2) cognitive load "Granger causing" frustration. 

Once the F-values for both the causal relations are available over time, this is used as 

additional information for using the forecasting methods (i.e., Auto-regression, 

ARIMA, GARCH, XGBoost, LSTM and Transformer). 

Description of experiment 

We have in the work presented in this paper used data from an experiment investigating 

the comprehension of process models and textual descriptions of the same settings [25-

8]. The sensors used were:   

 

1. EEG data: The EEG signals were recorded with a 20-channel ENOBIO device 

following the international 10–20 system. The raw EEG signal data were rec-

orded at a 500 Hz using a portable EEG cap and divided into the following band 

powers: delta (below 4 Hz), theta – θ (4–7 Hz), alpha – α (8–12 Hz), and beta – 

β (18–30 Hz). An electrode in the middle of the skull was used as a signal ref-

erence electrode, two channels were used for Electrooculography (EOG) cor-

rection, one channel for electric reference, and three Channels for accelerometer 

with sampling rate at 100 Hz.  

2. Gaze data: To record gaze, we used a Tobii X3-120 eye-tracking device at a 120 

Hz sampling rate and using a 5-point calibration. The device is non-invasive and 

mounted at the bottom of a computer screen. The screen resolution was 1920 x 
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1080, and participants were 50–70 cm away from the screen. All sat on a non-

wheeled chair.  

3. Facial expression data: To capture face expressions we used LogiTech web 

camera, pointed straight at the subject from the screen, capturing video at 30 

frames-per-second (FPS). The web camera focus zoomed at 150% onto the faces 

of the participants. During the tasks, the testers exhibited minimal body and 

gesture interaction; hence, the video recordings hold high quality data facial ex-

pressions making it possible to capture facial landmarks. The video resolution 

was 640 x 480.  

4. The Wristband was positioned at the wrist of the non-dominant hand. The de-

vice used was an Empatica E4. We extracted the following features: mean, me-

dian, variance, skewness, maximum, minimum of (1) Blood volume pressure, 

(2) Electrodermal activity (EDA), (3) heart rate and (4) Temperature.  

   

All sensors’ data were synchronized by having the clock of all devices synchronized 

with the computers that participants were using in the experiment. 

The experiment focused on the comprehension of different models and texts for dif-

ferent task types. The experimental tasks use two separate cases of typical business 

processes: a Goods Receipt Handling Process (GHP) and a Procure-to-Pay Process 

(PPP). Texts and models were reused from [40]. Data from 57 experiments/persons 

could be used after the preprocessing. The experiment has previously been reported in 

[24, 25]. 

 

Results from analysis 

The following measurements from the experiment are used in this investigation 

Attention This is simply the average fixation duration of the participants in a given 

time-window, indicating the average attention exerted by them on the task. 

Cognitive load This is a gaze-based proxy to the mental effort invested when solving 

a given problem [21]. We used eye-tracking data to compute cognitive load as a func-

tion of pupillary activity [13]. 

Engagement This is captured by a wristband using EDA as the data source. This is 

a combination of two measurements: Number of EDA peaks and phasic EDA levels. 

The number of EDA peaks is computed using the same method as described by [10] 

and is associated with physiological arousal and engagement [27]. Furthermore, the 

EDA signal is comprised of two parts: the tonic and phasic components. The tonic com-

ponent of the EDA signal is the one with slow-evolving patterns. The phasic component 

of the EDA signal is the one with rapid changes and is found to be related to physio-

logical arousal. 

Frustration These are captured using the action units from the faces in the recorded 

facial videos. For example, detecting frustration is based on AU12, AU43. The combi-

nations of action units that can be used to calculate different facial expressions is in-

spired by [31]. 
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Establishing causality between two time series 

Using causality as described above, as reported in [25] we found one causal path (more 

than two measurements and without cycles) that we can observe for high performers 

from Fig. 1 (left): 

¶ Confusion -> engagement -> cognitive load -> attention -> convergent thinking -> 

memory load 

There are three causal paths (more than two measurements and without cycles) that 

we can observe from low performers in Fig. 1 (right): 

¶ Memory load -> cognitive load -> stress 

¶ Memory load -> cognitive load -> frustration 

¶ Memory load -> confusion ->  stress  

 

Fig. 1: Causal graph for the eight measurements for high (left) and low performers (right) 

Our focus here is to use the information connected to causal relationships including 

attention, cognitive load, engagement  and frustration. 

Forecasting Methods 

AR Autoregressive forecasting is a time series prediction method where future val-

ues are estimated based on past values of the same series. It assumes that past observa-

tions have a linear influence on future ones. A common model used is the Autoregres-

sive (AR) model, where the value at time t is expressed as a weighted sum of previous 

values plus some noise.  

ARIMA (AutoRegressive Integrated Moving Average) is a popular time series fore-

casting method. It combines three key components: 1) AutoRegressive (AR) Compo-

nent – Uses past values to predict future values; 2) Integrated (I) Component – Differ-

encing is applied to make the series stationary (removing trends); 3) Moving Average 

(MA) Component – Uses past forecast errors to improve predictions. ARIMA is defined 

as ARIMA(p, d, q), where: p is the number of past observations (lags) used (AR part); 

d is the number of times differencing is applied to make the series stationary; q is the 

number of past forecast errors included (MA part). Model selection is typically done 

using techniques like ACF/PACF plots and information criteria (AIC/BIC).  
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GARCH (Generalized Autoregressive Conditional Heteroskedasticity) is a statisti-

cal model used for forecasting financial time series, particularly volatility. It extends 

the ARCH (Autoregressive Conditional Heteroskedasticity) model by incorporating 

past conditional variances into the forecast. Following is a short explanation for 

GARCH: 1) it captures Volatility Clustering: GARCH assumes that high volatility pe-

riods tend to follow high volatility periods, and low volatility periods follow low vola-

tility periods; 2) models Conditional Variance: Unlike simple time series models that 

assume constant variance, GARCH models the variance as a function of past squared 

returns and past variances. 

XGBoost Forecasting with XGBoost (Extreme Gradient Boosting) involves using 

this machine learning algorithm to predict future values based on historical data. 

XGBoost is a gradient boosting framework that builds decision trees sequentially to 

minimize errors. It's particularly effective for time series forecasting when: 1) Feature 

Engineering is applied—transforming time-based data into meaningful input features 

(lags, rolling statistics, etc.).2) Handling Non-Linearity since XGBoost captures com-

plex patterns better than linear models. 3) Hyperparameter Tuning optimizes perfor-

mance using techniques like cross-validation. While XGBoost doesn’t inherently 

model time dependencies like ARIMA or LSTMs, it excels when engineered features 

provide historical context. In this contribution, we use temporal features from methods 

such as trends, seasonality, AR, ARIMA and GARCH models. We also use statistical 

features such as mean, variance, skewness and kurtosis from the time series.  

LSTM Forecasting using Long Short-Term Memory (LSTM) networks is a deep 

learning approach for predicting future values based on historical time series data. 

LSTMs are a type of recurrent neural network (RNN) specifically designed to handle 

long-term dependencies and sequential data by using memory cells that can retain past 

information. In time series forecasting, an LSTM model takes past observations as in-

put, processes the sequence, and learns patterns to predict future values. It is particularly 

useful for non-linear and complex relationships in time series data. 

Transformer Forecasting using transformers leverages deep learning models, spe-

cifically the Transformer architecture, to predict future values in a time series. Unlike 

traditional models (e.g., ARIMA, LSTMs), transformers use self-attention mechanisms 

to capture long-range dependencies in data efficiently. Key aspects of transformers in-

clude: 1) Self-Attention: Helps the model focus on relevant past time steps, regardless 

of their distance. 2) Positional Encoding: Since transformers lack inherent sequential 

order, position embeddings provide temporal context. 3) Scalability: Can handle large 

datasets and multiple input features efficiently. Popular transformer-based models for 

forecasting include Informer, Time Series Transformer (TST), and FEDformer. They 

outperform classical models in capturing complex patterns, especially in high-dimen-

sional and irregular time series. 

Data augmentation  

Since there are only 57 individuals in the dataset and after keeping 30% individuals for 

testing, we are left with even fewer samples; therefore, we chose to augment the dataset. 

We use five random original data points to create three new points. We compute the 
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mean and standard deviation of these five points and then add three new points as the 

"mean”, “mean – standard deviation”, and “mean + standard deviation”. Choosing 5 

individuals from 57 can be done in almost 4.2 million (57C5) different ways, giving us 

potentially 12.6 million (= 4.2M x 3) new points. We stop creating new points when 

we reach a total of one million points in the training set. Such technique is called Fea-

ture space augmentation [22, 29] and has been used in the contributions with deep neu-

ral networks for domain generalization while avoiding overfitting of the models [28, 

36]. 

 

Performance measurement: Normalized Root Mean Squared Error 

For evaluating the performance of the prediction, we used the Normalized Root Mean 

Squared Error (NRMSE). NRMSE is the proposed metric for student models and is 

used widely in similar contexts for measuring the accuracy of learning prediction [33]. 

 

Comparing various performances: t-test 

To display the importance of causal information in the forecasting of individual meas-

urement, we will compare different models. For each comparison, we use pairwise t-

test to compare the mean test NRMSE and show the significance of the differences 

between the different setups. That is, we will compare the two versions (with and with-

out causal information) of AR, ARIMA, GARCH, XGBoost, LSTM, and Transformers.  

Results on forecasting 

As illustrated above, one found that for  high performing participants engagement 

Granger-causes attention. On the other hand, for low performing participants, cognitive 

load Granger-causes frustration. In this section, we provide forecasting results for at-

tention (for high performing participants) and frustration (for low performing partici-

pants) with or without using the causal information. 

  

Forecasting attention  

While forecasting attention with and without using the causal information, we observe 

from Table 1 that in all the forecasting cases from AR to transformers, the models with 

causal information outperform the models without causal information. All the models 

outperform the average baseline forecasting NRMSE of 0.35. We also observe that 

transformers (in both categories) outperforms every other forecasting algorithm. How-

ever, the improvement comes at the cost of high computation time.  
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Table 1. Forecasting Attention 

 Without causality With causality t-test 

Algorithm NRMSE SD NRMSE SD t-

value 

p-

value 

AR 0.26 0.05 0.20 0.05 3.39 <.05 

ARIMA 0.18 0.04 0.15 0.04 2.12 <.05 

GARCH 0.16 0.04 0.13 0.04 2.12 <.05 

XGBoost 0.12 0.03 0.07 0.03 4.71 <.05 

LSTM 0.11 0.02 0.05 0.02 8.48 <.05 

Transformer 0.09 0.02 0.04 0.02 7.07 <.05 

Forecasting frustration  

Forecasting frustration using or not using cognitive load, we observe from Table 2 that 

in all the forecasting cases from AR to transformers, the models with causal information 

outperform the models without the causal information. All the models outperform the 

average baseline forecasting NRMSE of 0.31. As  was the case with attention, we also 

observe, for frustration, that transformers (in both categories) outperforms every other 

forecasting algorithm. However, also here the improvement comes at the cost of high 

computation time. 

 

Table 2. Forecasting frustration 

 Without causality With causality t-test 

Algorithm NRMSE SD NRMSE SD t-value p-value 

AR 0.24 0.04 0.17 0.04 4.94 <.05 

ARIMA 0.16 0.04 0.12 0.04 2.82 <.05 

GARCH 0.14 0.03 0.12 0.02 2.21 <.05 

XGBoost 0.13 0.03 0.06 0.03 6.59 <.05 

LSTM 0.12 0.02 0.04 0.02 11.31 <.05 

Trans-

former 

0.12 0.01 0.03 0.01 25.45 <.05 

Discussion and conclusion 

The paper investigates data from an investigation of human comprehension of textual 

and model representation of business processes. In particular we have investigated how 

usage of identified causal relationships can be used in forecasting to potentially support 

the development of neuro-adaptive tools [50].  

   In this contribution, we used six different methods for forecasting attention and frus-

tration. The reasons for this breadth-first selection of methods are twofold. First, in this 

manner, we showcase the generalizability of our working hypothesis that including the 

causal information provides better forecasting accuracy. Our results verify our hypoth-

esis. Second, our goal is to examine different methods and their performances not only 

in terms of forecasting performance but also in the terms of computation power re-

quired. Among the six methods, AR, ARIMA and GARCH are the least computation-

ally expensive methods. However, the performance of these methods (both with and 

without causal information) is not in the range that can be used in neuro-adaptive sys-

tems. LSTMs and Transformers are the most computationally expensive methods and 
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their performances using casual information have close to 2% error rate. These methods 

are extremely accurate, i.e., on a scale of zero to one for both attention and frustration, 

we can forecast the levels of attention and frustration within the range of 0.02. How-

ever, these methods are not suitable to integrate into a proactive neuro-adaptive tool 

because of the time they would take to provide the forecasted values. XGBoost is one 

algorithm that has computation time comparable to AR, ARIMA and GARCH and the 

forecasting accuracy, using causal information, comparable to LSTM and transformer. 

Both for attention and frustration forecasting, XGBoost has 3% error rate, which is not 

significantly different than that for LSTM and Transformer. XGBoost produces the 

forecasts at a rapid pace and with low error rate, which leads us to further hypothesize 

that XGBoost is the most suited method for proactive neuro-adaptive feedback systems.  

    Forecasting one minute into the future provides us with several advantages over pre-

dicting the final values of attention and frustration. This one-minute window provides 

us with a suitable time-frame to provide the most appropriate feedback. Our long-term 

goal is to create an intelligent neuro-adaptive agent to provide feedback [44, 45]. This 

one-minute window will provide enough time to decide upon the most appropriate feed-

back in a proactive manner. Such proactive feedback has several advantages. For ex-

ample, such feedback helps learners course-correct before going too far down the 

wrong path [35]. Immediate guidance, through immediate feedback, reassures learners 

that they’re on the right track [48]. Proactive feedback also shows learners that learning 

is a process, and feedback is part of improvement [34]. 

     Forecasting accounts for time-based patterns (e.g., seasonality, trends, cycles). Tra-

ditional prediction models ignore time dependencies, which can lead to misleading re-

sults. In our case, these results will help us create real-time proactive feedback tools for 

supporting BPMN comprehension. Systems based on forecasting can use a better risk 

estimation of wrong comprehension and provide appropriate feedback to the 

learner/user of the BPMN-language. In this manner, we can make decisions based on 

the forecasting patterns and act accordingly before the participants become inattentive 

or frustrated. This would not have been possible if we predicted an average value of 

attention and frustration because of two reasons. First, the predictions are not time sen-

sitive and second, they are not proactive, they are mostly post hoc.  

 We will in further research investigate the practical usage of this knowledge and 

also look upon how existing knowledge on the domain and the used techniques for 

knowledge representation influence the process.  
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Abstract. As online learning becomes increasingly prevalent, optimizing learn-

ing outcomes through personalized adaptation is crucial. This study compares the 

effects of a task load-driven neuroadaptive brain-computer interface to extrinsic 

motivation (EM) in enhancing learning outcomes. Using electroencephalography 

(EEG), task load (TL) is measured via paired frontal q and parietal α activity, 

dynamically adjusting the learning interface. A three-group, between-subjects 

experiment (control, neuroadaptive, EM) assessed learning outcomes. Results 

suggest that while EM enhances performance, the neuroadaptive system effec-

tively maintains participants in their optimal cognitive state without compromis-

ing performance. These findings highlight the potential of neuroadaptive systems 

in fostering personalized, effective learning environments. 

Keywords: Neuroadaptive System, Brain-computer Interface, Extrinsic Motiva-

tion, Learning, Zone of Proximal Development, Electroencephalography 

Introduction 

As training environments evolve, personalized learning approaches are becoming 

increasingly essential for optimizing learning outcomes. A key factor in effective learn-

ing is the ability to tailor content and instructional strategies to the learner’s cognitive 

state. Adaptive learning systems can dynamically adjust based on real-time physiolog-

ical and/or behavioral data, ensuring that learners receive appropriate level of challenge 

and support. Previous research highlights the ability of a neuroadaptive system (NS), 

driven by a brain-computer interface (BCI), to tailor various environments to specific 

cognitive markers [1–4]. A neuroadaptive BCI, uses neural input to adapt the interface 

according to a classification index [5, 6]. Previous research has focused on monitoring 

states such as cognitive load (CL) [1], mental workload [2], and sustained attention [3]. 

However, task load (TL), a subconstruct of CL, is more directly related to the mental 

effort required to complete a computer-based task and may serve as a more precise 

construct for optimizing digital learning conditions.  
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Maintaining a user’s ideal cognitive state in a digital learning environment draws 

upon Vygotsky’s Zone of Proximal Development (ZPD) [7]. Vygotsky suggests that 

learning occurs optimally when appropriate support scaffolds learners through progres-

sively difficult tasks. A NS can provide dynamic countermeasures, based on real-time 

measurement of TL, acting as the scaffolding needed for a user to maintain their ZPD, 

promoting a cognitive state most conducive to learning.  

While NSs may offer a solution to personalized learning, traditional methods of en-

gaging learners and improving learning outcomes must also be considered. Extrinsic 

motivation (EM), such as the provision of an incentive, has been widely studied for its 

role in promoting learning outcomes by increasing effort [8], attention [9], and working 

memory [10]. While both methods have the potential to enhance learning outcomes, 

their mechanisms of influence differ. Therefore, we raise the following questions: 

How does a task load-driven neuroadaptive system compare to an extrinsic incentive 

in influencing learning outcomes in an online learning task? 

To explore this question, this study aims to examine TL within a NS, using electro-

encephalography (EEG) to develop a granular measure of TL. Research suggests that 

frontal q is sensitive to expending cognitive resources [11], sustained attention, and 

working memory [12]. Conversely, parietal α is indicative of cognitive fatigue [12]. 

Importantly, changes in both frontal q parietal α have been demonstrated to be sensitive 

to TL [13].  By leveraging a classification model based on an index of multiple pairs of 

frontal q and parietal α band powers, TL can be classified into three levels (low, me-

dium, high), which trigger task-specific countermeasures in real time. 

Thus, this study aims to explore TL within a NS using a fine-tuned, EEG-based 

measurement of neural activity. By focusing on TL rather than broader constructs, this 

approach allows for a more precise classification of a user’s cognitive state to produce 

real-time adaptation across diverse digital training environments. By dynamically ad-

justing system interfaces based on TL classification, NSs can provide personalized scaf-

folding, optimizing the cognitive engagement in a wide range of professional, technical, 

and skill-based training applications. Furthermore, while EM has shown potential to 

enhance performance, its comparison to NS-driven adaptation is warranted as digital 

training and workforce development increasingly integrate adaptive technologies. 

Method 

Participants 

Fifty-one participants (24 F; age M = 26.61, SD = 5.76) participated in the study. 

Participants were recruited based on normal or corrected vision, no history of neuro-

logical disorders, and advanced understanding of French. Participants were compen-

sated $60 and entered in a draw for a $200 Visa gift card, in line with the EM condition 

described in the following section. Participants provided informed consent before the 

study session began and were debriefed before departure. Ethical approval was received 

from the institutions review board on March 27th, 2024, under the certificate 2023-5071. 
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Experimental Design and Stimuli 

The between-subjects design included three groups (control (C), neuroadaptive (N), 

and extrinsically motivated (R)), benefitting from random assignment a priori. Group 

R participants were incentivized with additional entries into the $200 draw, tied to their 

performance. The learning constellation learning task was adapted from Riopel et al. 

[14]. The selection and presentation of stimuli were identical to that of Beauchemin et 

al. [1] such that participants aimed to learn 32 constellations across four learning 

blocks. A complete trial, both question and feedback, is presented in Figure 1. Neu-

roadaptive countermeasures were implemented during feedback, where the time could 

vary between three seconds and eight seconds, increasing or decreasing by one second, 

depending on the measured TL.  

Instruments and Lab Setup 

Variations in neural activity were captured using the g.tec NAUTILUS wireless sys-

tem (g.tec medical engineering GmbH, Schiedlberg, Austria), using the g.SCARABEO 

active electrodes (g.tec medical engineering GmbH, Schiedlberg, Austria). A 32-elec-

trode EEG montage was configured based on the 10-10 [15] and 10-20 international 

system [16]. Eight electrodes were identified as crucial to measure TL (F1-4, CP1, CP5, 

P1, P5), therefore occipital electrodes were remapped. Signal filtering and segmenta-

tion followed the procedures outlined in Beauchemin et al. [1] (see Figure 2). Task load 

was calculated using 16 q-α ratios from the frontal-parietal electrode pairs. Task load 

was classified as high or low based on 1st and 3rd quartile average ratios from the group 

C data, yielding a task-specific classification index. Of these classifications, majority 

voting dictated the TL classification per second, where every six seconds, a TL 

Fig 1. Example of the constellation stimuli, Left: Question stimulus, Right: Feedback 

stimulus 

Fig 2. Visual representation of the closed-loop neuroadaptive BCI 

system 

   

EEG Signal Acquisition Data Filter Feature Extraction

ClassificationAdaptation

Participant
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classification was made based on the previous six values and sent to the interface using 

Lab Streaming Layer. 

Statistical Analysis 

All statistical analyses were conducted in R Version 4.2.1 and RStudio Version 

2023.09.1 [17]. Score outliers were retained as they are indicative of interaction with 

the system. Hypotheses were tested under an analysis of variance framework. 

Results 

A mixed model ANOVA demonstrated a significant effect of Block on Score F (2, 

96) = 135.235, p < .001, ηp² = .738. There was a significant increase in Score across 

Block 2 (M = 37.50, SD = 12.40) Block 3 (M = 46.40, SD = 13.30), and Block 4 (M = 

50.30, SD = 12.80). The interaction between Group and Block was not significant F (4, 

96) = 1.795, p = .144, ηp² = .068. One-tailed pairwise comparisons revealed a signifi-

cant difference of Score in Block 4 between Group R (M = 55.10, SD = 8.25) and Group 

N (M = 43.60, SD = 16.50, p = .0153). In Block 3, there was a significant difference 

between Group R (M = 50.90, SD = 10.80) and Group N (M = 40.80, SD = 14.50, p = 

.0449). In Block 4, there was a trending difference between Group C (M = 51.80, SD = 

10.50) and Group N (M = 43.60, SD = 16.50, p = .0780). 

Regarding TL, a mixed model ANOVA revealed a Group by Block interaction F (6, 

99) = 3.409, p = .004, ηp² = .171.  One-tailed, pairwise comparisons uncovered a sig-

nificant difference in average TL between Group N (M = 2.99, SD = 0.535) and Group 

C (M = 6.37, SD = 4.47, p = .004) in Block 4. There was a trending difference between 

Group C and Group R (M = 4.12, SD = 1.84, p = .061) in Block 4. 

Discussion 

Across learning blocks, there is an evident learning effect regardless of group mem-

bership. Consistent with the literature, further investigation revealed the power of ex-

trinsic motivation to enhance performance, above and beyond TL-driven countermeas-

ures in Block 3 and Block 4. However, observing the average TL, the neuroadaptive 

group exerted less effort than the control group with similar performance. It could be 

reasoned that the neuroadaptive countermeasures aided the participant to remain in their 

ZPD, avoiding cognitive underload and overload. In line with motivational intensity 

theory [18], Group N received adaptations that were favorable for their cognitive ca-

pacity reducing the need for elevated effort as explained by lower q dominance; addi-

tional effort was not needed as the system maintained a balance between task demands 

and cognitive resources. These results support the proposed premise that the NS can 

effectively act as scaffolding within an online learning task. Thus, we highlight the 

potential of an NS to complement traditional motivational approaches by providing in-

dividualized support that adjusts in real time, enhancing the learning experience. 
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To complement the results of the quantitative analyses, α and q powers were plotted 

at the sensor level in scalp topographic maps, across groups and blocks, during the 

encoding phase of the learning task (see Figure 4.). The generation of these topographic 

maps highlights meaningful activity in the frontal and parietal regions, enabling the 

identification of distinct learning profiles across groups. At the beginning of the task, 

Group R and Group N display similar patterns, with medium to high frontal q power 

and medium to low parietal α power. By the end of the task, parietal α power appears 

lower for Group R than Group N. Conversely, Group C begins the task with medium 

levels of α and q power across the map. By the end of the learning task, Group C ex-

hibits both high parietal α and frontal q power. Research shows that α activity may be 

reflective of rote rehearsal [19], and visual attention and encoding [20] and specifically, 

parietal α may indicate cognitive fatigue [12]. Moreover, frontal q is sensitive to utiliz-

ing cognitive resources [11], sustained attention, and working memory [12]. Consider-

ing these previous findings, we can estimate that Group C exhibits increasing cognitive 

fatigue and expenditure of cognitive resources across time. In contrast, Group N dis-

penses fewer cognitive resources and exhibits more visual attention than Group C 

throughout the learning task, indicating faster associative decoding than Group C and 

Group R [21]. This pattern further indicates that the NS successfully maintained Group 

N in their optimal learning zone (ZPD), without compromising learning outcomes. 

The success of the NS validates TL as an indicator of executive function, promising 

wide applicability to a varied array of domains such as education, workplace produc-

tivity, and critical infrastructure monitoring. The findings contribute to the current 

knowledge base of BCI research, providing a granular, objective measure of TL inte-

grated in a NS. Future research should further validate the NS in other domains, with 

other forms of countermeasures and experimental designs, further refining the proposed 

research model. For example, future studies could integrate AI-based personalized 

learning, enabling more sophisticated and adaptive interventions across diverse do-

mains. Moreover, future advancements could leverage machine learning algorithms to 

refine TL classification, optimizing real-time adaptions, improving user performance 

in high-stakes environments.  

 

Acknowledgements. This study was supported by SSHRC through the Canada Grad-
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2020-06048. 

Fig. 4. EEG-based topographic maps displaying α and q activity by group in the encoding 

phase of Block 2 (a) and Block 4 (b) 
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Abstract. Declarative process models offer flexibility in representing complex 

processes, but can be difficult to understand due to their implicit control flow. 

Improving their representation, particularly by investigating and enhancing their 

semantic transparency, can help address this challenge. This paper proposes an 

empirical research model to examine how varying levels of semantic transpar-

ency, encoded in different visual notations of declarative models, affect users’ 

cognitive load and visual behavior in the presence and absence of contextual in-

formation. The findings will lead to a better understanding of the effects of se-

mantic transparency and will support the design of understandable declarative 

models.  

 

Keywords: Declarative Process Models . Semantic Transparency . Contextual-

Information . Cognitive Load . Eye-tracking 

Introduction 

Process models enable automation and facilitate the communication between domain 

experts and IT specialists [1]. These models are typically designed using modeling lan-

guages along the imperative-declarative paradigm [2]. Imperative languages define ex-

plicit control flow, fitting structured processes with few alternatives, while declarative 

languages specify constraints, allowing any execution that adheres to them. This flexi-

bility enables a concise representation of complex processes with many execution al-

ternatives, but can reduce understandability due to the implicit control flow in declara-

tive process models [2–4].  

Several studies have investigated and attempted to enhance the understandability of 

declarative process models (e.g., [5–10]), notably through guided simulations to clarify 

the model behavior [7, 9] and representation enhancements [5, 8, 10–12]. Our research 

aligns with the latter, by specifically investigating the semantic transparency (i.e., the 

clarity of a symbol’s meaning based on its appearance [13].) of constraints in declara-

tive models, as these constraints are among the most challenging aspects to understand 

in this type of models [9, 14, 15].  
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In this paper, we present an empirical research model to investigate how variations in 

semantic transparency affect users’ cognitive load [16, 17] and visual behavior [18] 

when process models include or omit contextual information allowing the reader to 

interpret the semantics of the model (i.e., information derived, for instance, from the 

process model event names [19] or annotations [9, 20]). To the best of our knowledge, 

the impact of semantic transparency and the role of contextual information on cognitive 

load and visual behavior have not yet been investigated in the context of declarative 

process models. To address this gap, we formulate the following research question: 

“How does semantic transparency, in the presence or absence of contextual infor-

mation, affect users’ cognitive load and visual behavior when interpreting declarative 

process models?”.  

We focus on Dynamic Condition Response (DCR) Graphs [21] as an instance of de-

clarative modeling languages that have gained traction in both academia and industry 

[22, 23]. We compare the semantic transparency of three visual notations that have been 

proposed for DCR Graphs (cf. Fig. 1): the original DCR visual notation proposed by 

Hildebrandt and Mukkamala [21] (DCRoriginal), a DCR UX-driven visual notation pro-

posed by Trinh et al. [12] (DCRux), and a very recent DCR visual nota-tion proposed 

by DCR Solutions3 (DCRsolutions), a tool vendor specializing in DCR Graphs. The re-

search model presented in this work is designed to guide a future eye-tracking experi-

ment.  

Our research aligns with the growing NeuroIS field, which advocates for incorporating 

neurophysiological approaches to deepen our understanding of the cognitive and be-

havioral aspects guiding users’ interactions with information systems [24,25]. Among 

these methods, eye-tracking has emerged as a powerful technique for objectively as-

sessing cognitive load and visual behavior in real-time, offering detailed insights into 

users’ mental processing during IS-related tasks [26], such as process model compre-

hension. Building on this foundation, our research uses eye-tracking measures to ex-

amine indicators of cognitive load and visual behavior in the context of understanding 

declarative process models with different levels of semantic transparency. In doing so, 

it extends the methodological advancement of NeuroIS to process modeling, where ef-

fective comprehension relies heavily on visual representations. Additionally, by re-

sponding to the calls for NeuroIS research to generate actionable and socially relevant 

outcomes [26], our research will offer design-oriented recommendations for enhancing 

the clarity of visual notations used in process models.  

 

The implications of this research are twofold. First, it advances our understanding of 

how semantic transparency affects cognitive load and whether contextual information 

can mitigate the impact of low semantic transparency in declarative process models. 

Second, it provides a research method for empirically evaluating visual notations, 

which is particularly relevant for modeling languages such as Declare [27] and Entity 

 
3 See https://documentation.dcr.design/introduction-to-business-rulesvalue  

https://documentation.dcr.design/introduction-to-business-rulesvalue
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Relationship (ER) diagrams [28], where various visual notations have been proposed 

(cf. [27–32]).  

The remainder of this paper is structured as follows. Sect. 2 outlines the theoretical 

background guiding our study, Sect. 3 presents our research method, and Sect. 4 con-

cludes the paper.  

Theoretical Background and Underpinnings 

 

 

Fig. 1. An example of the same DCR Graph depicting the process of traveling by airplane using 

the three different visual notations. 

 

The Dynamic Condition Response (DCR) Graphs. A DCR Graph is a directed graph 

that consists of nodes that represent events (i.e., process activities visualized as rectan-

gles) and edges that represent relations between events (i.e., process constraints). Ad-

ditionally, events have markings defining their state. For brevity, we refer the reader to 

[21] for a detailed presentation of the DCR semantics. Fig. 1 depicts three DCR Graphs 

describing the process of traveling by airplane, where the semantics of the graphs are 

the same. The difference emerges only from their visual notation, corresponding to the 

three versions investigated for semantic transparency in our research (cf. Sect. 1).  

The DCR Graph visualized with DCRoriginal in Fig. 1 shows a condition relation (→•) 

between the two events “Buy Plane Ticket” and “Receive Boarding Pass”. It indicates 

that before “Receive Boarding Pass” can be executed (done), “Buy Plane Ticket” must 

be done at least once in the past. Additionally, between the two events is also a response 

relation (•→). This relation indicates that after “Buy Plane Ticket” is done, “Receive 

Boarding Pass” becomes required (i.e. pending) and needs to be done before the process 

can finish. Between the two events “Receive Boarding Pass” and “Board Plane” is a 

milestone relation (→ẖ). This relation indicates that: While “Receive Boarding Pass” 

is required to be done (i.e. pending) “Board Plane” is blocked from being done; i.e., 

“Board Plane” cannot be done while “Receive Boarding Pass” is pending; it can only 

be done after “Receive Boarding Pass” has been done. The “Board Plane” event has an 

exclude relation (→%) to itself which means that: When “Board Plane” is done, it is 
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removed from the process, implying that you cannot “Board Plane” again. If you wish 

to be able to “Board Plane” again, you must reintroduce it to the process by performing 

“Receive Boarding Pass” again, which is done with the include relation (→+). This 

relation indicates that when “Receive Boarding Pass” is done, “Board Plane” is added 

(back) into the process. DCRoriginal was used in this example.  However, by mapping 

the colors and placements of DCR relations across the other DCR visual notations, the 

same semantics apply.  

 

 

Fig. 2. The semantic transparency spectrum, adapted from [12, 13]. 

Semantic Transparency states that a visual notation should be directly perceived or 

easily learned [13]. As depicted in Fig. 2, semantic transparency ranges from semantic 

immediacy (i.e., a visual notation that is directly perceived or quickly learned) to se-

mantic perversity (i.e., a visual notation that is misinterpreted as something else), with 

semantic opacity in between (i.e., a visual notation that is neither conveying the in-

tended meaning nor suggesting an alternative) [13]. Additionally, situated along the 

continuum from semantic opacity to semantic immediacy is semantic translucency (i.e., 

a visual notation that offers a helpful cue about its meaning but still requires some initial 

explanation) [13]. In process modeling, semantic transparency has been studied con-

cerning the clarity of routing symbols [33] and the consistency of routing directions 

[34] within imperative process models. In this work, we explore semantic transparency 

in the context of constraints within declarative process models. 

Two studies have analyzed the semantic transparency of DCR graphs. Initially, López 

and Simon [35] evaluated the cognitive effectiveness of DCRoriginal as a whole, using 

Moody’s Physics of Notations [13]. This study highlighted that some visual elements, 

such as events and markings could be perceived as semantically immediate, whereas 

other symbols (e.g., relations) could be perceived as semantically perverse. The work 

in Trinh et al. [12] studied the strengths and weaknesses associated with the perception 

of the visualization of DCRoriginal, focusing on the representation of relations. It was 

found that some symbols used to represent relations in this notation may be semanti-

cally opaque, such as a neutral circle for condition (→•) and response (•→) relations. 

In addition, the exclude relation (→%) symbol could be semantically perverse, poten-

tially implying a percentage. Lastly, the conventional arrows could be incorrectly per-

ceived as flows instead of constraints. Based on these findings, a new design (DCRux) 
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was proposed. This design was guided by two primary objectives to enhance the se-

mantic transparency: (1) ensuring that graphical symbols accurately reflect the seman-

tics of DCR relations (cf. [12] for a more detailed discussion on this relationship), and 

(2) maintaining the visibility of the direction of DCR relations while avoiding potential 

misinterpretation of DCR Graphs as imperative process models. These challenges were 

addressed by using more semantic immediate symbols based on expert interviews and 

moving the arrowhead to the start of the relations. 

 

The third notational variant selected, DCRsolutions, is introduced by one vendor com-

mercializing products based on DCR graphs. While the design decisions behind the 

changes are not publicly available, one could argue that in contrast to DCRoriginal, 

DCRsolutions offers more semantically immediate symbols for response ( ), milestone 

( ), and exclude ( ) relations. However, the removal of intuitive directional indica-

tors might lower its semantic transparency. Here, contextual information could be help-

ful. For instance, in Fig. 1, common knowledge of the relationship between the events 

“Buy Plane Ticket” and “Receive Boarding Pass” can aid in inferring the direction and 

thereby the meaning of the condition and response relations. 

 

Cognitive Load is the mental effort required to process information in working 

memory [16, 17]. When this load exceeds the available capacity of the memory, one 

experiences cognitive overload, leading to difficulties in processing and understanding 

information [16, 17, 36]. Cognitive load is categorized into intrinsic, extraneous, and 

germane load [16]. In process models, intrinsic load stems from the complexity of the 

process behavior. Extraneous load arises from the model’s visual representation qual-

ity, depending on whether it is poorly designed or well-structured. Germane load 

emerges from the effort to build mental schemes for understanding the process [16, 37]. 

Since our study examines semantic transparency related to the model representation, 

extraneous load is the most relevant component of cognitive load.  

 

Semantically transparent notations are likely to reduce extraneous cognitive load as the 

underlying symbols act as memory aids, easing comprehension [13]. In contrast, low-

transparency notations may require a greater load for interpretation. However, contex-

tual information derived, for example, from the process event names [19] or model 

annotations [9, 20], may reduce reliance on semantic transparency, by enabling schema 

activation, i.e., prompting readers to use their existing knowledge structures to integrate 

and interpret new information [38]. Contextual information is, for instance, used when 

model readers try to disambiguate ambiguous parts in process models [39]. Likewise, 

readers may also rely on contextual information when semantic transparency is low to 

mitigate uncertainty. Hence, contextual information could moderate the effect of se-

mantic transparency on cognitive load.   

 

Cognitive load can be captured with different measures [17]. Subjective measures cap-

ture perceived difficulty, typically through self-assessment questionnaires [40]. Perfor-

mance measures assess cognitive load through response time and task accuracy [41]. 

Physiological measures track changes in physiological states [42], with the Low/High 

Index of Pupil Activity (LHIPA) [43] being a key eye-tracking metric used in that 
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regard [37, 44]. Behavioral measures analyze changes in user behavior, often via eye-

tracking [20, 37, 45–49]. Two key metrics are average fixation duration (average time 

spent fixating on a stimulus, e.g., a DCR Graph) and saccadic amplitude (eye movement 

distance between pairs of fixations) [18]. Higher cognitive load correlates with high 

perceived difficulty, long response times, and low answer accuracy. It is also reflected 

in low LHIPA, longer fixations, and shorter saccades [37]. The measures outlined in 

this section will be used to estimate extraneous cognitive load as part of a hypothesis-

testing research model aiming at evaluating the impact of varying levels of semantic 

transparency on this component of cognitive load in the presence and absence of con-

textual information (cf. Sect. 3). 

 

Visual Behavior. Studying user engagement is essential for understanding behavioral 

processes linked to semantic transparency and contextual information. Herein, three 

key analyses are relevant. The scan-path analysis [18] examines whether users follow 

a structured reading order or struggle with interpreting process models with different 

characteristics. Attention distribution [50] identifies which model elements attract the 

most focus, while visual associations [50] reveal how users integrate information across 

different model elements. These analyses are important to explore the influence of se-

mantic transparency on visual behavior in the presence or absence of contextual infor-

mation. This exploratory angle will help to extend the confirmatory findings of our 

hypothesis-testing model focused on the impact of semantic transparency and contex-

tual information on extrenous cognitive load. 

 

Altogether, semantic transparency can mitigate extraneous cognitive load by making 

the intended meaning of constraints in declarative process models more apparent, 

thereby reducing interpretative effort and supporting model comprehension. Contextual 

information can moderate this effect, as readers may rely on event names or model 

annotations to interpret semantically opaque or perverse symbols. This interplay is 

likely to shape users’ visual behavior leading to the observation of specific scan-path 

patterns, different attention distribution across process model elements, and visual as-

sociation patterns, depending on the level of semantic transparency together with the 

presence and absence of contextual information. This integrative perspective offers a 

cohesive theoretical grounding for the subsequent research model, illustrating how se-

mantic transparency and contextual information jointly influence users’ cognitive load 

and visual behavior. 
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Research Method 

 

 

Fig. 3. Research model. T: Theoretical construct; O: its operationalization 

 

Building on the theoretical foundation in Sect. 2, our research investigates the following 

hypothesis: “The impact of semantic transparency on cognitive load is moderated by 

contextual information in process models.” Specifically, we expect semantic transpar-

ency to affect cognitive load primarily when contextual information is absent, but less 

so when it is present. To test this hypothesis, we propose the research model in Fig. 3. 

Semantic transparency (independent variable) will be operationalized using DCR 

Graphs with three semantic transparency levels (cf. Fig. 1). Extraneous cognitive load 

(dependent variable) will be measured using the metrics presented in Sect. 2. Contex-

tual information (moderator variable) will be operationalized through event naming. 

Some models will include meaningful event names that clarify the process domain and 

aid control flow interpretation, while others will use anonymized names to avoid do-

main information.  

 

Our hypothesis-testing research model will be complemented by a qualitative investi-

gation of users’ behavior when engaging with DCR Graphs of different semantic trans-

parency levels in the presence and absence of contextual information. Therein, the scan-

path analysis [18], attention distribution [50] and visual associations [50] will be used 

for the purposes outlined in Sect. 2. Moreover, we plan to gather post-experiment verbal 

insights on participants’ preferences regarding the visual notations used.  

 

The material for the experiment will consist of different DCR Graphs with the afore-

mentioned characteristics and a set of comprehension tasks. Eye-tracking data will be 

collected using Tobii Pro Fusion 250 Hz4, being a research-grade eye-tracking device 

providing high data accuracy and precision. Moreover, we plan to extend the data col-

lection software EyeMind [51], currently supporting only imperative process models, 

to accommodate DCR Graphs and thus allowing us to run our experiment. This exten-

sion leverages EyeMind’s capability to automatically detect areas of interest [18] (cor-

responding to process model events and relations in our context) in dynamic stimulus 

presentation (large and interactive process models), which is essential for analyzing 

users’ scan-path, attention distribution and visual associations at a fine-grained level. 

 
4 See https://connect.tobii.com/s/fusion-get-started?language=en_US  

https://connect.tobii.com/s/fusion-get-started?language=en_US
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Moreover, EyeMind offers experiment setup mechanisms and data analysis features 

designed particularly to accelerate the processing of eye-tracking data collected during 

process model comprehension experiments [51].   

Conclusion 

This paper introduces a research model to investigate how semantic transparency in 

declarative process models affects cognitive load and visual behavior in the presence 

and absence of contextual information.  

 

This research will yield actionable guidelines for both modelers and language design-

ers. On the one hand,  modelers will be encouraged to incorporate contextual infor-

mation more prominently when working with notations that have limited semantic 

transparency. On the other hand, language designers will gain a deeper appreciation 

of why semantic transparency is crucial for clearer, more intuitive notation constructs. 

Furthermore, our empirical approach provides a replicable blueprint for future eye-

tracking studies aimed at investigating different facets of (conceptual) model compre-

hension . Finally, the results of the experiment will support the creation of more intui-

tive declarative notations, facilitating their adoption in the community as an alterna-

tive to imperative process notations. 

 

As a future work, we are planning to conduct an eye-tracking experiment leveraging 

this research model to guide our empirical investigation. We also encourage the broader 

modeling community to extend our work to additional modeling languages and to inte-

grate other neurophysiological measures beyond eye-tracking (e.g., electro-enceph-

alography – EEG) to deepen our collective understanding of how semantic transparency 

and contextual information interact across diverse modeling contexts. 
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Abstract. Many employees justify their cyberloafing behavior as a mental break 

that can replenish their attentional resources. However, there is little empirical 

research to examine the effect of cyberloafing on employee attentional state. We 

conducted an EEG-based lab experiment to investigate the effects of two types 

cyberloafing activities as a mental break (i.e., watching short funny videos and 

browsing online news) and an offline mental break (i.e., sitting quietly and rest-

ing) on individual attentional state (including attention reengagement, attention 

concentration, and attention sustainability). Our findings show that, compared 

with browsing online news and quiet sitting, watching short funny videos as a 

mental break can result in a difficulty of attention reengagement, but a higher 

level of attention concentration and attention sustainability. The findings of our 

experiment indicate that the choice of mental break should be tailored to the spe-

cific type of work task at hand.  

Keywords: cyberloafing, mental break, attention, EEG, ERP 

Introduction 

The wide usage of IT devices and Internet has blurred the geographical and temporal 

boundary between work and non-work [1]. As a result, it becomes increasingly common 

for employees to engage in cyberloafing, which is defined as employees’ Internet usage 

for non-work-related purposes during work time [2]. Examples of cyberloafing include 

browsing online news, watching short videos, visiting social network sites (SNS), book-

ing personal travel, online stock-trading, shopping, gaming, and chatting, to name a 

few. It is reported that employees spend up to 30% of work time on cyberloafing  [3]. 

Early studies claimed that cyberloafing reduces work time and employee performance, 

while recent research suggests it serves as a useful mental break that can replenish at-

tentional resources and eventually enhance task performance [4]. However, the impact 

of cyberloafing as a mental break on individual attentional state has been rarely empir-

ically examined. Accordingly, our study aims to fill this important research gap and 
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examine the effect of cyberloafing activities as a mental break on individuals’ atten-

tional state.  

Employee cyberloafing behavior often involves an attention switch process [3]. For ex-

ample, when individuals start cyberloafing, they often switch attention from work task 

to cyberloafing, and they need to switch their attention back to the work task after 

cyberloafing. The attention switch process indicates that individual attentional states 

encompass various dimensions that are crucial for task performance, including attention 

reengagement, attention concentration on work tasks, and attention sustainability. At-

tention reengagement measures how easily individuals can refocus from cyberloafing 

to work, attention concentration assesses their ability to concentrate on the work task 

after the switching from cyberloafing, and attention sustainability refers to how long 

they can maintain focus. Thus, our study aims to examine the impact of cyberloafing 

on these multiple dimensions of attention. Although prior studies have preliminarily 

explored the impact of cyberloafing as a mental break on vigilance task performance 
[4], the multiple dimensions of attention have not been thoroughly examined.  

We will examine the effects of two common cyberloafing activities as a mental break—

browsing online news and watching short funny videos—on three dimensions of atten-

tion: attention reengagement, attention concentration, and attention sustainability. Fol-

lowing previous studies [4], we will also compare these cyberloafing activities with an-

other mental break, where participants simply sit and wait during the break. Next, we 

present our research hypotheses. 

Research Hypotheses 

We develop our research hypotheses based on existing literature on attention restoration 

theory, task switch, and psychological detachment. According to attention restoration 

theory [5], individuals’ attentional resources are limited and can become depleted after 

prolonged cognitive tasks, leading to mental fatigue and declining concentration. When 

mentally fatigued, activities that require little attentional effort can help replenish these 

resources and improve concentration. Engaging in leisure internet use, such as watching 

short videos or browsing online news, can effectively restore attentional resources [4].  

However, the mental recovery effect of leisure activities can be diminished by the dif-

ficulty of switching attention back to work tasks. Previous studies suggest that transi-

tioning between tasks is often challenging, which can negatively impact subsequent 

task performance [6].  Attention switching difficulty arises from task-set inertia. When 

performing a task, individuals maintain a task set—cognitive processes and mental rep-

resentations aligned with task requirements. Due to limited cognitive resources, focus-

ing on multiple tasks simultaneously is challenging, necessitating task-set reconfigura-

tion during task switches. However, task-set inertia makes the reconfiguration difficult.  

Task set inertia is greater when switching from a high-arousal task compared to a low-

arousal task. Arousal represents varying energization states with physiological and be-

havioral indicators. In our context, watching short funny videos involves higher arousal 

than surfing general online news or quiet sitting due to their emotional and stimulating 

content. The high arousal level may increase the task-set inertia in terms of watching 
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the short funny videos. As a result, individuals may find it harder to shift their attention 

away from these videos when transitioning to the next task. Therefore, compared to 

watching general online news or sitting quietly, individuals may find it more challeng-

ing to detach their attention from the break after watching short funny videos, and find 

it more difficult to reengage in the following tasks (i.e., attention reengagement). 

Hence, we propose the following hypothesis: 

H1: Among the three types of mental breaks, individuals will demonstrate worse 

attention reengagement to the following task after watching short funny videos com-

pared to browsing general news or sitting quietly. 

According to psychological detachment theory [8], the effectiveness of recovery de-

pends on the degree to which individuals can completely detach from work tasks and 

fully engage in the break activities. Higher levels of psychological detachment lead to 

more effective breaks. In our context, watching funny videos is more emotionally 

arousing than browsing general online news or sitting quietly. As a result, individuals 

are likely to experience a higher level of engagement in watching funny videos than in 

browsing general online news or sitting quietly. That is, watching funny videos may 

result in greater psychological detachment and better attention restoration. This resto-

ration can enhance individuals’ concentration on subsequent tasks. Therefore, we pro-

pose the following hypothesis: 

H2: Among the three types of mental break, individuals will demonstrate better at-

tention concentration after watching funny short videos compared to browsing gen-

eral news or sitting quietly. 

As discussed, watching funny videos may pose a greater challenge for attention reen-

gagement due to their higher arousal levels compared to browsing news and quiet sit-

ting, requiring individuals to use self-control resources to overcome the challenge. Due 

to the limited self-control resources of individuals [9], the consumption of these re-

sources during task-switching phases can decrease the duration of their subsequent at-

tention. Regarding browsing news, although the arousal level of browsing news may 

be relatively low, it may demand more cognitive effort to process content, reducing the 

effectiveness of attention restoration compared to watching funny videos or quiet sit-

ting. By contrast, quiet sitting has lower arousal levels than watching funny videos, 

which minimizes the need for self-regulation when switching attention back to work 

task, and it also incurs a lower cognitive load than browsing news, thereby enhancing 

attention restoration. Therefore, we propose the following hypothesis: 

H3: Among the three types of mental break, individuals will exhibit greater attention 

sustainability after engaging in quiet sitting compared to watching funny short videos 

or browsing general news. 

Experiment Design and Results 

We conducted an EEG-based experiment to test the hypotheses above. Following pre-

vious studies [10, 11], we used a between-subject design to avoid the potential learning 

effect. Fifty-five university students were recruited and randomly assigned to three 

mental break groups: the short funny video-watching group (the video group, n=18), 

the news browsing group (the news group, n=18), and the quiet sitting group (the sitting 
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group, n=19). The procedure of the experiment included the following four steps. First, 

participants were asked to complete a cognition-intensive task for 20 minutes, namely, 

national civil servant exam questions (China) to induce mental fatigue. The exam can 

be a useful proxy of work tasks of knowledge workers because the exam questions 

involve cognitive functions such as comprehension, reasoning, judgement, and so on. 

Participants were informed that exam performance would be linked to their compensa-

tion so that they have strong motivation to take the exam and perform well. Second, 

participants were then asked to perform two cognitive tasks to measure their attentional 

state before taking a mental break (i.e., pre-test): Inhibition of Return (IOR) task and 

Color Stroop task. The IOR task was used to measure attention reengagement [12], and 

the Color Stroop task [13] to measure attention concentration. Electroencephalography 

(EEG) during performing the IOR and Stroop tasks was recorded and analyzed to assess 

attention fatigue (i.e., the proxy of attention sustainability) via alpha wave intensity. 

Third, participants then engaged in different types of mental break according to their 

assigned groups. Fourth, their attentional state was measured again after the break by 

engaging in the IOR task and Color Stroop task (i.e., post-test).  

In the IOR task (Figure 1), participants are required to respond to the target as quickly 

as possible by pressing a specified key. A cue word is displayed before the target, the 

cue word is displayed either in the same side with the following target (valid trial con-

dition), or the opposite side (invalid trial condition). The cue word may or may not be 

related to the breaks (e.g., funny, videos, sitting, blue, university). When cue words 

related to the break (e.g., "funny" for the funny video group) appear, participants with 

high attention detachment difficulty will experience high cognitive conflict and atten-

tion re-allocation need in the invalid trail. As a result, the amplitudes of particular ERP 

components can increase.  

Figure 1 Inhibition of returning task                         
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In the Color Stroop task (Figure 2), participants are required to focus on the word color 

but not the word meaning. It reflects the distraction resistance ability and information 

processing efficiency. There are three conditions in the task: control condition (the 

meaning of the word is unrelated to color), congruent condition (the meaning of the 

word is congruent with the color of the word), and incongruent condition (the meaning 

of the word is incongruent with the color of the word). If participants can resist the 

distraction of the word meaning and deal with the conflict between word meaning and 

color, the task will not significantly activate the electrical energy of the brain (as re-

flected in the low amplitudes of particular ERP components); otherwise, these ERP 

components’ amplitudes will significantly increase. 

Figure 2 Color Stroop task 

We focus on the P3 ERP component, which is crucial for reflecting attention allocation, 

cognitive processing depth, and task-related neural activity [14]. In the IOR paradigm, 

P3 reveals the cognitive load experienced by participants when detaching attention or 

reallocating it. In the Color Stroop paradigm, P3 reflects the level of attentional con-

centration when participants process conflicting information, such as the conflict be-

tween words and colors. EEG data were collected when participants performing the 

IOR and Color Stroop tasks, using a BrainProducts recording system and a 64-electrode 

cap designed according to the International 10/20 system, with the left mastoid serving 

as the reference electrode. Horizontal (HEOG) and vertical electrooculograms (VEOG) 

were recorded from electrodes placed at the outer canthi of the eyes and above/below 

the left eye, respectively.  

Offline analysis was conducted using the software 'Analyzer', which involved re-refer-

encing the data to the average of the left and right mastoids, applying a 30 Hz bandwidth 

filter (24 dB/octave slope), and correcting for ocular artifacts such as blinks and head 

movements using Independent Component Analysis (ICA). The EEG data were seg-

mented into epochs from 200 ms pre-stimulus to 1000 ms post-stimulus, baseline-cor-

rected using the 200 ms pre-stimulus interval, and averaged across trials to extract stim-

ulus-related ERP components. The study determined regions of interest based on prior 

literature and group-averaged latencies (the average time interval between stimulus 
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onset and peak response for each experimental group). For instance, in the IOR task, 

the P3 component (250-350 ms) under invalid conditions was analyzed, while in the 

Stroop task, the P3 component (300-400 ms) under incongruent, congruent, and control 

conditions was examined. Additionally, attention sustainability was assessed through 

α-band (8-12 Hz) power analysis. Alpha power is considered one of the classic EEG 

indicators for reflecting mental fatigue. To better observe temporal changes in α power, 

a time-frequency analysis was conducted by dividing the signal into one-minute time 

windows and applying Fourier transforms to obtain the spectral power within each win-

dow, allowing for dynamic comparisons of α power across time points. 

We first analyzed the pre-test data to ensure that similarity of the participants’ atten-

tional states before taking the break. The results suggested that there is no significant 

inter-group difference at the pre-test regarding participants’ attentional state. Specifi-

cally, in the IOR task, neither the main effects of group and condition nor their interac-

tion were significant (group: F(1,46)=1.893, p=0.162, η²=0.076; condition: 

F(1,46)=0.116, p=0.860, η²=0.003; interaction: F(1,46)=1.302, p=0.279, η²=0.054). In 

the Stroop task, although the main effect of condition was significant (F(1,50)=3.895, 

p=0.027, η²=0.137), the main effect of group and the interaction were not significant 

(group: F(1,50)=0.476, p=0.624, η²=0.019; interaction: F(1,50)=0.851, p=0.496, 

η²=0.034). In the α power analysis, neither the main effects of group and time nor their 

interaction was significant (group: F(1,50)=2.093, p=0.134, η²=0.077; time: 

F(1,50)=2.063, p=0.068, η²=0.247; interaction: F(1,50)=1.638, p=0.085, η²=0.207). 

These results suggest that there was no intergroup difference regarding the indicators 

of attention reengagement, attention concentration and attention sustainability, suggest-

ing the validity of the group assignment. 

Given the absence of inter-group differences in the pre-test, the following analysis fo-

cused on the post-test. We used repeated-measures analysis of variance (ANOVA) for 

group × condition to examine the interaction effects on P3 amplitude in ERP and alpha 

wave energy in EEG. The results are reported as follows: 

Attention Reengagement (IOR Task): in the IOR task, the high amplitudes of P3 

components in the invalid trial suggest the difficulty of attention detachment from the 

break, and hence, the difficulty of attention reengagement to the following task. The 

analysis of invalid trials suggests that group × condition interaction effect was signifi-

cant (F (2,46) = 3.527, p = 0.015, η² = 0.133). Specifically, the video group showed 

significantly greater difficulty in detaching attention from entertainment-related stimuli 

(i.e., cue words) compared to neutral stimuli (F (1,46) = 4.975, p = 0.028, η² = 0.091). 

The sitting group exhibited marginally significant difficulty in detaching from news-

related stimuli (F (1,46) = 3.102, p = 0.087, η² = 0.058), while the news group showed 

no significant differences in detaching from entertainment-related stimuli from neutral 

stimuli (p≥0.767). These results suggest that the participants in the video group experi-

enced most difficulties in detaching attention from their mental break (and hence the 

most difficulties in reengaging attention to the subsequent task), followed by the sitting 

group. Therefore, H1 was supported.  

 

Attention Concentration (Stroop Task): The larger the amplitude difference of the 

P3 component between different conditions (e.g., incongruent vs. congruent/control), 
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the greater the difficulty in inhibiting distraction, indicating a lower level of attention 

concentration. The results suggest that the group × condition interaction effect was sig-

nificant F (2,50) = 2.885, p = 0.026, η² = 0.107). The video group displayed no signif-

icant differences in P3 amplitude across the congruent, incongruent and control condi-

tions (F (1,50) = 0.022, p = 0.978, η² < 0.001), indicating the robust ability of resisting 

distraction. The sitting group had significantly higher P3 amplitude in both incongruent 

(F (1,50) = 7.242, p = 0.008, η² = 0.126) and congruent (F (1,50) = 6.815, p = 0.009, η² 

= 0.119) conditions compared to the control condition, reflecting poor ability of dealing 

with conflict information and a poor stability in attention concentration. For the news 

group, we did not find the significant difference between control condition and the other 

two conditions, but we found that participants had significantly higher P3 amplitude in 

the incongruent condition than in the congruent condition (F (1,50) = 4.185, p = 

0.035, η² = 0.077), which suggests that participants in this group demonstrated a rela-

tive low ability of resisting distraction in certain condition. These overall results suggest 

that participants in the video group showed relatively better attention concentration than 

the participants in the other two groups. Therefore, H2 was supported.  

Attention Fatigue (EEG alpha wave intensity during the IOR and Stroop tasks): 

We use attention fatigue level as a proxy of the attention sustainability because the 

increase of attention fatigue may decrease attention sustainability. Alpha power is con-

sidered one of the classic EEG indicators for reflecting mental fatigue. Intergroup com-

parisons revealed that the funny video watching group had the lowest overall alpha 

intensity (M=0.82, SD=0.11), significantly better than the news browsing group 

(M=1.21, p=0.007) and the quiet sitting group (M=0.95, p=0.045). The results suggest 

that participants in the funny video-watching group experienced lower attention fatigue, 

potentially leading to better attention sustainability than those in the other two groups. 

This finding does not align with our H3. A possible explanation is that the higher 

arousal and positive emotions from entertainment activities may effectively alleviate 

fatigue during mentally demanding tasks. Thus, individuals' mental fatigue and atten-

tion sustainability may depend not only on cognitive resources but also on their affec-

tive state; a positive affect can temporarily compensate for cognitive resource depletion. 

However, it is noteworthy that whether the experiment result based on a single rest 

period can be generalized to multiple rest periods in real-world scenarios requires fur-

ther investigations. 

Contributions and Limitations 

Our study represents one of the first to empirically examine the effects of different types 

of cyberloafing activities on individuals’ attention state, including attention reengage-

ment, attention concentration, and attention sustainability. The findings may have im-

portant implications for employees to understand the consequence of cyberloafing be-

havior. The findings may also provide implications for managers to adapt their internet 

usage policy to take advantage of the positive side of cyberloafing while avoiding the 

negative side. There are some important limitations of our study that may preclude the 

generalizability of the findings. First, the number of participants in our study is rela-

tively small, and research with more participants should be conducted in the future. 
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Second, our study does not consider individuals’ preferences of cyberloafing activities, 

which may play an important role in determining the recovery effect. Future research 

may consider more contextual factors that may influence the effect of cyberloafing on 

individuals’ attention.  

Conclusion 

We explored the effects of three types of mental breaks—watching short funny videos, 

browsing online news, and quiet sitting—on three dimensions of attention: attention 

detachment, attention concentration, and attention sustainability. Our findings reveal 

nuanced and varied impacts of these breaks on the multiple dimensions of individual 

attention. Since all three dimensions of attention are crucial for task performance, indi-

viduals should choose different types of mental breaks based on the specific situation 

(e.g., work task type), highlighting the need for further research.  
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Abstract. Errors can be present in any human-executed task. With a controlled 

experiment to induce execution errors that can either be attributed to the user 

themselves or an external entity involved in the task, we intend to investigate 

whether the difference in task error blame attribution entity results in observable 

differences in error related potential (ErrP) correlates. Inspired by a production 

process that is still commonly executed manually, we implement an emulated 

cable assembly task in which cables need to be placed according to the instruction 

set from memory. To first test the validity of ErrPs, we implement the initial 

version of the experiment in a screen based, mouse and keyboard setup. We de-

velop a screen-based simulation of a cable placement task, in which error feed-

back can be triggered in two different scenarios: when the user places the wrong 

cable (self-attributed error), or when the evaluation system makes a false error 

evaluation (external-attributed error). We expect to be able to replicate the onsets 

of ErrPs in general for all trials flagged with error feedback, and we intend to 

compare the ErrP characteristics between the two different error conditions. 

Given the prevalence of human errors in work related contexts, the possibility of 

decoding error fault attribution from electroencephalography data has the poten-

tial to further increase adoption of brain-computer Interface (BCI) for detection, 

analysis and prevention of errors. 

Keywords: Error-related potentials, brain-computer interfaces, cable assembly, 

EEG, Human Computer Interaction 

Introduction 

Error in task execution can occur in nearly any action performed by a human, regardless 

of the effort to minimize them. In industrial contexts, errors are often considered unde-

sirable and detrimental due to the resulting economic damage and efforts to rectify them 

[1–3]. It is no surprise that efforts to improve productivity often involve exploring ways 

to minimize errors. While fewer errors are preferable in such contexts, eliminating the 

possibility of human error in manual tasks is a rather unrealistic endeavor. Rather, de-

veloping fast and reliable ways to detect errors may be a better way to assist in better 

formulating a strategic response and minimizing the damage. In cognitive neuroscience, 
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onsets of unexpected stimuli or error feedback are known to elicit peculiar time-locked 

neural responses that are observable in electroencephalography (EEG) signals [4], such 

as error-related potentials (ErrP) [5] or feedback-related negativity (FRN). Studies in 

brain-computer interface (BCI) fields have investigated the possibility of utilizing this 

component as an input signal for interactions [6–8]. There are recent efforts in research 

and industry in which noninvasive BCI using EEG is explored for application in work 

and information-system oriented contexts[24, 25, 26]. Previous existing studies have 

shown that the specific features of error related neural response can vary from factors 

such as error severity [9], task difficulty [10], and other task related parameters [11, 

12].  

Although certain characteristics that influence ErrP component features have 

been reported, it is yet unclear whether and how the error potential features are influ-

enced by attribution of errors. In real life tasks, many tasks are often executed not alone 

but collaboratively or in groups. Unlike in single person tasks, errors can be attributed 

to an individual themselves, other collaborating members, or even the system that is 

involved in the task. Especially in manufacturing environments where not only identi-

fying the error itself but investigating the circumstances of the error are important for 

revising ways to minimize future errors, the possibility of an implicit method to detect 

the individual’s appraisal of the error from their neural response could be useful for 

new applications to address errors. Furthermore, incorrect attributions of error may not 

only impede efficient troubleshooting, but also degrade trust towards a system when it 

is responsible for the error [13]. Workplace environments are increasingly leaning to-

wards a collaborative type of automation where machine and humans coexists to not 

only address the shrinking workforce problem, but also a complementary strategy of 

synergizing strengths of both types of agents [27]. Research that understands the work-

ing human from a cognitive science and interface field perspective is important for fa-

cilitating trust to the system in these increasingly symbiotic automated work environ-

ments [28]. 

In light of these considerations, our study aims to investigate error-related neural 

correlates in which error attribution is not solely on the user. Decoding error attribution 

information from ErrP data is yet an unexplored research aveneue. We intend to inves-

tigate error potentials in contexts where an error’s blame can be traced to not only the 

user themselves, but to another entity involved in the task. Our study aims to answer at 

least two different research questions, namely: 1) Does a screen-based simulated cable 

assembly task with correct/incorrect feedbacks at each cable placement trigger ErrPs 

when an incorrect feedback is presented? And 2) does attribution of task error (self vs. 

other) affect the characteristics of ErrPs? We devise the task in a way such that it is 

more adjacent to production-related contexts, in which there is great interest for appli-

cation of technology tangent to BCI. We implement our task as a simplified and abstract 

version of cable assembly, a process that is quite common in manufacturing and still 

sees a lot of manual labor due to difficulty in automation [14], and is also seeing at-

tempts to augment the task via recent developments in interaction technology [15]. 

Within this work-in-progress paper, we detail the implementation of a screen-based 

experiment to first test whether there are differences in correlates under an environment 
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less physical movement, as manual assembly tasks tend to require larger movements 

than keyboard and mouse interactions. 

Methods and Materials 

Experimental paradigm 

Our experimental task paradigm consists of multiple blocks, with multiple trials 

within each block. In each block, an instruction set showing correct positions of 10 

different cables within a 10 x 10 grid is initially shown for 5 seconds. On the screen-

based version of the experiment, the task is largely an interactive memorization task 

where they need to memorize the position of cable end points to successfully place 

them. Afterwards the instruction set is removed from the view, and after showing a 

fixation screen for 1 second, the 10 x 10 grid without any cables is displayed, and par-

ticipants must use the mouse to click on 2 end points of a table in any order. After 

marking a cable’s end points, the participants will be instructed to draw the route of the 

cable via mouse, and finalize their response.  

A single trial consists of one attempt of placing a single cable. Then after a brief 

inter-stimuli interval (ISI) of varying duration between 1 and 2.5 seconds, the evalua-

tion result of their current trial is displayed; the evaluation ISI is deliberately varied to 

emulate the evaluation of a user’s attempt in a manual setting. Depending on the result 

of the evaluation, a message indicating the user’s attempt was correct or incorrect was 

shown for 1 seconds. When the participant’s cable placement was deemed incorrect, 

the instruction set was displayed again for 3 seconds. The routing of the cable is not 

considered when it comes to judging whether the placement was correct or not; only 

the location of end points is considered. In certain trials where the participants made 

the correct placement, we would randomly give the incorrect feedback, to facilitate er-

rors that were not committed by the participant. Whenever participants feel they had 

clearly put in the correct placement but were given an error, they are allowed to appeal 

the decision by pressing a key during the feedback message or during the re-display of 

the instruction set. Participants are not informed of the result of their appeals. The num-

ber of onsets of false-errors are controlled to take up between 20-40% of the trial set, 

in order to guarantee a considerable number of trials for each conditions [35]. The num-

ber of retry chances per block also ensure that the participants receive enough chances 

to review the instruction set, so that there always would be at least a minimum number 

of correctly placed trials. 

In each block, participants have a limited number of chances to look at the instruction 

set again, and upon depleting their last chance, the block would automatically termi-

nate. Participants are informed beforehand that correctly appealing a wrong error deci-

sion would salvage them from losing a chance, although in reality a wrong error would 

never subtract from the remaining attempts. The intent here is to log the user’s explicit 

recognition that an error that wasn’t theirs to blame have occurred. Afterwards the next 

trial would begin, and only cables that were previously recognized as correct would 

remain on the grid. A given block would continue until either all 10 cables were com-

pleted, or the participant depleted all of their remaining attempts. The screen-based 
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version of the experimental paradigm is implemented with Python and PsychoPy [16]. 

Event triggers are collected concurrently with EEG data via LabstreamingLayer [17], 

and non-timelocked behavioral data are collected to a SQLite database. 

 

Fig. 1. Overview of experimental paradigm implementation. 

Data collection plan 

Under our current design, we intend to recruit 30 participants for the screen-based 

experiment from the general population, with the intent to perform within-participant 

analysis initially. Although the task is much more simplified than actual assembly pro-

cesses, we plan to control and screen against experience working in actual cable assem-

bly manufacturing. Application for institutional review board approval is in preparation 

for submission to the TU Wien’s independent ethics committee. We expect to run 30 

experimental blocks for each participant. By making the task reasonably difficult (2 

points each, 10 cables = up to 20 locations to memorize at once) with the goal of col-

lecting 2-300 trials similarly distributed between correctly placed trials, user committed 

errors, and false errors. Preceding the main data collection, a training session with at 

least two blocks will take place in order to familiarize participants with the experi-

mental task and minimize possible learning effects. We will use a consumer level 8-

channel EEG device (g.tec. Unicorn) for data collection. 

Analysis Plans and Expected Results 

Analysis Plans and Methodology 

EEG data will be preprocessed via automated preprocessing pipelines such as PREP 

[29] for basic preprocessing such as removing power-line noise with a notch filter, and 

correcting for drifts with a high-pass filter with cutoffs at 1Hz. Independent component 

analysis will be computed for automated artifact removal utilizing ICLabel [30]. The 

g.tec Unicorn, as a consumer device, suffers from signal quality issues compared to 

high-density research grade devices, and we believe minimizing noise by utilizing 
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automated artifact rejection methods are the best way to address this for replicability 

and transparency reasons. EEG time series data will be down-sampled to 100Hz, and 

filtered with a low pass at 40Hz. We plan to cut event-locked epochs primarily using 

feedback stimuli as the onset, focusing on 200ms pre-onset and 1000ms post onset for 

the analysis of ErrPs. EEGLAB [31] and Fieldtrip [32] libraries will be primarily used 

for preprocessing and statistical analysis pipelines.  

Trials will be classified based on combining the EEG data event markers with the 

behavioral database which collects information whether a trial had the correct response 

and the correct feedback. Trials in which the user committed errors in cable placement 

(and had the error feedback stimuli shown) will be categorized as true-error trials, and 

trials in which the user placed the cables correctly but received the error feedback will 

be labeled as false-error trials.  

Time-locked event-related potential (ERP) analysis between correctly placed trials 

and true-error trials will first be conducted to validate onsets of ErrPs. Statistical com-

parison of true user errors and correctly appealed false errors will be conducted to assess 

the difference in ErrP characteristics in temporal and frequency features. Frequency 

features will be computed via computing the power spectrum with sliding windows, 

and then also time-frequency decomposition will be performed with Fourier analysis 

with Morlet wavelets. There would be two null hypotheses: 1) error related potentials 

will not be visible in the feedback-locked epochs with error stimuli, and 2) there will 

be no significant difference between user-attributed errors and system-attributed errors 

in the feedback-locked ErrP data. Statistical comparison will be performed with a point-

biserial correlation analysis, with correcting for multiple comparisons across timeand 

spatial channel dimension with false discovery rate (FDR) correction using Benjamini 

and Yekutieli method [33].  

Possibility of within-participant and across-participant decoding will be explored via 

training linear discriminant algorithms with scikit [18], as well as neural network meth-

ods utilizing PyTorch [19] at an offline level first. Within-participant decoding will be 

done by splitting training, validation and test datasets in a stratified manner of 8:1:1, 

and employing a 5-fold cross validation scheme with the training and validation sets. 

The search space for model and hyperparameters will depend on further model imple-

mentation details. Test f1-scores will be computed for prediction performance analysis. 

At a cross-participant level, we will use leave-one-out cross validation (LOOCV) to see 

whether the findings can be generalized across participants.  

Expected Results 

In ERP analyses, error related potentials are visibly distinct compared to time-locked 

ERP features from conditions without errors, as well as in spectral features [7, 20]. 

ErrPs are also known to be reasonably predictable in online and offline decoding studies 

[8, 21–23]. We expect to find statistically meaningful results in comparing true error 

trials with correct trials, replicating the existing results, as well as in decoding. On com-

parison of true error trials and correctly appealed false error trials, our hypothesis is that 

there will be significant differences, but we expect the difference to be less pronounced. 

A possible risk is that due to the repeated nature of the trials in trying to collect enough 
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sample sizes, the participants may become desensitized to the onset of error feedbacks. 

It is known that ERN amplitudes tend to be correlated with awareness of the error itself 

[34]. 

Our results may be harder to interpret due to using a consumer-level EEG device (8-

channel g.tec.) instead of research-grade hardware, but our current choice of hardware 

is limited due to budgetary reasons. We are currently undergoing development of a 3d-

printed physical apparatus to recreate the experiment with actual physical cables (see 

Figure 1). The physical apparatus will be live-wired, in which attaching a cable to the 

grid triggering electric signals. The apparatus will be connected to the data collection 

computer, and send trigger markers via serial communication and LSL for each cable 

placement attempts, allowing for a time-locked tracking of participant behavior in phys-

ical interactions. Here, the physical interaction will likely introduce more noise in the 

EEG signals, but we see it as a necessary step in developing application-friendly basic 

research results. For expanding research findings to more application oriented contexts, 

replicating the findings in physical experiments is important especially for our use-case 

of manufacturing tangent tasks. After all, many work related tasks are physical by na-

ture rather than screen based. For integration of BCI and other implicit interaction tech-

nology into real-life contexts, assessing whether predictive algorithms can catch such 

onsets in EEG data during real-life task execution is important. 

Conclusion 

In this work-in-progress paper, we report the design of a screen-based experimental 

paradigm to investigate effect of error blame target (self vs. others) during task execu-

tion on ErrP features. A positive result in being able to successfully decode error attrib-

ution information from EEG data has underlying potential for application in work re-

lated contexts, in which EEG data could be used for analyzing and addressing in the 

work process to improve not only the efficacy of the process, but also satisfaction of 

the workers by being able to correctly troubleshoot problems. We plan to investigate 

temporal as well as spectral features for statistical differences, and to test whether the 

differences can be utilized for machine learning based prediction schemes. We intend 

to further develop the experiment into a physical model as well, to further explore the 

possibility of integrating findings into physical tasks adjacent to manufacturing. For 

high-fidelity research, we also aim to expand our data collection to dense multichannel 

EEG hardware, upon availability, with a greater sample size. 
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Abstract. Human operators in plant operations play a critical role in ensuring 

smooth and safe operations processes. As AI continues to become more prevalent 

in operations management, it will impact the work of operators towards remote 

operations of highly automated systems.  In such a setting, the affective and cog-

nitive states of operators play an even more important role for performance and 

well-being. We argue that there is a need for research into the design of neuro-

adaptive operations management systems. Therefore, in tight cooperation with 

an industry partner, we have developed the open experimental simulation soft-

ware SmartOperator. SmartOperator is a web-based, multi-power plant simula-

tion software that represents the tasks of an operator in an understandable way 

for non-operators. Furthermore, it offers the possibility to integrate neurophysio-

logical and behavioral data of its users and trigger real-time adaptations on this 

basis to study their impact in a controlled experimental environment. By doing 

so, SmartOperator paves the way for research toward designing neuro-adaptive 

operations management systems and follows the Open Science paradigm to 

strengthen transparent, comparable, and reproducible research for NeuroIS oper-

ations management systems.  

Keywords: Experimental Simulation Software, Neuro-Adaptive Systems, Neu-

roIS Tool, Operations Management, Design Science Research 

Problem Statement 

The operational management of plants, for example in manufacturing, process or 

utility industries, is crucial to ensuring productivity and safety. It involves optimizing 

resources, maintaining equipment, and implementing quality control to minimize 

downtime and maximize output. Effective operational management also enhances sus-

tainability, cost-effectiveness, and compliance with regulatory standards. Human oper-

ators in plant operations play a critical role in monitoring systems, troubleshooting is-

sues, and ensuring smooth and safe processes. They oversee equipment performance, 

make real-time decisions, and respond to emergencies to prevent failures or hazards. 
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Their expertise is essential for optimizing efficiency, maintaining quality, and adapting 

to unexpected situations.  

In the future, how plant operators work, including their tasks, will change; for ex-

ample, in power plants, the decentralization of plants most likely will lead to a central-

ization of the control room [1, 2]. Furthermore, the use of AI will also transform many 

operators’ tasks to a simple monitoring task. This will affect the operator, his task, and 

how decisions are made [3]. AI-based support for operators in making decisions can 

decrease perceived workload, decision time, and errors [4, 5]. For example, a review of 

the potential of AI for nuclear power plant operations management showed that it can 

increase safety and operator performance [6]. However, AI-based automation can lead 

to new challenges. For example, monitoring of highly automated systems can result in 

operator boredom [7, 8]. On the other hand, operators should be prevented from being 

stressed, as this is known to decrease performance [9]. Thus, as argued by Parasuraman 

[7], it is crucial not only to reduce operators' workload but also to find a good balance. 

Much research has investigated the neurophysiology of human operators and its inter-

play with human performance. It is well known that a relationship exists between task 

demand, arousal, mental workload, and human performance. For example, the Yerkes-

Dodson law [10, 11] establishes a connection between arousal and performance and 

speaks of an optimal level of arousal at which performance is at its highest. A promising 

approach to meet the challenges faced by operators is the adaptation of operations man-

agement systems. Afergan et al. [12], for example, developed an operator game and 

combined it with adaptable difficulties of the game based on fNIRS-based brain activity 

data, which led to a 35% increased performance of the operators. However, research in 

this increasingly growing field is hampered by the lack of suitable experimental simu-

lation environments, which leads to a lack of comparability of research results. 

We address the following research question for our project: How to design an open 

experimental simulation software that supports investigating neuro-adaptive opera-

tions management research in NeuroIS? 

In this paper, we present an initial version of SmartOperator, an open experimental 

simulation software that allows replicable research on neuro-adaptive operations man-

agement systems. We also aim to make research in this area transparent, reproducible, 

and comparable according to the open science  [13–15]. We contribute by designing 

and implementing an open experimental simulation software for the NeuroIS commu-

nity, suitable for researching neuro-adaptive operations management systems. 

SmartOperator is a web-based operations management environment that is understand-

able for non-operators and provides multiple adaptation capabilities. Following the sug-

gestion of vom Brocke et al. [16], with SmartOperator, we want to empower the Neu-

roIS community to perform neuro-adaptive operations management research. 

Design Science Research Project 

Our research is grounded in the Design Science Research (DSR) paradigm [17] and 

follows the DSR framework proposed by Kuechler and Vaishnavi [18]. To ensure the 

practical relevance of our research, we initiated a collaboration with a multinational 

corporation specializing in automation, robotics, and power technologies, serving 
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industries such as energy, transportation, and manufacturing. The company offers op-

erations management software, enhancing industrial efficiency by integrating automa-

tion, AI, and data analytics to optimize production processes, resource allocation, and 

real-time decision-making across various industries. 

In our first design cycle, we derived the initial design of SmartOperator. To get an 

understanding of the operations management domain in the context of power plants, we 

first visited the operations center of a power plant and engaged in a dialogue with se-

lected operators. Furthermore, we had direct access to the commercial operations man-

agement software and the knowledge of the product managers of our partner company. 

We followed an iterative process for designing SmartOperator. Based on our initial 

understanding of the domain, we first created scenario descriptions and subsequently 

mockups. We collected feedback from a product manager to refine the scenario and our 

initial design. On this basis, we implemented the first running version of SmartOpera-

tor, which we tested with users.  

SmartOperator 

SmartOperator is a power plant simulation software for monitoring several power 

plants in parallel. This design addresses the future development of the transformation 

of power plant control technology. As mentioned above, decentralization and automa-

tion will change the tasks of power plant operators, who will no longer operate one 

large power plant as before but rather will monitor several highly automated power 

plants.  The specific type of power plants to be monitored in SmartOperator are waste 

power plants. We selected this specific context as it is easy to understand for non-op-

erators and provides the possibility to control with a few functionalities. As mentioned 

above, the design of the SmartOperator follows real-world operations management 

software but reduces its core functionality in order to enable participants in lab experi-

ments without operations management knowledge to perform operations management 

tasks in the simulated environment.   

Figure 1 depicts several screenshots of the SmartOperator.  The system consists of 

two major views, an overview (see Figure 1, right top) and a more specific view for 

each plant (see Figure 1, left bottom). The overview provides a comprehensive display 

of information pertaining to all power plants for simultaneous monitoring of all power 

plants. But it is not possible to make any changes to power plants. In contrast, the indi-

vidual plant view is characterized by a higher level of detail. The plant can also be 

controlled here. The operator's attention is mainly focused on a single plant. 

Both views are made up of four components: (1) the 'navigation bar', which allows 

to switch between the overview view and the specific plants, (2) the 'delta analysis 

sidebar', which displays the delta values between actual and target for each individual 

power plant, (3) the 'main component', which displays a map with all the power plants, 

the number of alarms, in the main view and the controls and a flow chart for the specific 

plants, and finally (4) the alarm list, which displays all the warnings and alarms. All 

alarms from all plants can also be seen in the main view, while in the specific view, the 

alarms are filtered for the individual plant. A plant is green when no alarms or warnings 

are displayed. Alarms and warnings are generated when actual values deviate too much 
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from the target value. The alarm list indicates to the user that something needs to be 

changed in one or more systems and prompts him to make a decision on what and how 

something needs to be changed.  When a alarm is displayed, the operator can set three 

different controls: The first is the speed of the conveyor belt, the second is the oxygen 

supply, both as a percentage, and a burner that heats the emissions to 820°C, which is 

required by law, can be switched on or off.  

 

 
Figure 1 SmartOperator: i) Wireframe consisting of the four UI components. ii) The top right 

shows the overview view iii) the bottom right shows the view of a single plant, and iv) the bottom 

left is a zoomed view of the controls of a single plant.  

 

An external factor influencing the combustion is the energy value, which is con-

stantly changing and simulated with a sinus function (because the waste does not al-

ways have the same energy).  The amount of waste transported on the conveyor belt, 

i.e. a faster conveyor belt means more waste, and the energy value multiplied results in 

the energy yield. The energy yield and the oxygen together produce the flame temper-

ature. The oxygen should be slightly higher than the energy yield to enable good com-

bustion, but not unnecessarily high to avoid consuming oxygen unnecessarily. The 

flame temperature is then used to determine the electricity generated and the emission 

temperature. The electricity generated should not vary from the target value by 300 kW 

(warning) or 600 kW (alarm). The emission temperature should be over 800°C; if not, 

the burner should be switched on. When the burner is on (alarm), the temperature with-

out the burner should be over 800°C; than the burner should be switched off (warning).  

Another target value is combustion, which comprises the energy and oxygen supply. If 

too little oxygen is added, the combustion is suboptimal (warning) or even poor (alarm). 

However, if it is too high, it represents a warning of unnecessary oxygen consumption.  

 

Figure 2 depicts the relationship between the different entities.  When engaging with 

the SmartOperator in an experimental study, the main task of the experimental 



222 

participants is to ensure that all monitored power plants are in a green status. In case of 

warnings and alarms, the three controls introduced above need to be adjusted. 

 

 
Figure 2: Control Parameters of one plant in SmartOperator (values in blue boxes are change-

able by the user; values in white boxes are simulated values: values in the yellow boxes are actual 

values, values in the black boxes are the delta values that create warnings/alarms) 

 

SmartOperator is designed as a flexible adaptive operations management system.  

Experimental participants can be supported in their task execution through neuro-adap-

tive interventions. Neurophysiological activity such as brain activity or heart activity 

captured by corresponding sensors can be leveraged to design neuro-adaptive interven-

tions and investigate their impact on human operators in controlled experimental lab 

studies.  Currently, we implemented heart activity monitoring to detect arousal follow-

ing a rule-based approach [21]. On this basis, the number of power plants can be 

adapted to achieve optimal arousal, leading to better performance. Further possible ad-

aptations include overlays and support through overlays.  

The technical implementation of SmartOperator is realized with JavaScript (Angu-

lar). It performs all simulations and events in the browser and does not require a dedi-

cated server. However, events and behavioral data can be sent to a backend for data 

storage. Since SmartOperator was developed in HTML, it can be easily integrated into 

experimental environments such as OTREE [22].  

Future Directions 

With our ongoing research, we are pursuing the idea of providing an open experi-

mental simulation environment suitable for various research projects, especially for in-

vestigating neuro-adaptive operation management systems. We are currently in the pro-

cess of open-sourcing SmartOperator to allow for easy extension and further develop-

ment. As part of this process, we will also provide more detailed integration examples 

for adding specific devices to capture neurophysiological data and implementing adap-

tive interventions on this basis. Furthermore, we believe that future research is required 

with regard to designing the operational tasks. For example, the operational tasks im-

plemented in SmartOperator could more tightly align with established cognitive 
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constructs following a structured framework, such as the NIH EXAMINER battery 

[21]. Furthermore, SmartOperator can easily be extended and integrated into web-based 

experiment environments. The HTML-based implementation also allows the design to 

be manipulated externally via CSS classes.  We consider SmartOperator as a comple-

mentary extension to existing NeuroIS tools, such as HUBII [23, 24], a biosignal intel-

ligence platform. Connecting such tools provides an ideal basis for researching neuro-

adaptive operations management systems. The SmartOperator is an important building 

block enabling research on designing operations management systems to improve op-

erator performance and well-being. In addition, by offering open experimental soft-

ware, we want to contribute to increasing transparency and comparability of NeuroIS 

research.  
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Abstract. Gestalt laws were described more than 100 years ago. Gestalt laws are 

psychological principles that describe how humans naturally perceive and organ-

ize visual elements into unified wholes based on patterns, proximity, similarity, 

continuity, closure, connectedness, and some other factors. With the invention of 

graphical user interfaces, Gestalt laws became an essential part of user interface 

design. While user interfaces have changed and become more ubiquitous, weav-

ing themselves into our everyday environment, the motivation to make user in-

terfaces enjoyable is as important as ever. Previous empirical research has fo-

cused on self-report measures (mainly surveys and interviews) and has hardly 

used neurophysiological measures. However, since the perceptual qualities un-

derlying Gestalt laws are strongly related to unconscious and emotional processes 

in the human nervous system, it is essential that future research also uses neuro-

physiological tools. In essence, such an increased use of neurophysiological data 

allows for a more informed investigation of the influences of Gestalt laws on 

usability and user experience (UX), leading to the design of more pleasurable and 

enjoyable user interfaces. In this paper, we present a research agenda that inte-

grates the fields of UX design based on Gestalt laws and NeuroIS. 

Keywords: User experience (UX) design · Gestalt law · neuroscientific methods 

· research agenda · brain · autonomic nervous system · interface design. 

Introduction 

User interfaces (UI) are everywhere, seamlessly blending into daily life. To ensure 

high user satisfaction and prevent frustration or disengagement, designers must under-

stand how interfaces shape experience. According to ISO 9241-11, usability depends 

on effectiveness, efficiency, and user satisfaction, while the hierarchy of user needs 

builds from functionality to pleasure [33],  [14]. Hartson and Pyla [13] define user ex-

perience (UX) as usability, usefulness, emotional impact, and meaningfulness—key 

factors in creating lasting connections with products or services. Norman [26] further 

categorizes design into visceral (immediate appeal), behavioral (usability), and reflec-

tive (personal significance). Since UX thrives on emotional engagement, designers 
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must craft interfaces that evoke intuitive, positive responses. But how can they predict 

emotional impact? To simplify this challenge and equip designers with effective tools, 

in this paper we focus on applying Gestalt laws to UI design. 

In 1890, the Austrian philosopher Christian von Ehrenfels introduced the concept of 

Gestalt psychology [12]. In essence, this concept and related theory describes how hu-

mans naturally perceive and organize visual elements into unified wholes based on pat-

terns, proximity, similarity, continuity, closure, connectedness, and some other factors. 

Based on this theory, a total of 114 Gestalt laws [16] were formulated. However, the 

literature in UX design focuses on a significantly lower number  [1], [21]. Based on an 

initial screening of the literature, we derived the following list of Gestalt laws directly 

relevant to UX design: Law of Symmetry, Law of Proximity, Law of Similarity, Law 

of Praegnanz, Law of Continuation, Law of Closure, Law of Common Fate, and Law 

of Figure-Ground Segregation. We outline these eight Gestalt laws in the current paper 

(see Section 2). Importantly, as we discuss in more detail in Section 3, previous empir-

ical research has focused on self-report measures (mainly surveys and interviews) and 

has hardly used neurophysiological measures. However, since the perceptual qualities 

underlying Gestalt laws are strongly related to unconscious and emotional processes in 

the human nervous system, it is essential that future research also uses neurophysiolog-

ical tools. Against this background, the goal of the present paper is to instigate a dis-

cussion of a research agenda that integrates the fields of UX design based on Gestalt 

laws and NeuroIS. 

The paper is structured as follows: In Section 2, we describe eight Gestalt laws com-

monly used in UX design. In Section 3, we discuss previous research focusing on Ge-

stalt laws, which derives guidelines for designing better user interfaces, but hardly uses 

neuroscience tools for measuring user perceptions. In Section 4, based on this status of 

the literature, we outline neuroscientific methods which could be used in future research 

to study the effects of Gestalt laws in UX design, thereby instigating a discussion of a 

research agenda. We add important research questions which could be studied in future 

research. Finally, in Section 5, we provide concluding comments. 

Gestalt laws 

In the following, we present eight Gestalt laws, which are commonly applied in user 

interface design [1], [21]. Table 1 gives an overview by presenting the name of each 

law, a short description, and a visual example. The way an object is perceived can be 

explained by Gestalt principles. UX designers can use and have been using these prin-

ciples when designing user interfaces to create more intuitive and coherent experiences. 
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Table 1. Major Gestalt laws in user interface design.  

Gestalt Law Description Sample 

Law of Symmetry 
Objects arranged symmetrically are per-

ceived as belonging together. 

 

Law of Proximity 
Objects closer together are perceived as 

group. 

 

Law of Similarity 

Objects that look similar (in shape, color, 

size, or texture) are perceived as belong-

ing together. 
 

Law of Praegnanz 
Objects are perceived in the simplest 

way. 

 

Law of Continuation 
The human eye follows the path of lines 

or patterns even if the flow is “broken”. 

 

Law of Closure 
The human eye completes the missing 

parts of intersected objects. 

 

Law of Common 

Fate 

Objects moving in the same direction are 

perceived as a group. 

 

Figure-Ground Seg-

regation 

Humans can distinguish between objects 

(figure) and background (ground) (in the 

example a candlestick vs. two human 

faces looking at each other).  

Related Work 

Borchers et al. [6] derived requirements for kiosk systems based on six Gestalt laws. 

Chang and Nesbitt [7] established a framework for the design of multisensory displays 

based on nine Gestalt laws and the study of different use cases. A design science ap-

proach was taken by Hsiao and Chou [14] to derive a method for measuring Gestalt 

perception of website designs. Paay and Kjeldskov [27] described the UX of location-

based services using Gestalt laws. Another design research approach focusing on the 

laws of proximity, similarity, and continuity was presented by Rosenholtz et al [30]. 

The aim was to use algorithms to translate complicated visual systems into structure. 

All these papers used either a conceptual approach or a design science research 
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approach. Moreover, previous experimental research applying Gestalt theory has fo-

cused on screen design [8] or web design [5], [10], [17], [24], [25]. Also, there are 

studies applying Gestalt principles to haptic design and feedback [9], [18]. 

In terms of the effects that the application of Gestalt laws can have, Chang et al. [8] 

measured the influence on perceived user interface quality by applying a number of 

different Gestalt laws to screen design. Other studies have focused on the influence of 

one or two Gestalt laws, such as color [5], [10], [22], [25], simplicity [15], similarity 

[2], [3], [22], [31], common fate [3], [18], closure [2], [18], proximity [2], [3], [24], 

[31], common region [24], continuation [2], [31] or figure-ground segregation [2]. The 

factors measured in these studies based on self-report responses were either cognitive 

(e.g., usefulness of information, overall perception of an online shop), emotional (e.g., 

pleasure, arousal), or attitudinal (e.g., trust, distrust, preference). Importantly, in the 

literature that we analyzed at the nexus of UI design, UX, and Gestalt laws, only a very 

limited number of studies applied neurophysiological measurement. One study exam-

ining users’ reactions to website designs based on evolutionary psychology applied 

functional near-infrared spectroscopy (fNIRS) to better understand the role of button 

shape and color in user experience [25], while another study focusing on the Gestalt 

principle of similarity and color to improve visual perception applied electroenceph-

alography (EEG) [22]. Eye-tracking studies [2, 3] partly made use of neurophysiologi-

cal measurements. This sparse use of neurophysiological measurement methods is a 

problem, because the perception of user interfaces in combination with Gestalt princi-

ples is deeply rooted in unconscious processes related to the nervous system, particu-

larly the brain. Therefore, while some studies in the related work draw upon a concep-

tual or a design science research approach, while others follow an experimental re-

search methodology, the measurement of user perceptions is predominantly focused on 

subjective self-report measures rather than on more objective neuroscientific measures. 

Measuring processes or conditions relating to the human body based on eye tracking or 

other physiological tools is a common practice in the field of human-computer interac-

tion [19, 20]. However, while previous studies have focused on the evaluation of user 

interface, only a little research has focused on the evaluation of the application of Ge-

stalt laws in user interface design. 

Research Agenda 

Gestalt laws provide foundational principles in UI design, influencing how users 

perceive and interact with digital environments. While previous research has largely 

relied on subjective self-report measures such as surveys and interviews, these methods 

fail to capture unconscious, emotional, and physiological responses to UI design. Given 

that the perceptual qualities underlying Gestalt laws are deeply connected to brain and 

ANS processes, the integration of neuroscientific and physiological measurement tech-

niques is critical to advancing UX research. 

The following research agenda proposes systematic application of brain and ANS 

measurement methods in combination with self-report measures to assess how Gestalt 

laws influence user emotions, enjoyment, trust, flow, and other constructs during UI 

interactions. By leveraging tools such as functional magnetic resonance imaging 
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(fMRI), functional near-infrared spectroscopy (fNIRS), electroencephalography 

(EEG), transcranial magnetic stimulation (TMS), and transcranial direct current stimu-

lation (tDCS), along with autonomic measures such as heart rate variability (HRV), 

skin conductance, and facial recognition, researchers can develop a more comprehen-

sive understanding of the cognitive and affective dimensions of UI design.  

We have primarily drawn on the findings presented in [28] on the relationship be-

tween neurophysiological indicators and psychological and IS constructs. It is im-

portant to emphasize that we consider the ideas presented below as a starting point for 

the development of a research agenda. The ideas should therefore be translated into 

more concrete research designs in future research, to make them accessible for concrete 

empirical investigation based on a NeuroIS approach. We also strongly encourage re-

searchers to combine brain and ANS measurement methods with attitudinal methods 

such as surveys, user interviews, or focus groups to triangulate neurophysiological ev-

idence with self-reports or visible behaviors [23]. 

Investigating Gestalt Laws in UI Design: The Brain Level 

fMRI is a powerful tool for assessing brain activity in response to UI design stimuli. 

It allows researchers to identify brain regions that are activated during UI interactions 

influenced by Gestalt principles. For example, the application of the Law of Proximity 

in UI layouts could be studied in relation to activation in the ventral visual pathway and 

prefrontal areas involved in aesthetic appreciation and cognitive fluency. In addition, 

fMRI studies could explore how the Law of Continuation influences attentional shifts 

by examining neural activity in the parietal cortex. 

fNIRS provides a less restrictive alternative to fMRI, allowing the measurement of 

cortical activity with greater ecological validity [4]. This method could be used to assess 

prefrontal cortex activity as users interact with interfaces designed according to the law 

of proximity, which encourages cognitive effort to complete incomplete visual ele-

ments. Increased oxygenation in frontal regions could indicate cognitive engagement. 

EEG provides a high temporal resolution method for capturing neural activity asso-

ciated with perceptual and emotional responses to UI elements. Studies using EEG 

could investigate how Gestalt laws influence event-related potentials (ERPs), particu-

larly components such as the P300 (associated with attention and cognitive processing) 

and the N400 (associated with expectancy violation). For example, UI designs that fol-

low the law of similarity may reduce cognitive load and elicit more positive ERPs, 

suggesting a smoother user experience. 

TMS can be used to establish causal links between neural activity and UI perception. 

By temporarily disrupting activity in visual and attentional brain regions, researchers 

could assess how Gestalt laws facilitate information processing. For example, inhibit-

ing activity in brain regions involved in figure-ground segregation could reveal its role 

in processing the law of figure-ground segregation in UI design. 

tDCS modulates cortical excitability and could be used to enhance or suppress neural 

activity in specific brain regions during UI interaction. A study could apply tDCS to 

the dorsolateral prefrontal cortex (DLPFC) to investigate its role in assessing the 
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perceived ease of use of interfaces when applying Gestalt laws such as the law of Sym-

metry or the law of common fate [11]. 

Investigating Gestalt Laws in UI Design: The ANS Level 

Heart rate variability (HRV), the variation in time intervals between heartbeats, is a 

well-established index of emotional regulation and cognitive workload [28]. By exam-

ining heart rate and HRV as users interact with interfaces designed according to differ-

ent Gestalt laws, researchers can also assess their impact on users’ stress and relaxation 

levels. For example, interfaces that use the law of symmetry may elicit higher HRV, 

indicating a more relaxed and enjoyable experience. 

Galvanic skin response (GSR) measures changes in sweat gland activity that indicate 

emotional arousal. A study could compare GSR levels when users interact with UI de-

signs that either obey or violate the law of continuation. Higher SCR readings in the 

latter condition could indicate greater frustration or cognitive effort required to process 

the design. 

Pupil dilation reflects cognitive effort and emotional arousal and can be used to 

measure engagement with UI designs. Tracking changes in pupil size as users interact 

with interfaces structured around the law of proximity could provide insights into cog-

nitive load. A well-designed UI should elicit a moderate dilation, reflecting an optimal 

balance between challenge and ease of processing. 

The startle reflex, measured by electromyography (EMG), provides an index of emo-

tional reactivity. By presenting brief visual stimuli during UI interaction, researchers 

can assess whether Gestalt law-based design reduces startle responses, suggesting 

greater user comfort and confidence. A study could test, for example, how the law of 

common fate affects startle levels, with well-structured designs leading to lower startle 

responses. 

Advances in facial recognition technology (e.g., Noldus FaceReader) allow for real-

time detection of user emotions based on facial expressions. AI-driven software could 

be used to assess user emotions such as happiness or frustration as they interact with 

UIs that incorporate different Gestalt principles. By analyzing changes in facial expres-

sions, researchers can determine which Gestalt principles contribute to positive user 

experiences, and which may cause confusion or frustration. 

Investigating Gestalt Laws in UI Design: The Self-Report and Behavioral Levels 

Questionnaires allow researchers to collect information about users’ feelings, 

thoughts, perceptions, or attitudes. As self-report measures, questionnaires could be 

used to complement the neurophysiological data; also, it can be studied how strongly 

both data sets correlate and how well both data sets can predict outcome variables (for 

details, see [32]). 

User interviews allow us to better understand the answers given by users who have 

the opportunity to dive deep into their world of thoughts. Therefore, user interviews 

can be a useful complement to better understand the results of neuroscience measure-

ments. For example, variations in heart rate variability indicating a higher cognitive 
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workload or higher galvanic skin response indicating higher frustration can be dis-

cussed with the participants to better understand the underlying processes and thoughts. 

Focus groups offer the opportunity to discuss ideas and experiences together within 

a group. While it can be difficult to organize focus groups after conducting experiments 

with limited equipment, from a user research perspective, focus groups can provide 

different insights as participants are more likely to share and discuss experiences and 

perceptions with others in a well-moderated setting. This setup will further encourage 

the discussion of thoughts or ideas with others. 

In contrast to these methods based on self-report data collection, eye-tracking using 

fixations or saccades constitutes a behavioral method commonly used in human-com-

puter interaction (note that pupil dilation is related to ANS activity). Riedl and Maedche 

describe further behavioral methods which could be used in future studies, including 

fEMG, voice analysis, automated face tracking, keystrokes, mouse cursor movements, 

or body gesture [29]. 

Concluding Comment 

In summary, Gestalt laws have played a significant role in shaping UI design for 

over a century, providing fundamental principles that enhance usability and UX. These 

laws provide a framework for understanding how visual elements are naturally per-

ceived, allowing designers to create more intuitive, efficient and aesthetically pleasing 

digital environments. Previous research has predominantly relied on self-report 

measures such as surveys and interviews, which fail to capture the predominantly un-

conscious mental and emotional responses to the application of Gestalt laws in UI de-

sign. 

This paper highlights the need to integrate neuroscientific methods into UX research 

to fill this gap. By using neurophysiological tools such as fMRI, fNIRS, EEG, TMS, 

tDCS, and ANS measures such as HR, HRV, GSR, pupil dilation, startle reflex, and 

face recognition, future studies can gain more objective insights into how users process 

Gestalt-based UI elements at both the brain and autonomic levels. These methods offer 

a deeper and complementary understanding of the emotional effects of Gestalt-based 

UI designs. 

By establishing a research agenda that links Gestalt laws in UI design with NeuroIS, 

this paper aims to foster interdisciplinary collaboration and advance the scientific study 

of UX. Future research should focus on establishing experimental designs and integrat-

ing these neurophysiological tools to develop data-driven guidelines for optimizing UI 

design. However, the first step should be to understand if and how Gestalt laws applied 

to user interface design affect emotional reactivity. Secondly, more detailed research 

focusing on different Gestalt laws can help designers to exploit the different emotional 

and cognitive effects. Ultimately, it is hoped that this approach will enable the creation 

of more effective, engaging, and enjoyable digital experiences, reinforcing the im-

portance of Gestalt principles in the evolution of user-centered design. 
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Abstract. Stress increases the risk of road accidents by impairing driving perfor-

mance. Although lavender is known for its calming effects, it remains unclear 

whether its use can reduce both cognitive (self-reported) and physiological stress 

in driving situations.  

In a simulated driving scenario, participants were randomly assigned to an exper-

imental group exposed to lavender or to a control group. Physiological responses 

were measured via skin conductance response (SCR) and heart rate (HR), while 

on subjective level the NASA-TLX and a single-item self-report measure were 

attached. 

Contrary to expectations, lavender exposure generally elevated both physiologi-

cal and self-reported stress levels. However, conscious perception of the scent 

moderated this effect, with participants who were aware of the lavender reporting 

significantly lower subjective stress. 

These findings suggest that the effectiveness of lavender depends on cognitive 

awareness, offering novel insights into olfactory interventions in high-stress en-

vironments. 

 

Keywords: driving simulation · stress measurement · olfactory stimulation · lav-

ender scent · cognitive load  

 Introduction 

Over 90% of traffic accidents are attributable to human error [1], with elevated stress 

levels playing a significant role [2, 3]. According to the Yerkes-Dodson law [4],  mod-

erate stress (eustress) enhances performance, whereas high stress, known as distress, 

impairs cognitive and motor functions, thereby increasing accident risk [5, 6]. 

Stress can be understood as a psychological and biological/physiological phenome-

non [7], and manifests physiologically, for example, through increased heart rate and 

altered skin conductance [8].  

Sensory stimuli, particularly scents, influence psychophysiology [9]: While pepper-

mint has been shown to have a cognitively stimulating effect [10], studies indicate that 

lavender has stress-reducing properties [11, 12]. This raises the research question of 
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whether the targeted use of scent in critical driving situations can reduce drivers' stress 

levels  [13]. The effect of scents in the driving context remains insufficiently explored 

[12, 14]. 

Driving simulators provide an alternative to examine critical scenarios without en-

dangering participants [15, 16]. To capture stress responses more holistically, recent 

research in the NeuroIS field has emphasized the complementary use of physiological 

and psychological measures [17], as this combination can improve the explanation and 

prediction of (techno)stress [18]. 

These theoretical considerations lead to the central research question of this study: 

Can the targeted use of lavender scent reduce physiological and cognitive stress during 

critical driving situations, and does conscious perception of the scent moderate this ef-

fect? 

In our study, one group was systematically exposed to lavender scent during the 

driving task without being informed. The control group drove without scent exposure. 

Stress levels were measured during the test, and at the end of the test, participants were 

asked whether they had perceived the scent. 

This approach follows calls in IS research to combine behavioral and physiological 

data in order to better understand the dynamic interaction between person and environ-

ment, also referred to as “measurement pluralism” [19]. Furthermore the usage of phys-

iological measurements allows the provision of real-time information on user’s stress 

state [20]. 

Theoretical Background and Hypothesis Development 

Stress Measurement 

Stress arises when there is an imbalance between individual capabilities and situa-

tional demand [21–23]. Depending on the extent, a distinction is made between eustress 

(positive) and distress (negative) [24, 25]. Various physiological and subjective meth-

ods exist to measure stress responses [26]. Among the most frequently studied physio-

logical measurement methods are Galvanic Skin Response (GSR) and Electrocardio-

gram (ECG) [27–29] which can capture emotional and cognitive states [30]. 

GSR measures skin conductance, which is influenced by the activity of eccrine sweat 

glands and is exclusively controlled by the sympathetic nervous system. Stress-induced 

activation is reflected in short-term changes in conductance (Skin Conductance Re-

sponse, SCR) or an increased average skin conductance level over time (Skin Conduct-

ance Level, SCL) [8, 31]. 

ECG records the electrical activity of the heart, allowing for the analysis of heart 

rate (HR) and heart rate variability (HRV). An increased HR reflects heightened sym-

pathetic activation, whereas a reduced HRV correlates with decreased parasympathetic 

regulation and an elevated stress level [32, 33].  

In stress research, physiological measurements are combined with subjective, ques-

tionnaire-based data to achieve more reliable results [34] because physiological tools 

can provide reliable data which are difficult or impossible to record through traditional 

tools as e.g. self-reports and can capture unconscious processes with direct responses 
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from the human body [17, 30]. Furthermore, the validity of research findings can be 

improved by combining two or more methods [30]. The combination of physiological 

data and self-reported data is common in NeuroIS research to examine systems [20]. 

 A commonly used questionnaire in this context is the NASA Task Load Index [35], 

which measures mental workload, a factor correlated with stress [36]. Additionally, 

self-assessments using single-item measurements can be employed [37]. Various au-

thors have applied these indicators in the context of real or simulated driving (GSR e.g.: 

38–40; ECG e.g: 23, 41, 42; NASA-TLX e.g.: 43–45; Single Items e.g.: 46–48). 

The Effect of Scent 

Scents influence emotions, cognitive processes, and behavior. They can activate 

memories [49]  enhance mood [50, 51] and modulate cognitive functions [52–54]. Scent 

molecules are absorbed with each breath and directly reach cortical regions [55]. Unlike 

visual or auditory stimuli, scents act directly on the limbic system, explaining their un-

conscious effects and measurable physiological responses [56–60].  

Accordingly, the effect of the scent is expected to manifest independently of instru-

mental means-end relationships, as conceptualized in expectancy-based models of mo-

tivation [61, 62].  

Due to their link to the autonomic nervous system, scents can trigger various reac-

tions. Pleasant scents affect both mood [63–65] and arousal levels [66–68]. While pep-

permint has a stimulating effect, vanilla and lavender are considered calming [69–73].  

Several empirical studies have found that scents can positively influence driving be-

havior, for example, by enhancing attention [10], reducing drowsiness [14, 74, 75], de-

creasing anger, and improving well-being [12, 64]. Some studies report a sedative phys-

iological effect of lavender [76–79]. 

Research Gap & Hypothesis Building 

Although stress affects driving performance, empirical data on the effect of scent on 

driver stress are lacking. This study addresses this gap by examining the impact of lav-

ender scent, which has been associated with a reduction in heart rate [76], decreased 

sympathetic activation [79] and lower subjective stress levels  [12, 80]. We therefore 

expect differences between experimental groups with and without scent exposure. Dur-

ing a simulated drive, participants are confronted at defined time intervals with five 

potentially stress-inducing driving situations (e.g., “a child unexpectedly runs onto the 

road”). Although alternative effects of lavender (e.g., stress-enhancing effects) cannot 

be entirely ruled out, we formulate a directed hypothesis based on prior empirical find-

ings suggesting an anxiolytic effect. This approach follows the principles of hypothesis-

driven experimental research and allows for a clear test of theoretical predictions. 

We postulate: 

H1: The controlled use of lavender scent during a driving task reduces measurable 

stress levels in participants, in the form of a decrease in H1.1: physiological stress in-

dicators and H1.2: self-report stress indicators. 
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In addition to testing the direct effects of lavender scent, this study examines the 

moderating role of conscious scent perception. According to expectancy theory and 

cognitive appraisal models, the conscious perception and interpretation of a stimulus 

can shape its emotional and physiological impact [81, 82] [. We therefore hypothesize: 

H2: The conscious perception of the lavender scent does not moderate its effect on 

stress levels [56, 59], 

H2.1: in physiological stress indicators; H2.2: in self-report stress indicators. 

Method 

Experimental Design 

Participants The study follows a between-subjects design with 26 participants ran-

domly assigned to two groups. One group was exposed to lavender scent, while the 

control group was not subjected to any scent exposure. The sample consists of 14 

women (53.8%) and 12 men (46.2%) with an average age of 25.8 years (SD = 7.84; 

range: 19–61). Regarding place of residence, 34.6% identify as rural residents, 46.2% 

as residents of small and medium-sized towns, and 19.2% as city dwellers. While the 

sample size of 26 participants is relatively small, it provides preliminary insights into 

the effects of lavender scent on stress responses in driving contexts. Future research 

with larger sample sizes is needed to validate these findings and improve generalizabil-

ity. For the analysis we divided the sample into three groups: No scent, scent with per-

ception and scent with no perception. There were no statistically significant differences 

between the groups with respect to age, gender, or place of residence (age: F(2, 23) = 

1.118, p = .344; gender: χ²(2) = 0.63, p = .731; residence: χ²(4) = 0.69, p = .952). 

Physiological Measurement The GSR data were recorded using a Shimmer 3 GSR+ 

device (Exosomatic, direct current; [83] ). Electrodes were placed on the palm. Skin 

conductance response (SCR) was measured as peaks per minute. Heart rate (HR) in 

beats per minute (bpm) was recorded via ECG using a Polar H10 chest strap sensor. 

Furthermore, additional indicators such as skin conductance level and heart rate var-

iability were collected. However, previous studies conducted by our group suggest that, 

in particular, SCR and HR tend to cluster together as a single indicator of physiological 

reaction [84].  

Cognitive Measurement To assess cognitive stress perception, we used the NASA-

TLX  [35, 85] as well as a single-item measurement (stress), in which participants were 

asked: "How much stress did you experience during the entire drive?". It is important 

to note that the NASA-TLX is designed to assess cognitive workload. Although cogni-

tive workload and stress represent conceptually distinct constructs, prior research has 

shown that they are often positively correlated [86]. 

All questions were recorded on a decimal scale (0–10) to enhance intuitive under-

standing [87] , increase data variance [88] , ensure normal distribution [89]  and enable 

the application of parametric test [90] . 

Perception At the end of the test, participants were asked dichotomously whether 

they had perceived the scent by questioning :”Did you notice a scent during the exper-

iment?”. It should be noted that the survey was conducted in the presence of the test 
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administrators, allowing participants to openly discuss any notable observations. At no 

point were the perception of other scents or potential confounding variables raised, sug-

gesting that the participants either perceived the test stimulus (lavender scent) or no 

scent at all.  

Additionally, participants were asked about the type of scent they perceived, how 

pleasant they found it, how familiar the scent was to them, and how intense they per-

ceived it to be. However, these aspects are not discussed further in the manuscript, as 

they were not part of our research question. 

The cold nebulization scent diffuser was set to an intensity level that, based on 

prior pilot studies, was perceived as pleasant by participants and ensured that at least 

half of them detected the scent. 

Materials, Driving Task and Data Processing 

The experiment was conducted using a medium-fidelity driving simulator [91]. 

Aroma Conditioning: In the test group, lavender scent was dispersed during the ex-

periment using an “AromaStreamer 450” (Reima Air Concept). Procedure: After a 

preliminary survey, measurement devices were attached. To reduce simulator sickness, 

the experiment began with an adaptation phase [92], followed by a 1.5-minute baseline 

recording. The drive lasted an average of 7.5 minutes and included five critical events 

designed to induce and control stress situations (see Table 1). The critical driving sce-

narios used in this study were developed for a previous study by our research group. 

Both an expert rating conducted to select the scenarios and user data indicated that the 

situations were discriminative with respect to the level of stress they induced [93]. A 

scenario-specific analysis was not conducted in the present study, as the focus was on 

the overall effect of scent exposure, which did not vary across the different driving 

scenarios. However, the deliberate inclusion of driving situations with varying levels 

of user demand ensures that the observed effects of scent exposure cannot be attributed 

to a methodological artifact resulting from the arbitrary selection of a single scenario. 

The total experiment duration was approximately 40 minutes per participant. 

 

Table 1. Overview of the Critical Driving Situations 

Order Situation 1 Situation 2 Situation 3 Situation 4 Situation 5 

Event 
Child runs on 

the road 

Driving over 

speedbumps 

U-turn Driving over a 

pothole 

Car taking the 

right of way 

Picture 

     
Feed-

back 

Person 

screaming 

Shaking of 

driver’s seat 
- 

Shaking of 

driver’s seat 

Honking of 

the car 

Mean 

Stress-

level 

Rating 

(0-10) 

7.08 3.92 5.72 2.78 7.88 
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Cognitive workload was assessed once at the end of the test for all 26 participants. 

Since no technical difficulties (e.g., sensor Bluetooth disconnection) were encountered 

during data collection, the dataset was complete and no participants had to be excluded 

from the analysis. Due to the five critical driving situations per person, a total of 130 

physiological single episodes could be analyzed (unpivoting). 

 Data analysis (SPSS 29) was conducted using Principal Component Analysis (PCA), 

Levene’s test, and t-tests. 

Results 

The use of individual indicators often leads to inconsistent and heterogeneous results 

[37], which is why composite indicators can be used to enhance the robustness and 

interpretability of the findings. We calculated a mean index from the NASA-TLX items 

(Cronbach’s α = .761), where higher values indicate higher cognitive workload. 

To improve the stability of single measurements, we computed more reliable overall 

indicators using PCA [84]. NASA-TLX and stress loaded onto one factor, while SCR 

and HR formed another. These two factors explained 79.59% of the variance of the 

original items. 

We derived a combined indicator, Cognitive Reaction (CR), from the unweighted 

mean values of NASA-TLX and stress, resulting in a range of 0.92–7.50 with a mean 

of M = 4.34. 

Since the physiological variables SCR and HR have different value ranges (SCR: 4–

20.13, M = 11.35; HR: 60.4–131.68, M = 90.98), HR values were adjusted by dividing 

by 8.01 to match the mean of SCR (for methodology, see [84]). The resulting Physio-

logical Reaction (PR) indicator had a range of 5.97–17.84, with a mean of M = 11.35. 

For further analysis, our dataset includes three groups: "no scent exposure" (A), 

"scent exposure without perception" (B1), and "scent exposure with perception" (B2). 

The Levene’s test yielded significance values of p = .579 for PR and p = .131 for CR, 

indicating homogeneity of variance across groups. Table 2 presents the mean values of 

PR and CR for the three groups.  

Table  2. Means of Physiological Reaction and Cognitive Reaction (with/without Percep-

tion) 

 PR CR 

A NoScent 10.9 4.3 

B Scent 11.9 4.3 

 B1 ScentNoPerception 12.0 6.0 

 B2 ScentPerception 11.7 3.3 

 

Taking into account whether the scent was perceived (B2) or not (B1), the physio-

logical stress indicators remain largely unchanged: B1 exhibits significantly higher PR 

than A (T = -2.139, p = .035), whereas B2 does not (T = -1.769, p = .080). B1 shows 

the highest absolute PR value, but the difference between B1 and B2 is not statistically 

significant. 
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For cognitive stress indicators, B1 scores 1.70 scale points higher than A, though the 

difference is not significant due to the small sample size (T = -1.538, p = .144). When 

the scent is consciously perceived (B2), CR is one scale point lower than A (T = -1.119, 

p = .277) and 2.7 scale points lower than B1, a statistically significant difference (T = 

3.062, p = .011). 

In light of our findings, we conclude that Hypotheses H1.1, H1.2, and H2.2 are not 

supported, whereas Hypothesis H2.1 can be accepted. 

Discussion 

Twenty-six participants completed a driving simulation with five critical events. The 

study investigated whether scent exposure reduced physiological (H1.1) and cognitive 

stress reactions (H1.2), and whether stress responses differed depending on whether the 

scent was consciously perceived (H2). 

Regarding Physiological Reaction (PR), participants without scent exposure showed 

significantly lower values, leading to a rejection of H1.1. For Cognitive Reaction (CR), 

no significant differences were found based on scent exposure, thus H1.2 is not sup-

ported. However, CR was noticeably, though not significantly, lower when the scent 

was consciously perceived, which provides indirect support for H1.2. 

H2.1 is supported, as there was no significant difference in PR between the groups 

with perceived and unperceived scent exposure. In contrast, H2.2 is contradicted, as 

participants who consciously perceived the scent showed a significantly lower CR. This 

suggests that conscious perception acts as a key moderating variable. 

One possible explanation for these findings is that the significant reduction in cog-

nitive stress under conscious scent perception is due to a cognitively mediated modula-

tion of stress processing. This is comparable to the Hawthorne effect [94], where the 

awareness of an intervention influences participants' behavior. The conscious recogni-

tion of the lavender scent may have triggered a positive coping process, as participants 

interpreted the scent as an intentional stress-reducing measure. 

This interpretation can also be linked to Expectancy Theory [61], which posits that 

subjective expectations influence both behavior and physiological responses. If partic-

ipants consciously perceive lavender—typically associated with relaxation—they may 

expect a calming effect, which in turn facilitates such a response. This aligns with pla-

cebo mechanisms (e.g., [95]), suggesting that conscious scent perception alone may be 

sufficient to trigger regulatory responses, regardless of any direct physiological effect. 

The observed increase in stress during unconscious scent exposure might point to a 

mismatch between sensory stimulation and cognitive appraisal. Previous studies have 

shown that unexpected or subliminal olfactory stimuli can increase alertness [96]. Other 

possible explanations include scent aversion, novelty effects, or individual differences 

in olfactory sensitivity—variables not systematically measured in this study. As prior 

research [51] indicates that preference and familiarity with scents modulate both emo-

tional and physiological responses, future studies should more thoroughly assess these 

individual characteristics. 

Our findings stand in contrast to earlier research reporting a generally calming effect 

of lavender scent [73]. Potential reasons for this discrepancy may include variations in 
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experimental design, interindividual differences in stimulus processing, or expec-

tancy/placebo-related effects [97, 98]. Additionally, differences in scent intensity and 

duration may have contributed to these divergent outcomes. Research suggests that 

higher intensities are often associated with lower pleasantness ratings [99, 100], while 

continuous exposure can lead to rapid olfactory adaptation, diminishing perceptual and 

physiological responses over time [101]. 

In the present study, lavender was administered in pulsed intervals via a professional 

diffuser (Reima AromaStreamer 450), allowing for moderate, sustained intensity and 

reduced adaptation effects [59, 102]. This controlled delivery method may partly ex-

plain the differential effects compared to studies using continuous or unregulated ex-

posure. 

In summary, the data suggest that scent exposure may increase stress when the scent 

is not consciously perceived, possibly due to implicit arousal effects rather than a re-

laxation response. Cognitive stress reactions appear to be more strongly affected than 

physiological responses, although not all findings reached statistical significance. No-

tably, when the scent was consciously perceived, cognitive stress was significantly 

lower—underscoring the importance of perception as a moderating factor. 

Limitations 

Our findings should be interpreted as exploratory due to the limited sample size and 

must be validated in subsequent studies with larger and more diverse samples. This 

limitation may have reduced statistical power, increasing the likelihood of Type II er-

rors—suggesting that smaller, yet potentially meaningful effects may have gone unde-

tected. 

The influence of different scents and scent intensities on physiological and cognitive 

stress responses warrants systematic investigation. Individual scent perception can vary 

considerably; incorporating a neutral control or placebo scent condition would aid in 

distinguishing psychological expectation effects from actual scent-related outcomes. 

Given that individual physiological variability can influence stress reactivity, base-

line correction should be incorporated in future experimental designs. This was not fea-

sible in the present study due to incomplete data collection during the baseline meas-

urement. 

Our investigation was limited to short-term effects. Longitudinal research is needed 

to determine whether the observed outcomes persist, diminish, or intensify with re-

peated or prolonged scent exposure. 

Subsequent studies should also consider individual olfactory characteristics, such as 

general olfactory sensitivity and personal scent preferences or aversions, as these fac-

tors may modulate stress responses. Additionally, examining the role of cognitive ap-

praisal processes in a hypothesis-driven manner may help explain the observed diver-

gence between physiological and cognitive effects of scent exposure. 

Finally, the impact of different scent delivery methods and intensity levels should be 

systematically compared to assess their respective effects on stress responses. 
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Conclusion 

This study investigated how exposure to lavender scent influences physiological and 

cognitive stress responses in a simulated driving environment. The results indicate that 

lavender scent does not inherently reduce stress. A significant reduction in cognitive 

stress was observed only when the scent was consciously perceived. In contrast, uncon-

scious exposure was associated with a potential increase in stress levels, possibly due 

to an arousal effect. Physiological responses were less affected overall than cognitive 

reactions. 

These findings support theoretical frameworks such as Expectancy Theory and placebo 

mechanisms, while contradicting earlier research that attributed a generally calming 

effect to lavender. Notably, conscious perception emerged as a critical moderating var-

iable in the effectiveness of olfactory interventions. 

From a practical standpoint, scent-based interventions—such as those used in vehi-

cles or high-stress work environments—should be designed to ensure that the scent is 

consciously perceived, as unconscious exposure may elicit unintended stress responses. 

Nevertheless, physiological indicators may offer potential for adaptive systems [20] 

that respond in real-time to individual scent preferences and perception, thereby tailor-

ing olfactory environments more effectively. 
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Abstract. Virtual Reality (VR) has the potential to revolutionize experimental re-

search in NeuroIS by providing immersive laboratory environments that reduce lo-

gistical constraints and enable more scalable as well as diverse participant recruit-

ment. However, it is currently unclear to what extend real-world experiments can 

be transferred to a VR setup. This study proposal aims to investigate the potential 

of VR experimental laboratories to replicate both behavioural and physiological re-

sponses observed in traditional in-person experimental laboratory settings. Using 

the Iowa Gambling Task (IGT), we employ a between-subjects design to com-pare 

three experimental conditions: (a) real-world laboratory, (b) 2D desktop-based la-

boratory, and (c) 3D VR-based laboratory. We collect behavioural and physiologi-

cal data of heart rate, eye movement, and skin conductance. Our find-ings seek to 

contribute to the understanding of to which extent VR could serve as a promising 

new experimental setting, alongside traditional experimental laborato-ries, poten-

tially merging the controlled environment of laboratory studies with the ecological 

validity of field research. 

Keywords: Virtual Reality, Laboratory Simulation, Physiological Responses, 

Decision-Making, Iowa Gambling Task 

Introduction 

Experimental studies in NeuroIS are commonly conducted in controlled laboratory set-

tings [1]. Despite ensuring high internal validity [2–4], such in-person experiments pre-

sent many logistical and practical challenges, from facility booking and participant 

scheduling to travel requirements and management of last-minute cancellations [5,6]. 

Moreover, they often rely on homogenized pools of student participants from Western 

backgrounds [7,8], predominantly male [7,9], thereby introducing biases and limiting 

the generalizability of findings [8,10].  

Yet, with the growing ubiquity of virtual reality (VR) technology—progressively be-

coming a common addition to an average household [10,11]—immersive laboratory en-

vironments have the potential to offset the limitations of traditional experimental settings 

[12]. Namely, VR-based experiments allow for more logistical flexibility, reducing uni-

versities’ liability, infrastructure, and costs [6], while also facilitating access to remote 
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and thus more diverse populations [10]. Additionally, given VR’s immersive nature and 

ability to block external stimuli [13,14], VR laboratories offer standardized virtual exper-

imental settings, which have demonstrated high degrees of ecological validity [10,15–

17]. Such application of VR could thus potentially bridge the benefits of controlled in-

person experimental environments and the realism of field studies [18,19]. 

Despite these advantages, research on virtual laboratory settings is “still in its in-

fancy” [10]. While some studies have impressively replicated chemistry [20,21] or 

physics [22,23] laboratories in VR, these virtual environments primarily simulate phys-

ical phenomena for scientific and educational purposes, rather than provide an alterna-

tive setting to study human cognition, affect, and behaviour.  

Meanwhile, the limited VR laboratory simulations in IS overwhelmingly focus on 

behavioural data [24], overlooking the deeper insights into cognitive and emotional 

states that physiological measures could provide. Yet, physiological sensors become 

increasingly conveniently integrated within VR headsets [25–28]. Though some psy-

chology and psychiatry studies have begun comparing traditional and VR-based labor-

atories employing both behavioural and physiological data [10,29], they remain scarce, 

with these combined methods having not yet spread beyond their respective fields. This 

oversight has fueled a call for research to integratheart e physiological measures into 

other domains of VR research [30], as well as deepen the exploration of VR laboratories 

as a potential alternative to standard experimental settings [18]. 

We address this methodological gap by proposing a study where we examine partici-

pants’ behavioural and physiological responses while completing the Iowa Gambling 

Task (IGT) [31]. The IGT is a well-established paradigm used to assess decision-making 

under uncertainty and implicit learning, cognitive processes relevant to daily life. We also 

selected it because it has been widely replicated  [31], has reliably shown to elicit expected 

physiological responses (namely increased skin conductance) [31,32], and has demon-

strated its suitable adaptability to a 3D environment [33,34]. We integrate physiological 

measures of heart rate, eye movement, and skin conductance, and administer the task 

through three between-subjects versions: (a) real-world laboratory (control), (b) desktop-

based laboratory (2D), and (c) a VR laboratory (3D). This study design also follows the 

recently advocated practice of triadic comparisons [13], not only as a response to prior 

recommendations from research groups, but also as an innovative approach that addresses 

the limitations of studies that examine only two of the three modalities [13,33,34]. 

We therefore aim to answer the following research question: To what extent can 

behavioural and physiological responses elicited by the IGT in a real-world laboratory 

be replicated in a 2D desktop-based, and a 3D VR-simulated laboratory? 

By understanding this, our research targets to contribute to the current state of the art 

on whether VR laboratories could reliably replicate results from traditional, physical set-

tings, and whether they hold potential to serve as a viable methodological alternative for 

NeuroIS studies that combines the advantages of both laboratory and field experiments 

[35], while reducing logistical burdens and diversifying test participants [5,6,10]. This 

contribution is particularly relevant to the NeuroIS community, given how it addresses 

aforementioned methodological challenges of traditional, physical laboratories, as well as 

incorporating physiological measures of heart rate and eye-tracking, commonly employed 

in NeuroIS research [36–38], in studying decision-making across different IS media. 
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Theoretical Background and Related Work 

Virtual Reality and Sense of Presence. Having originated as a stereo head-

mounted screen [39,40], VR has now evolved into the high image frequency stereo-

scopic display that we recognize today [41]. Its attractiveness lies as much in the im-

pressively immersive experience it procures its wearer [42,43] as in its wide array of 

potential applications, spanning medicine, business, gaming, entertainment, sports, 

travel, engineering, and science [44]. The immersion for the user has been recognized 

to stem from a sense of “presence”, defined as the sensation of physically existing in 

the virtual scene [45–47]. Though largely debated [14], it is generally consented that 

presence relies on three key components [13]: (1) being shielded from outside sensory 

inputs [48], thereby being fully enveloped and engaged in the virtual world [14], (2) the 

artificial environment being plausible and coherent with real physical laws [49,50], and 

(3) the agency to control and interact with the simulated world [51–53]. Interestingly, 

the latter could already be achieved simply by ensuring a change in the perspective 

view of the virtual setting, as a response to the user’s head movements [13,54]—“seeing 

is a way of acting” [55]. Moreover, even basic, poor-resolution elements of a VR envi-

ronment allow internal models of our perceptual system to recognize objects [56], guid-

ing our eye movement [57] and filling in the missing rendering details [56]. Due to this 

sense of presence, user behaviours in VR have been shown to mimic their real-world 

actions, including instinctive, automatic reflexes, such as dodging approaching objects 

[58], and intentional activities [59], as observed in fire drill simulations for instance 

[60]. Furthermore, VR experiences have been shown to evoke real-world shifts in 

moods and emotions [61–64] and even induce physiological responses, exhibited 

through skin conductivity [10,65], pupil dilation [10], and heart rate [13,66]. As such 

physiological sensors are progressively embedded into VR devices [25–28] and virtual 

assets becoming increasingly available for open access [67,68], leveraging VR technol-

ogy has become especially relevant for research, particularly in the significant potential 

it could bring by simulating real-world environments [69], such as virtual laboratories 

[15,70].  

Iowa Gambling Task (IGT). The Iowa Gambling Task (IGT) [31] is an extensively 

documented paradigm to assess decision-making under uncertainty [71]. Participants 

draw from four decks of cards (denoted as A, B, C, and D, each card representing either 

a monetary win or loss), with the goal of maximizing their gains. Concealed from par-

ticipants is the fact that decks A and B are disadvantageous, whereas C and D are ad-

vantageous [31,72]. As the task progresses, healthy neurotypical participants begin un-

derstanding the decks’ contingencies and make increasingly optimal choices 

[31,73,74]. This behaviour has been commonly explained by the Somatic Markers Hy-

pothesis (SMH) [75], which posits that positive or negative emotional reactions to past 

choice outcomes elicit implicit learning, i.e. a “hunch” [31,32,72,76–78]. The latter 

transpires through somatic markers, such as skin conductance, which increases prior to 

drawing cards from disadvantageous decks [31,32], even before participants con-

sciously understand the schedule of rewards of the decks [32,78,79]. While some stud-

ies challenge whether somatic responses are driven by implicit learning or gut intuition 

[80–82], the discussion falls outside the scope of this study. The reasoning behind 
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selecting the IGT lies in its well-documented, replicable outcomes, both behavioural 

and physiological [71,83–86]. Additionally, prior research has confirmed its suitable-

ness for 3D environments, despite lacking a physiological measures and a physical la-

boratory (control) condition [33,34]. With this reliability and 3D potential of the IGT, 

it was deemed optimally appropriate for investigating outcomes across different labor-

atory environments.  

Methodology 

Experimental Design. The study follows a between-subjects experimental design with 

three conditions: (a) a real-world (control), (b) a desktop-based (2D), and (c) a VR-

simulated (3D) laboratory. The 3D VR environment is meticulously designed to repli-

cate as closely as possible the physical laboratory cabin, thus ensuring consistency of 

visual stimuli for adequate comparison. Similarly, the 2D desktop version utilizes the 

same graphical assets as the 3D VR environment, but is presented on a standard com-

puter screen. Figure 1 illustrates the real-world and simulated laboratories. 

  
Figure 1. Real-World (Control) and Simulated (2D and 3D) Laboratory Environments 

Measures and Apparatus. Throughout the experiment, we collect physiological, be-

havioural, and self-reported data. An electrocardiogram (ECG) records heart rate and 

heart rate variability [86,87], while electrodermal activity (EDA) is measured based on 

skin resistance and sweat production [71], both using bioPLUX™ sensors. The VR head-

set employed is the MetaQuest Pro and the virtual environment is built using Unity and 

its open-source assets. Eye-tracking is captured through the system integrated in the VR 

device in the 3D condition, and through Tobii 4C for the 2D condition.  

Decision-making is evaluated post-hoc, based on the dimensions of quality and time. 

The former is computed through the difference between the number of advantageous 

and disadvantageous card selections [73,84], and the latter serves as a control variable, 

since variations in decision duration have been linked to the formation of explicit un-

derstanding of the IGT deck structures [88]. In accordance with the original IGT pro-

cedure [31,32], which aligns with the Somatic Markers Hypothesis (SMH) [75], im-

plicit learning is assessed through a combination of physiological measures and a sin-

gle-item self-reported question probing participants whether they understand the con-

tingencies of the different card decks. Though some recent studies have advocated for 

the use of more detailed questionnaires to assess implicit learning [82], we opted against 

them due to their length and incompatibility with the VR environment, which would 

have required participants to remove the VR headset, disrupting the flow of the IGT 
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and the sense of presence elicited by the virtual environment [89,90]. 

The pre-experimental questionnaire includes basic demographic information (age and 

gender) and measures used for control during post-hoc analysis, given their potential to 

influence interactions with virtual settings: prior experience with computers [91,92], 

video-games [91,93], and VR [94–96], as well as the Immersive Tendency Questionnaire 

(ITQ), which assesses individual predispositions to differently experience media environ-

ments [97–99]. The post-experimental questionnaire comprises self-reported measures of 

presence [99], cognitive load [100], and cybersickness [101,102]. 

Procedure. Upon welcome, participants are pre-screened to ensure they possess no cu-

taneous allergies and that they score a 0 on the Problem Gambling Severity Index (PGSI), 

indicating an absence of pathological gambling tendencies [103,104]. They then proceed 

to signing a participation consent and completing the pre-experimental questionnaire, 

which concludes with a brief explanation of the IGT gameplay mechanics and objective—

to maximize gains. Subsequently, participants are randomly assigned to their experi-

mental condition and are fitted the ECG, EDA, and (in the 3D version) the VR devices. 

They are given 2 minutes to adjust to their environment as per [10], during which we 

record their baseline ECG and EDA measures. We then calibrate the eye-tracker and 

begin the experiment. As per the standard administration of the IGT, participants are 

prompted first after 20 cards and then after each set of 10 cards with the self-reported 

question on implicit learning [32]. After all 100 cards of the task are drawn and thus the 

IGT completed, we proceed with the removal of physiological sensors and, when appli-

cable, the VR headset. Participants are then invited to complete the post-experimental 

questionnaire, after which they are thanked and compensated.  

Expected Results and Contributions 

Through this proposed experiment, we aim to contribute to the body of knowledge on 

the potential of VR laboratories to serve as viable experimental setting for IS and Neu-

roIS research. Moreover, we address prominent calls for research, advising to supple-

ment VR experiments with physiological measures to gain deeper insight into somatic 

responses  [30], as well as incorporating a 2D version in the comparison of testing en-

vironments, “to make it clear which behavioural and physiological markers are hall-

marks of realistic psychological functioning” [13]. 

In alignment with findings from diverse VR contexts, which have demonstrated that 

3D environments can evoke both deliberate [59] and instinctive behaviours [58] akin 

to real-world scenarios, as well as genuine shifts in mood and emotions detected 

through both self-reports [61–63] and physiological measures [10,13,65,66], we expect 

the behavioural and physiological outcomes in the 3D laboratory to not be significantly 

different from those observed in the real-world execution of the IGT. We recognize, 

however, that subtle differences in lighting and levels of environmental realism may 

nonetheless play a role in shaping the results [62,105]. 

The sought-out findings could specifically contribute to NeuroIS research, given that 

it seeks to bridge adaptive and immersive information systems with human-centered 

physiological measures [37,106]. The study explores such physiological responses of 

heart rate and eye-tracking in an established decision-making evaluation, which, to our 
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knowledge, will encompass the first combination of the IGT, physiological measures, 

and innovative IS media, namely VR.  

Ultimately, this study represents a further step in evaluating the potential of VR la-

boratories as an alternative to traditional ones, which could benefit the NeuroIS com-

munity by proposing an alternative to address challenges it faces with traditional, phys-

ical laboratories. If results demonstrate reliable replication, future research could extend 

this investigation by administering it remotely, leveraging the growing accessibility of 

VR technology [10,11] and simplicity of setup of physiological sensors [25–28]. If VR 

laboratories can maintain the methodological rigour of physical laboratories, they could 

serve as a compelling testing option, offering reduced logistical constraints [6,23], en-

hanced flexibility and ecological validity [10,15,17], and more diverse testing popula-

tions [10].  
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Abstract. Real-effort tasks are widely used in economic research to enhance ex-

ternal validity while maintaining experimental control. However, existing re-

search employing physiological measures suggests that individuals exhibit dis-

tinct affective responses when engaging in such tasks, challenging fundamental 

assumptions about their neutrality. This study investigates whether different real-

effort tasks elicit divergent emotional responses and how these affect perfor-

mance. We conducted a laboratory experiment with 18 participants, measuring 

heart rate (HR) while they completed two distinct real-effort tasks: a monotonous 

math task and an engaging ball-catching task. Using time series clustering and 

feature-based clustering, we identified two distinct HR pattern clusters, indicat-

ing systematic differences in physiological responses. Our findings suggest that 

task characteristics influence emotional engagement, which partially impacts per-

formance, depending on task characteristics. This study contributes to experi-

mental economics by demonstrating systematic affective variations in real-effort 

tasks and emphasizing the need to reconsider their assumed comparability. 
 

Keywords: heart rate • time series clustering • real-effort task • affective response 

• experimental economics  

Introduction 

Many lab studies on decision-making investigate why and under which conditions peo-

ple decide to engage in actions that require them to exert effort or incur a cost [1, 2]. In 

experimental economics, this effort is measured in “stated effort” or “real effort” tasks. 

“Stated effort” tasks ask experiment participants to choose an effort level from a list of 

options [3, 4]. Following the induced-value paradigm [5], a cost-effort function trans-

lates the effort into a financial cost deducted from participants’ monetary payout [6]. 

“Real effort” tasks require actual effort in terms of cognitive or physical exertion, for 

example solving math tasks [7] or assembling pens [8]. Real-effort tasks aim to increase 
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the external validity of laboratory studies by activating psychological and affective re-

actions that impact the choice of effort level in the field [6, 9].  

However, objections have been raised with respect to two potential drawbacks of 

real-effort designs: i) one real-effort task may induce different psychological reactions 

in different participants, and ii) different real-effort tasks may cause different psycho-

logical reactions in one participant and thus lead to unexpected actions and unac-

counted-for differences in decision-making [6, 10]. Differences in feelings of gratitude 

[11], anger [12], warm glow [13], and anxiety [10] have been discussed as explanations 

for the resulting unexpected actions.  

Prior research has focused on between-subject differences in emotional and cogni-

tive responses to real-effort tasks [10, 14], but little is known on within-subject differ-

ences. This paper addresses this research gap by providing answers to the following 

research questions based on data from an experimental study with continuous HR meas-

urements and two real-effort tasks: 

RQ1: Do different real-effort tasks elicit different affective reactions in the same 

participant?   

RQ2: Do differences in affective patterns translate into differences in performance? 

Related Work and Hypotheses  

Real-effort tasks. Real-effort tasks are designed to induce true behavioral reactions 

and psychological involvement, requiring creative, cognitive, or physical effort by par-

ticipants [6]. The design of real-effort tasks often depends on the cognitive or physical 

intensity required [10]. The increasing use of real-effort tasks in laboratory experiments 

can be attributed to their ability to enhance the realism of experimental design. Charness 

and colleagues [6] assert that real-effort tasks, such as solving puzzles, counting chips, 

and engaging in physical activities, which necessitate actual labor as opposed to stated 

effort, are more realistic in the sense they produce “true behavioral reactions and psy-

chological involvement.” Lezzi and colleagues [10] investigate how participants per-

form in three different real-effort tasks, namely math problem solving, slider tasks and 

counting task, given that they experience different levels of anxiety depending on the 

task. Tasks requiring more thinking, like math problems, were correlated with increased 

anxiety, but this did not necessarily translate into performance differences. Rather than 

anxiety, Greif-Winzrieth and colleagues [14] investigated more generally whether a 

real-effort task, the slider task, elicits different physiological responses in terms of 

arousal and valence in participants. They measured the heart rate (HR) of 84 partici-

pants equipped with Polar H10 Heart Rate Sensor in a lab setting. By applying time-

series clustering to the HR data, the researchers identified between-participant differ-

ences in HR arousal in the slider task. However, these HR variations did not align with 

differences in task performance, suggesting that HR patterns alone do not reliably in-

dicate effort levels. 

Much of the previous research has focused on between-subject differences over 

within-subject variations in reactions to real-effort tasks. But prior research from affec-

tive and emotional psychology suggests that it is highly likely that one person would 

react differently to different real-effort tasks, depending on their characteristics. Self-
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Determination Theory (SDT) suggests that tasks that require factors such as compe-

tence, relatedness, or autonomy tend to lead to more positive affective responses, than 

low-autonomy or repetitive tasks [15]. The Cognitive Appraisal Theory of Emotion 

suggests that tasks that are more meaningful also tend to induce more positive emotions, 

including interest or satisfaction but depending on one’s subjective situation [16]. The 

Affective Events Theory (AET) proposes that different work events (or tasks) may in-

duce individual differences in emotions, depending on their engagement, challenge, or 

also reward [17]. Thus, we expect that different real-effort tasks elicit different emo-

tional responses. 

H1: Different real-effort tasks elicit different affective reactions in the same partic-

ipant. 

Cognitive complexity, feedback structures, and perceived autonomy of different 

real-effort tasks vary, which likely leads to different emotional reactions to these tasks 

[15–17]. Prior literature suggests that positive affect can enhance performance by im-

proving motivation, persistence, and cognitive flexibility [18, 19]. However, findings 

within the context of real-effort tasks remain mixed. For instance, Charness and col-

leagues [6] found that anxiety negatively affected performance early in the slider task, 

while Greif-Winzrieth and colleagues [14] reported no significant relationship between 

physiological markers of affect and performance. These discrepancies suggest that the 

affect–performance link may depend on task type, cognitive demand, or repetition. In 

our study, we aim to test whether participants experiencing more positive affect per-

form better—providing new insights into whether affect consistently predicts perfor-

mance in real-effort environments. 

H2: Performance in real-effort tasks increases with positive affect. 

Assessment of affective state. Affective states are commonly measured with self-

report surveys [20]. They are easy to administer, cost-effective, and allow explicit in-

quiry about emotions experienced in the past or anticipated in the future, as well as 

emotions specific to certain situations [21]. However, self-reported measurements of 

emotional states are well-known to be sensitive to factors like social desirability, self-

esteem, and interoceptive abilities [21–23]. Also, setting questionnaires after each task 

repetition in experiments with repeated measures can disrupt experiment flow, may lead 

to participants changing their beliefs and expectations about the experiment and thus 

their behavior, and may not be feasible due to time constraints and fatigue [24].  

Biosignals-based approaches record physiological signals such as HRs or facial ex-

pressions and apply algorithms to infer emotions from signal changes [25]. They pro-

vide continuous and unobtrusive measurement and are not dependent on subjective self-

reports [25–32]. Biosignal measurement tools have become more easily available, port-

able, and affordable [27, 32], especially HR-based tools [25, 33]. Changes in HR-based 

measures have been linked to changes in affective states [25, 34–36], in particular 

arousal [25] and stress [37, 38], but inferring discrete emotions from HR signals alone 

remains a challenge [24, 39]. [14] is one of the first studies using biosignals instead of 

self-reports to assess affective states in standard economic games [10–13, 40]. Massaro 

& Pecchia [41] and Stangl & Riedl [42] have shown that HR is a suitable measurement 

for such experiments. Massaro & Pecchia [41] utilize wearable HR sensors that were 

able to measure the spike in HR caused by stress, proving that HRV is a reliable 
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measure for the emotional response. Stangl & Riedl [42] demonstrate how cardiovas-

cular data (HR) can enrich studies on human behavior, emphasizing on the potential of 

HR as measurement. Other biosignal-based approaches are Electrodermal Activity 

(EDA), which measures changes within the sweat glands but requires strict rules and 

procedures [43]; facial electromyography (fEMG), which measure muscle activity, but 

is often criticized when used as a measurement of emotions [44]; or eye tracking, which 

detects changes in pupil size and gaze patterns, but is sensitive to setup factors such as 

light and distraction [45]. Taken together with the advantages of HR-based measure-

ments, this study focuses on the latter.  

Experimental Study Design 

Treatments. We use a within-subject design with two real-effort tasks associated 

with different affective reactions. The math task of summing up four 2-digit integers 

[10, 37] is known to induce anxiety [10, 46]. The ball-catching task, where partici-

pants catch randomly falling balls with a slider at the bottom of the screen, provides a 

tangible and engaging activity while allowing for controlled manipulation of effort 

costs, assuming opposite emotional effects than the math task [47]. 

 Although real-effort tasks can sometimes incorporate engaging elements, they are 

typically designed to minimize intrinsic enjoyment to ensure performance is primarily 

driven by incentives rather than voluntary effort provision [48]. To introduce a more 

positive affective element, we modified the visual design by turning the balls into happy 

smiley faces [49–51].  

Procedure. Participants were equipped with Polar H10 HR Sensors, which provide 

highly reliable HR measurements. The Polar H10 sensor is based on electrocardiog-

raphy (ECG) technology. It measures electrical signals generated by the heart's activ-

ity using electrodes embedded in a chest strap, which detect the R-waves of the ECG 

signal to determine heart rate [27, 33, 52, 53]. 

 The experiment was implemented in oTree [54] and FRISBEE [7]. In Part One, 

participants were given general instructions and a consent form and watched a 2.5-mi-

nute nature relaxation video [14, 54]. Then, they completed the SAM and DEQ. In Part 

Two, participants received instructions for the math task. Each correctly solved task 

earned EUR 0.5. They played five one-minute rounds. After the last round, they an-

swered SAM and DEQ again and watched another 2.5-minute nature relaxation video. 

In Part Three, participants received instructions for the ball-catching task, with costs 

per click set to zero [47]. Each caught ball earned EUR 0.5. They played five one-

minute rounds and answered SAM and DEQ again after. Part Four collected socio-

demographic variables and task enjoyment for both tasks and informed participants 

about their payout: a flat show-up fee of EUR 5 plus the payouts from one randomly 

chosen math task round and one randomly chosen ball-catching task round. One round 

each was randomly chosen in order to make sure participants were incentivized to in-

vest equal effort in each round regardless of prior performance. 

Measurement instruments (survey). The affective state is often measured with the 

Self-Assessment Manikin (SAM) along the dimensions of valence (pleasure/displeas-

ure), arousal (activation/deactivation), and dominance (control/submission). Unlike 
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verbal assessment tools, SAM uses pictorial representations [55]. SAM's arousal ratings 

are strongly correlated with physiological measures such as heart rate deceleration and 

skin conductance [56, 57] indicating its effectiveness in capturing self-reported affec-

tive responses that align with autonomic nervous system activity. SAM has been 

demonstrated to be sensitive to changes in affective states following exposure to emo-

tional stimuli [58]. Recent studies have explored neural correlates of emotional pro-

cessing, including oscillatory brain activity [59]. SAM is particularly suitable for our 

study due to its sensitivity to immediate and transient emotional changes. This aligns 

with our need to measure affective responses at multiple points during the experiment  

[55]. 

The Discrete Emotions Questionnaire (DEQ) by Harmon-Jones and colleagues [60] 

is a psychometrically robust tool assessing eight discrete emotions: anger, disgust, fear, 

anxiety, sadness, desire, relaxation, and happiness. Grounded in discrete emotions the-

ory, it demonstrates high reliability (Cronbach’s α = 0.77–0.95) and validity through 

confirmatory factor analyses and correlations with established measures [60]. Its sensi-

tivity to experimental manipulations makes it ideal for detecting specific emotional re-

sponses in research. The DEQ has been widely used to explore links between emotions, 

cognition, and physiology. Harmon‐Jones et al. [61] linked the emotion scales to neural 

activity in cognitive dissonance tasks, while Mauss and Robinson [34] and Kreibig [62] 

highlighted its utility in connecting emotions to autonomic nervous system patterns. In 

our study, the DEQ’s anxiety and fear scales are expected to measure negative re-

sponses to the math task, and its happiness and relaxation scales positive responses to 

the ball-catching task. Its brevity minimizes participant fatigue during repeated assess-

ments, ensuring reliable data [63].  

Preliminary results 

We recruited 18 master students from a large European university to participate in 

the experiment (7 males, 11 females). Participants solved, on average, 1.944 math tasks 

(SD=1.610) and caught 72.922 balls (SD=4.950). Males performed significantly better 

than females in the math task (Mdn=2.8 and 1.4; U=503.5, p<0.001) and the ball task 

(Mdn=74.73 and 71.9; U=677.5, p<0.05).  

Mixed effects regressions indicate that different tasks elicit different reactions: HR 

is lower in the ball-catching task (Table 1). The same picture emerges for both SAM 

valence and happiness: in the math task, differences in either variable are not correlated 

with differences in enjoyment (measured on a 7-point scale). Higher task enjoyment is 

correlated with higher valence and happiness in the ball-catching task. The enjoyment 

of the math task was low among all participants. H1 is supported. 

Task performance was measured on a percentage score (0-100%). A mixed effects 

regression (random effects for participant and round) shows that higher enjoyment 

leads to higher performance in the math task but not in the ball task (Table 1, column 

“Performance”). H2 is partially supported.  

Effect sizes from our mixed effects models reveal that while overall model fit was 

strong (conditional R² ranging from 38.4% to 94.6%), the fixed effects of task type, 

enjoyment and their interaction explained a modest portion of variance. Fixed effects 
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had moderate influence on subjective measures (26.2% for valence, 24.1% for happi-

ness) but little impact on physiological responses (3.1% for heart rate, 4.3% for 

arousal). This suggests that individual differences between participants and experi-

mental rounds account for considerable variance in our outcomes, particularly for phys-

iological measures. 

 

Table 1. Regression Results 

Predictor HR Valence Arousal Happiness Performance 

Task: Ball -5.43 

(1.89)** 

-0.24 

(0.63) 

-0.84 

(0.81) 

-0.62 

(0.49) 

0.91  

(0.08)*** 

Task*Enjoy 0.03 

(0.44) 

0.36 

(0.15)* 

0.03  

(0.19) 

0.31 

(0.11)** 

-0.10  

(0.02)*** 

Gender -2.67 

(7.06) 

0.30  

(0.47) 

-0.97 

(0.61) 

0.18  

(0.40) 

0.11  

(0.07) 

AIC 1053.55 639.52 728.28 549.46 -55.85 

R²m 0.031 0.262 0.043 0.241 0.664 

R²c 0.946 0.504 0.384 0.540 0.803 
Note. * p < 0.05, ** p < 0.01, *** p < 0.001. Random effects for participant and round 

 

Clustering allows us to identify structures in unlabeled data; in our study, we expect 

to observe a structure of two groups, where one group is associated with the math task, 

and the other group with the ball-catching task. However, our HR data are timeseries 

and requires adapted clustering methods. In contrast to traditional clustering methods 

that work with fixed-length feature vectors, time series clustering focuses on the tem-

poral patterns or ’shape’ of the data sequences. Distance measures are used to evaluate 

the similarity between time series by finding the optimal alignment between sequences, 

allowing for non-linear temporal stretching and compression [64, 65]. For our analysis, 

we used the R package dtwclust [65], which provides multiple clustering methods and 

distance measures. The only comparable study by [14] used k-shape clustering with 

shape-based distance (SBD) for their time-series analysis. We conducted a grid search 

to find the best combination of clustering methods (partitional, hierarchical), distance 

measures (dynamic time warping (DTW), DTW2, shape-based distance, global align-

ment kernels, lower bounds Keogh, soft-DTW), centroids (partitional only: partitioning 

around medoids, DTW barycenter averaging, shape extraction, fuzzy C-Medoids with 

DTW, soft-DTW centroid) and number of clusters (2 to 5) [64, 65].  

To evaluate the performance of our clustering, we use the actual task label for each 

observation as our ground truth and calculate the accuracy with which the clustering 

differentiates between the task. In addition, we use the silhouette score, which tells us 

how similar each point is to its own cluster compared to the nearest neighboring cluster, 

with values ranging from -1 to 1. Higher values indicate better-defined clusters [66]. 

For our dataset, the best clustering was achieved using partitional clustering, using 

DTW as the distance measure, PAM centroids [64, 65] and 2 clusters.  

We achieved a silhouette width of 0.35, which indicates only moderate structuring 

but it is an improvement over the silhouette score of 0.26 reported by [14]. This sug-

gests that while HR responses to the two tasks follow distinct temporal trends, there is 

substantial overlap in individual physiological patterns. Accuracy in separating 
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between math and ball task was 66%, indicating a better-than-chance performance, as 

does the F1 score of 0.6. This above-chance classification provides evidence that dif-

ferent real-effort tasks induce distinct physiological responses. However, the 34% mis-

classification rate shows that there are substantial individual differences in physiologi-

cal responses to both tasks.  

In terms of temporal HR patterns, the two clusters show differences between the two 

real effort tasks. In the math task, HR tends to increase over time while in the ball task, 

HR spikes towards the beginning and slowly declines over time (Figure 1). 

 

 

Fig. 1. Clustering Results. 

Discussion and Future Research 

This paper investigated HR patterns and affective responses in real-effort tasks. The 

cluster analysis showed that the ball-catching exercise triggered early arousal followed 

by stabilization, while the math task caused a steady increase in arousal. These results 

were supported by emotional self-reports, which revealed more anxiety and fear for the 

math task and higher levels of happiness for the ball-catching task. These results im-

prove our understanding of how emotions influence economic decision-making and 

task engagement and contribute to prior literature (e.g. [67, 68]). 

The decrease in HR for the math task through the five rounds, which was not the 

case for the ball-catching task, may suggest that participants experienced boredom or 

fatigue during the math rounds (see [69] for a discussion on the effect of time on task 

performance). However, further investigation is needed to explain these observations. 
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The HR results of the ball-catching task suggest that participants enjoyed the task and 

were kept engaged throughout the rounds.  

To the best of our knowledge, our study is one of a very few that addresses the ques-

tion of intra-individual differences in responses to real-effort tasks. We find support 

that different real-effort tasks can elicit a different affective reaction in the same partic-

ipant (H1) and partial support that performance in real-effort tasks increases with pos-

itive affect (H2). Higher enjoyment led to higher performance in the math task but not 

in the ball task. This may be due to a ceiling effect in happiness in the ball-catching 

task, which is associated with lower cognitive demand and higher enjoyment, leaving 

less space for enjoyment variation. By contrast, the math task is associated with higher 

cognitive demand and shows more variability in perceived enjoyment. 

One limitation of our study is the small sample size, which makes it very unlikely 

that we detect any but very large effects. Power analysis suggests that at least 129 par-

ticipants are required to provide 95% power to detect a medium effect size [10, 48]. In 

addition, future studies might consider stratified sampling strategies. Given that we ob-

serve substantial individual differences in physiological reactions to the two real-effort 

tasks, a more in-depth analysis of which participant and task characteristics specifically 

govern these reactions would provide clearer predictions and guidance regarding the 

required sample diversity. 

Another limitation is a potential treatment order effect. In our study, all participants 

first played the math task and then the ball task. The reason for this order were concerns 

that if the more cognitively demanding math task were played second, fatigue effects 

might be more pronounced, whereas with the ball task, no great cognitive effort is re-

quired and fatigue effects ought to be negligible. By introducing a longer washout pe-

riod between tasks, and perhaps rounds, these concerns could be alleviated despite ran-

dom ordering.  

Future research might focus on further improving the time series clustering, for ex-

ample, by enriching the dataset with additional features and characteristics that can be 

derived from the HR signals.  

Another avenue for future research is the choice of tasks. Given that we and [10, 14, 

48] provide evidence that real-effort tasks can elicit different affective reactions be-

tween and within subject, more research on other real-effort tasks is needed to establish 

which types of tasks are likely to elicit which affective reactions, and how large indi-

vidual variation can be expected to be in comparison. These insights can be leveraged 

to better gauge the fit of a particular real-effort task to model a specific real-world phe-

nomenon.  

In practical terms, our insights can be used to inform the design of learning platforms 

and crowdworking platforms such as Prolific, as well as support the development and 

evaluation of gamification strategies geared towards counteracting responses like bore-

dom or fatigue. For example, our results taken together with future studies on task types 

could make testing more efficient: rather than testing the response to each and every 

single task or interaction on a platform, responses can be predicted based on task type 

and one representative task chosen for each type. Leveraging our time-series clustering 

approach would make it easier to determine at which point in time gamified elements 

would have the greatest impact on engagement, fatigue and other responses.  
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Abstract. Driving simulators are essential for the development of vehicle sys-

tems, as they enable safe and efficient user engagement. Their validity determines 

the extent to which the results from empirical user studies obtained in driving 

simulators can be transferred to real-world driving situations. 

This study examines the gaze behavior of participants in a within-subject de-

sign, both in a real vehicle and in a driving simulator with a digital road replica. 

Using gaze-point plots and expert ratings, we compare fixation patterns across 

three road sections (City Drive, Rural Drive, Highway). The results visually in-

dicate a moderate to high similarity in gaze distributions, suggesting consistent 

fixation patterns in both environments, with some notable exceptions on an indi-

vidual level and generally highest matches in the City Drive. 

However, further statistical analyses are necessary to quantitatively confirm 

similarities and assess systematic differences. 

Keywords: Driving Simulator Validity · Eye-Tracking · Gaze Behavior · Fixa-

tion Patterns 

Introduction 

The automotive industry is undergoing a major transition toward automation, ac-

companied by rapid advancements in driver assistance systems [1]. For these innova-

tions to gain public acceptance, they must align with user needs in accordance with the 

principle of customer centricity [2, 3]. 

Driving simulators are widely used in automotive research, providing cost-efficient, 

safe, and standardized environments for the development and evaluation of driver as-

sistance systems [4, 5]. Simulator studies are intended to support the design of safer 

vehicles and to improve our understanding of driver behavior—ultimately contributing 

to accident reduction [6]. 

However, the use of simulators is not without challenges. Despite extensive research 

over the past two decades, the impact of confounding variables—such as the complex-

ity of the road environment, traffic density, or visibility—on driver behavior (e.g., ve-

hicle control, monitoring of the driving scene) remains only partially understood. More-

over, even if these influences were fully known, replicating them accurately in simula-

tion environments is often not feasible due to technical or cost-related constraints. This 
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raises a central question: which variables can—and should—be realistically reproduced 

in simulators to ensure meaningful research outcomes [7] . 

It is generally accepted that the validity of a driving simulator depends on whether 

the behavior observed in the simulation corresponds to that observed in real-world driv-

ing [8, 9]. According to transfer-of-training theory, knowledge gained through simula-

tions can only be generalized to real-world contexts if behavioral patterns—such as 

gaze behavior—are comparable across both settings [10, 11]. 

Gaze behavior plays a central role in driving, as visual attention is essential for main-

taining situational awareness and performing driving tasks [12]. While simulator valid-

ity research has traditionally focused on performance metrics such as speed or lane 

keeping [9], gaze behavior has received comparatively less attention. Only a few studies 

[13–15] have attempted to validate eye-tracking data between simulated and real driv-

ing conditions—and while overall, they found differences between the real car and the 

simulator, their findings are inconsistent: some report narrower fixation patterns in sim-

ulators, while others observe increased gaze dispersion. These discrepancies point to a 

gap in understanding the ecological validity of simulator-based eye-tracking data. 

To address this gap, the present study investigates whether gaze behavior systemat-

ically differs between simulated and real-world driving conditions. Based on the as-

sumption that visual attention is influenced by environmental fidelity and task com-

plexity, we compare gaze behavior using eye-tracking data in a within-subject design. 

Participants drove the same 1:1 replicated route—including urban (City Drive), rural 

(Rural Drive), and highway (Highway Drive) segments—in both a real vehicle and a 

high-fidelity driving simulator. Our research question is: 

RQ: Does gaze behavior systematically vary between different road types (urban, 

rural, highway) and between real and simulated driving conditions? 

Theoretical Background and Hypothesis Development 

Driving Simulator Validity 

The primary goal of simulator validation studies is to determine whether a simulated 

driving environment provides a valid representation of reality, allowing reliable in-

sights to be drawn for real vehicles [5, 16]. To achieve this, relevant outcome variables 

are compared between real and simulated driving [17, 18]. 

The validity of driving simulators is divided into physical validity and behavioral 

validity [19]. Physical validity describes the degree of correspondence between the sim-

ulator and the real vehicle  [17] though a higher level of similarity does not necessarily 

lead to valid study results [16]. 

Behavioral validity refers to participants' driving behavior and response data [20].  

Naturally for studies on driver behavior, behavioral validity is considered to be more 

important than physical validity, as driving behavior is crucial for the transferability of 

results, whereas an exact physical replication is not always necessary [21, 22]. 

One behavioral parameter, which is discussed in the context of driving simulator 

validity is gaze behavior, assessed via eye-tracking. In terms of our study behavior 
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validity refers to whether gaze patterns observed in the simulator resemble those in real-

world driving. 

Eye-Tracking in Driving Simulations and Real World 

Eye-tracking enables detailed analysis of drivers’ visual attention and cognitive pro-

cessing by capturing fixations and saccades [23, 24]. Especially in complex, fast-chang-

ing traffic scenarios, drivers rely primarily on foveal vision to identify relevant objects 

and events, while peripheral vision supports spatial orientation and scene organization 

[25]. The rule of thumb that only directly fixated elements are typically recognized and 

cognitively processed is therefore widely accepted for eye-tracking measures employed 

in traffic and driver research. 

In the context of simulator validation, eye-tracking metrics offer valuable insights 

into behavioral realism. Commonly used indicators include fixation duration, gaze dis-

persion, and the spatial distribution of fixations—particularly in high-relevance areas 

such as the central roadway [26]. These parameters enable direct comparisons of atten-

tion allocation between real and simulated environments and are critical for assessing 

ecological validity [23]. 

While prior studies consistently show that gaze behavior differs between real-world 

and simulated driving, the form of these deviations remains inconsistent. Some studies 

report more concentrated fixations and reduced dispersion in simulators [13], while 

others observe broader scan paths or increased fixation frequency [15]. In this sense, 

the existence of a discrepancy appears robust, but the direction and nature of these dif-

ferences vary across findings. This heterogeneity may stem from variations in simulator 

fidelity, interface design, and the perceived cognitive demands of the simulated task 

[27]. 

Additionally, research suggests that these deviations tend to diminish as simulator 

fidelity increases—particularly for metrics like glance durations and visual scanning 

behavior [27]. Accordingly, high-fidelity simulations with realistic environmental 

modeling are more likely to evoke gaze behavior that mirrors real-world driving. 

In the present study, we use gaze-point plots to compare visual attention patterns 

between real and simulated driving across three distinct road types (urban, rural, high-

way). By analyzing similarities and differences in fixation distributions, we aim to as-

sess whether gaze behavior in the simulator reflects real-world patterns in a context-

sensitive and differentiated manner. 

Research Gap & Research Question  

Most validation studies on driving simulators focus on performance data like speed 

or lane position [9], with fewer examining physiological parameters such as heart rate 

(e.g., [28]) or skin conductance (e.g., [29]). However, eye-tracking data are rarely val-

idated [23]. Wynne et al. (2019) [9] call for greater emphasis on these measures, as 

some researchers believe cognitive demands in simulation mirror those in real driving. 

Studies comparing gaze behavior in simulation and reality consistently report differ-

ences—yet these vary in direction and magnitude, depending on factors such as 
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simulator fidelity and task context. According to Angell (2011) [27], lower-fidelity sim-

ulators may lead to altered visual behavior due to reduced realism and cognitive en-

gagement. For example, Carter & Laya (1998) [13] observed more concentrated fixa-

tion areas in the simulator than in real traffic. Similarly, Fors et al. (2013) [14] reported 

more frequent fixations, albeit within a narrower visual radius. In contrast, Mueller 

(2015) [15] found greater gaze dispersion in the simulator, both horizontally and verti-

cally. These divergent outcomes suggest that gaze patterns between real and simulated 

driving are not directly interchangeable and point to unresolved questions regarding the 

ecological validity of simulator-based eye-tracking data. 

Besides simulation fidelity associated to the graphics and dynamic properties in-

volved, these differences might result from the simulated traffic environment or even 

varying road sceneries. As our research environment replicates the exact properties of 

the road scenery around the campus in Hof, Bavaria, we chose to address the following 

research question: RQ: Does gaze behavior systematically vary between different road 

types (urban, rural, highway) and between real and simulated driving conditions? 

To answer this RQ, we compare participants' gaze-point plots while driving the same 

route in both a real vehicle and a driving simulator with a digital twin. We distinguish 

between the road sections City Drive (CD), Rural Drive (RD), and Highway (HD). By 

incorporating sections with distinct visual and task-related demands, we aim to examine 

whether simulator validity is consistent across different types of real-world scenarios. 

This approach enhances the ecological validity of the study and improves the potential 

generalizability of the findings. 

Method 

Experimental Design 

Participants. The study follows a within-subject design with 12 participants (7 

women, 58.3%; 5 men, 41.7%), averaging 29.3 years (SD = 12.9, range: 18–59). Re-

garding residence, 58.3% live in rural areas, 41.7% in small or medium-sized towns. 

Eye-Tracking Device. To record eye movements, the Pupil Labs Invisible was used, 

which are mobile eye-tracking glasses with a scene camera resolution of 1088 × 1080 

pixels at a frame rate of 30 Hz. The scene camera's field of view is 82° horizontally and 

82° vertically. The system's gaze accuracy is 4.6° (uncalibrated). 

Materials, Procedure and Data Processing 

Vehicles. The real-world test vehicle used in this study was a VW Golf 8 with 

110 kW. The driving simulator, classified as a medium-fidelity simulator in accordance 

with Wynne et al. (2019) [9], was equipped with a VW Golf 7 steering wheel and ped-

als, as well as a three-degree-of-freedom motion platform to enhance realism during 

simulated driving. 

Track. The driving route covered a 23 km loop and included three different road 

types: urban roads (5.3 km), rural roads (9.7 km), and highways (8.0 km). For maxi-

mum comparability, the route was replicated in the simulator as a digital twin of the 
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real-world track. Figure 1 shows representative images of urban, rural, and highway 

sections, each displayed for both the driving simulator (left) and the real vehicle (right 

row). All participants started the drive at the same location and followed the same se-

quence of road sections. As the track was designed as a closed loop, it was not feasi-

ble—without disproportionate effort and logistical complexity—to randomize or coun-

terbalance the order of the road segments. Additionally, all participants first completed 

the real drive before performing the same route in the simulator. This fixed order was 

chosen to ensure that participants had a real-world reference, minimizing disorientation 

in the simulator. Although this introduces a potential learning effect, the analysis fo-

cused on spatial gaze patterns rather than performance metrics, which are more suscep-

tible to such effects. 

Procedure. Upon arrival at the lab, participants were first introduced to the real ve-

hicle and fitted with mobile eye-tracking glasses. They then completed the real-world 

drive while refraining from speaking, except when receiving instructions. After return-

ing to the lab, participants completed a short familiarization drive in the simulator to 

minimize the risk of simulator sickness. Following this, they completed the full simu-

lated drive—again wearing the eye-tracking glasses and driving the same route as be-

fore. On average, the real-world drive lasted 25 min, the simulator drive 23 min, and 

the entire experimental session took approximately 90 minutes per participant. 

Data Processing. Gaze-point plots were generated for each participant to visualize 

fixation density across the three road sections (City Drive, Rural Drive, Highway 

Drive). These visualizations were based on horizontal and vertical gaze coordinates and 

illustrated the distribution of visual attention in each condition. The data were analyzed 

both descriptively and exploratorily. 

In addition, an expert rating procedure was conducted. Three independent experts 

reviewed the gaze-point plots for each participant, comparing the real-world and simu-

lated conditions for the entire route as well as for each road section individually. Each 

expert assigned a similarity score from 0 (no similarity in gaze distribution) to 10 (very 

high similarity). The average of the three expert ratings was calculated for each partic-

ipant and for each condition (whole route and individual road sections). 
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Figure 1 Comparison of visual scenes from the simulator (left row) and the real 

vehicle (right row) across highway (top), rural (middle) and urban (down) segments. 

 

 

Results & Discussion 

Figure 2 exemplary shows the gaze distributions of Participant 4 and Participant 7 

in the road sections CD, RD, and HD. The gaze data are represented in pixel coordinates 

relative to the scene camera image, where the X-axis denotes the horizontal and the Y-

axis the vertical position of the gaze within the video frame, with (0,0) located in the 

top-left corner of the image. 

The plots for CD show similar fixation patterns, with high density in the central 

visual field and wide dispersion in the periphery. The focus was primarily on the road-

way and other road users in both real and simulated drives. However, the real drive had 

wider fixation dispersion, possibly due to more frequent and richer peripheral stimuli, 

such as pedestrians. In the simulator, the fixation density appeared more compact, in-

dicating reduced environmental stimuli or a stronger focus on the road. Additionally, 

the values seemed vertically shifted downward, showing a notable downward spread, 
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suggesting differences in the human-machine interface: in the simulator, relevant driv-

ing information may be further from the road scene. 

Similar fixation patterns were observed in the RD, with the primary focus again on 

the roadway. Once again, the horizontal dispersion was smaller in the simulator, likely 

because more environmental stimuli, such as oncoming traffic, were observed in the 

real environment. Compared to CD, the gaze dispersion seemed somewhat reduced in 

both the real vehicle drive and the simulator drive. 

On the HD, the gaze in both driving environments was even more focused on the 

central area than in the other two conditions. The peripheral dispersion was notably 

lower, suggesting that the focus was primarily on vehicles ahead or lane markings. 

Across all driving conditions, both participants showed changes in gaze patterns, 

observed in both the real vehicle and the simulator, supporting the assumption of rela-

tive validity between the two environments. However, when examining the absolute 

gaze distribution values, systematic differences between the two environments become 

evident: gaze dispersion in the simulator is generally more restricted, and the horizontal 

gaze points are systematically shifted downward. 

When comparing both participants, the corresponding experimental environments 

and driving conditions appear more similar, with participant-specific patterns being less 

distinguishable. This observation is mostly consistent across the entire sample, though 

a few participants exhibit distinct gaze patterns, which are more isolated cases. 

Overall, the gaze-point plots show a high degree of similarity between real and sim-

ulated driving. Slight differences in horizontal and vertical fixation dispersion can be 

explained by context-dependent environmental factors. A similar pattern was observed 

with other participants as well. 
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Figure 2. Comparison of the gaze data from Participant 4 and Participant 7 in the 

sections City Drive, Rural Drive, and Highway Drive between Real Vehicle and Sim-

ulator (The X- and Y-axes represent pixel coordinates). 
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To systematically evaluate the visual impression of the gaze-point plots, three inde-

pendent experts assessed the similarity of gaze patterns between real and simulated 

driving for each participant. They provided ratings on a scale from 0 (no similarity) to 

10 (very high similarity) for the entire route as well as for the individual segments (city, 

rural, highway). The resulting mean scores and standard deviations are presented in 

Table 1. 

Overall, the average scores—ranging between approximately 5 and 6—suggest a 

moderate level of similarity between real and simulated gaze behavior. As a tendency, 

the highest similarity ratings were found for the entire route, followed closely by the 

highway section. City and rural segments showed slightly lower average similarity 

scores. 

Interestingly, although the highway segment received the highest mean similarity 

rating, it also exhibited the largest standard deviation. This indicates substantial inter-

individual variability in gaze similarity for this segment. One possible explanation is 

that while some participants displayed nearly identical gaze behavior in both condi-

tions, others adapted their gaze patterns more strongly depending on whether they were 

driving in the simulator or in the real car. 
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This variability might be partly explained by the nature of the highway section, 

which is typically more monotonous than urban or rural environments. In the real ve-

hicle, participants may still have experienced a heightened sense of risk due to the pres-

ence of other vehicles and real-world consequences of failure, whereas in the simulator, 

this sense of risk was likely diminished. The relatively neutral visual design of the sim-

ulated highway may also have resulted in reduced visual exploration for some partici-

pants, thereby increasing perceived similarity. However, the large standard deviation 

suggests that this effect was not consistent across the sample. 

 

Table  1. Expert ratings for the similarity of the gaze-point plots. 

 

Participant Whole Track City Country Highway 

1 7.67 6.67 6.00 6.67 

2 7.33 7.33 6.00 4.67 

3 7.00 6.67 4.00 7.00 

4 7.33 5.00 6.67 4.67 

5 6.33 5.33 6.67 5.00 

6 3.67 2.33 1.67 1.00 

7 6.00 5.67 5.00 5.33 

8 6.67 5.67 5.67 4.33 

9 7.67 4.00 6.33 6.33 

10 6.33 7.33 7.33 7.33 

11 6.67 5.67 3.33 2.67 

12 4.67 6.33 5.33 5.00 

MeanExperts 5.58 4.92 4.92 5.00 

SDExperts 1.38 1.80 1.85 2.20 

    

Overall, the combination of visual inspection and expert ratings suggests that gaze 

behavior in real and simulated driving is largely comparable. At the same time, intra- 

and interindividual differences—particularly pronounced on the highway segment—

likely reflect varying perceptions of task relevance and environmental realism. Minor 

differences in fixation dispersion and vertical gaze orientation are more plausibly at-

tributed to environmental and interface-related factors (e.g., display resolution, realism 

of scenery) rather than fundamental behavioral divergence. 

Conclusion & Limitations 

The gaze-point analysis revealed a moderate degree of visual similarity in fixation 

patterns between real and simulated driving, yet with a progressive narrowing of gaze 

distributions from the CD through the RD to the HD. At the same time, two clear abso-

lute differences emerged: simulated gaze data exhibited reduced peripheral dispersion 

and a consistent downward shift. These observations reconcile apparently contradictory 

reports in the literature, which have documented both more centralized [14] and more 

widely dispersed fixations [15] in simulation studies. 
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Collectively, our findings underscore the context dependence of gaze behavior: both 

the experimental environment and the driving scenario (CD, RD, HD) exert a influence 

on fixation distribution. Participant‐specific effects, while modest on average, can be 

substantial in individual cases and therefore warrant consideration in studies of driver 

state or personalized assistance systems. Notably, the lowest similarity between real 

and simulated conditions was observed in the highway segment—likely a consequence 

of the simulator’s perceived monotony and absence of genuine risk, which diminished 

visual exploration compared to the real‐world drive. 

A primary limitation of this study is its relatively small sample size, which constrains 

the generalizability of our results. Furthermore, potential learning effects may have in-

fluenced the results, as all participants completed the road segments in the same order 

and always began with the real-world drive. This fixed sequence could have introduced 

systematic biases. Future studies should at least counterbalance the order of driving 

conditions (real vs. simulated), and ideally also vary the sequence of road segments—

although the latter may be difficult to implement in practice. 

Moreover, the lack of robust statistical analysis of the gaze data represents a further 

constraint: although exploratory spatial scan statistics [30, 31]  were applied, these 

methods are overly sensitive to central‐field differences and ill‐suited for peripheral 

pattern analysis. While expert ratings provided valuable qualitative insights, their in-

herent subjectivity underscores the need for objective, quantitative similarity metrics in 

future work. 

For future research, we recommend (1) evaluating simulators of varying fidelity to 

determine whether higher realism promotes closer convergence of simulated gaze pat-

terns with those observed in real driving—or whether extreme fidelity levels produce 

larger divergences—and (2) adopting advanced statistical approaches (e.g., heatmap‐

based similarity measures, cluster analyses etc.) to rigorously validate and extend the 

visually and experientially derived findings reported here. 
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Abstract. This study examines how professional investors evaluate entrepre-

neurs with disabilities and regulate implicit biases during decision-making. We 

recruited investors during a major summit in Switzerland and employed EEG to 

track their neural responses as they completed two tasks: watching a pitch video 

featuring an entrepreneur with a disability and performing an Implicit Associa-

tion Test (IAT) specifically designed to measure disability-related biases. We 

measure stereotype activation when the entrepreneur’s disability is revealed and 

investigate cognitive control mechanisms that reflect investors’ ability to regulate 

automatic biases. We then assess how this regulation shapes the processing of 

investment-relevant signals and ultimately influences investment decisions. Our 

findings contribute to signaling theory by showing how stereotype regulation in 

the context of disability affects the perception and weighting of quality and com-

mitment signals in entrepreneurial evaluation. 

Keywords: EEG · Cognitive control · Investor decision-making · Disability · 

Signaling theory 

Introduction 

Securing investment is critical for entrepreneurs, as failure to do so can lead to venture 

collapse (Bernstein et al., 2017; Shepherd et al., 2021). While earlier research has ad-

dressed how systemic barriers, such as racism, misogyny, and homophobia, affect ac-

cess to funding, ableism remains a largely overlooked factor in entrepreneurial finance 

(Coleman et al., 2015). Despite growing efforts to promote inclusive entrepreneurship, 

entrepreneurs with disabilities remain underrepresented and under-researched in the 

venture funding literature (Bakker & McMullen, 2023). This is particularly important, 

as entrepreneurs with disabilities exhibit higher rates of self-employment and report 

greater satisfaction with entrepreneurial roles (Pagán, 2009). Existing studies on entre-

preneurs with disabilities have primarily focused on how individual characteristics, 

such as type or severity of disability, affect entrepreneurial success (e.g. Renko et al., 

2016; Wiklund et al., 2018), yet little attention has been paid to how disability is 
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interpreted by investors themselves. What does disability signal to an investor? Is it 

perceived as inherently positive or negative? These questions point to a broader issue 

that remains unaddressed: How do disability cues shape investor decision-making? 

 

To investigate this question, we draw on signaling theory, which is a framework exam-

ining how unobservable attributes are inferred through observable cues in information-

asymmetric settings (Spence, 1973). In entrepreneurial finance, this framework illus-

trates how entrepreneurs seeking funding communicate their venture’s potential suc-

cess to prospective investors. Prior research distinguishes between value signals, which 

reflect expected returns (e.g., patents, revenue), and commitment signals, which convey 

personal investment and effort (e.g., financial sacrifices, career risks) (Busenitz et al., 

2005; Connelly et al., 2011). The effectiveness of these signals depends not only on 

their characteristics, but also on how they are interpreted by receivers, which is inher-

ently susceptible to cognitive biases (Bafera & Kleinert, 2023). Recent studies suggest 

that stereotypical thinking can distort signal interpretation (Dehlen et al., 2014; Kacper-

czyk & Wijnberg, 2020). Although earlier work has examined how gender stereotypes 

shape investors’ interpretation of entrepreneurial signals (e.g., Yang et al., 2020), no 

research has investigated how disability-related stereotypes influence which signals in-

vestors attend to and how they interpret them within the framework of signaling theory. 

 

To unpack these dynamics, we use insights from dual-process model of cognition, 

which distinguishes between automatic and controlled modes of information processing 

(Amodio, 2010; Devine, 1989). In this context, stereotype activation occurs automati-

cally, while overriding these biases requires deliberate cognitive control. These dynam-

ics are especially relevant in fast-paced or low-information environments like pitch 

evaluations, where disability cues may shift attention toward value signals while dimin-

ishing the perceived weight of commitment signals (Busenitz et al., 2005). 

 

According to the dual-process model of cognition, stereotype activation is typically au-

tomatic, whereas overriding such biases requires deliberate cognitive control (Amodio, 

2010; Devine, 1989). These processes are especially relevant in time-pressured or low-

information contexts like early-stage investing. Exposure to disability may trigger au-

tomatic stereotypes (positive or negative), which in turn shape how value and commit-

ment signals are prioritized. For instance, unregulated stereotypes may lead investors 

to rely more on value signals (e.g., patents, funding) while discounting commitment 

signals (e.g., personal financial risk, career sacrifices) (Busenitz et al., 2005). 

 

This study investigates how investors neurologically process disability cues when eval-

uating entrepreneurs. Specifically, we ask: 

 

1. To what extent does disability disclosure trigger brain activity patterns asso-

ciated with stereotype activation? 
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2. To what extent are brain regions associated with cognitive control engaged in 

response to disability cues, and how does this relate to attention allocation 

between value and commitment signals? 

3. Do neural markers of stereotype activation and cognitive control predict in-

vestors’ funding decisions? 

 

To answer these questions, this study employs EEG method to examine how investors 

process biases when assessing entrepreneurs with disabilities. Unlike traditional ap-

proaches relying on self-reports, neural measures allow for direct observation of stere-

otype activation and cognitive control in real-time decision-making. By tracking P300 

and frontal theta oscillations, we assess whether disability disclosure triggers atten-

tional shifts and how investors regulate their biases when processing entrepreneurial 

signals. This approach contributes to signaling theory by showing how implicit bias, 

triggered by disability cues, can affect decision-making by shaping investors’ attention 

to different signal types. As a result, the study highlights how the perception of disabil-

ity can act as a source of receiver-side bias in early-stage investing. 

Methods 

Participants 

The study participants were professional investors, including venture capitalists and 

business angels. The first round of participants was recruited at Start Summit 2025, 

held on March 20–21, 2025, in St. Gallen, Switzerland. Two main approaches were 

used for recruitment. First, the Start Summit app allowed attendees to book 20-minute 

coffee chat slots with other participants. All registered investors were contacted through 

this feature, briefly informed about the study, and invited to participate. Those who 

agreed took part in the study during their scheduled time slots. Second, event attendees 

wore badges indicating their role (e.g., investor, talent). Investors were approached in-

dividually based on their badges and invited to join the study. 

 

The EEG data collection took place in an isolated phone booth in the event area to 

minimize distractions. A total of 14 investors participated in this first round of data 

collection. No monetary compensation was offered, however, all participating investors 

expressed interest in receiving the study results after the analysis. 

Electrophysiological Recording 

EEG data were recorded using the Emotiv Epoc X, a wireless EEG system with 14 

saline-based sensors, positioned according to the modified 10–20 system. The reference 

electrode was located at CMS/DRL sites (Common Mode Sense and Driven Right Leg). 

EEG signals were sampled at 256 Hz and recorded continuously throughout the task. 

Artifact rejection was applied to remove blinks and excessive noise. Stimulus-locked 
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epochs of 1,000 ms were extracted offline, referenced to a 200 ms prestimulus baseline, 

and low-pass filtered at 12 Hz (12-dB roll-off). 

 

The portability of the Emotiv device was the main reason it was selected over clinical 

devices. Since the study aimed to recruit real-world investors as participants, the device 

had to accommodate their limited availability and need for flexibility. Emotiv’s design 

supported this goal by minimizing setup time, for which the preparation only requires 

soaking the sponges in saline for about a minute. In addition, Emotiv’s built-in ampli-

fier allows the data collection with just an EEG device connected laptop, unlike clinical 

models that often require gel-based electrodes, multiple accessories, and more ad-

vanced computing setups. In short, Emotiv’s setup aligned well with the fast-paced na-

ture of investor schedules and made it possible to run the entire EEG session in the time 

it takes for a casual meeting. 

 

While clinical systems provide greater precision by offering more channels, the Emotiv 

Epoc X lacks midline electrodes (e.g., Fz, Pz) that are critical for certain measures, such 

as assessing cognitive control via frontal midline theta oscillations (Cavanagh & Frank, 

2014). To address this limitation, we averaged data from four neighboring electrodes, 

which is a common workaround in mobile EEG research, though it reduces spatial pre-

cision. Additionally, Emotiv’s saline sponges are not effective at capturing signals from 

individuals with long hair, which limited the sample to male investors. Although this 

sample restriction aligns with the current predominantly male distribution in the inves-

tor population, future studies should incorporate more inclusive EEG technology to en-

sure gender diversity. 

 

Despite these limitations, the portability of the Emotiv device was instrumental in ena-

bling data collection. Previous efforts to recruit Switzerland-based investors through 

LinkedIn and invite them to a university laboratory were unsuccessful. The ability to 

conduct EEG recordings on-site and within short time windows ensured ecological va-

lidity of the study by securing participation from busy professional investors and ulti-

mately enabled the completion of this first phase of data collection. 

 

Procedure 

Task 1: Entrepreneurial Pitch. In Task 1, they watch a pre-recorded pitch with a 

duration of 1 minute and 30 seconds. The video initially shows the entrepreneur’s upper 

body. Midway through the pitch, the frame expands and reveals the entrepreneur sitting 

on a wheelchair. The entrepreneur then presents four sentences: two value signals 

(number of users and monthly recurring revenue) and two commitment signals (team 

dedication and plans for the investment round). EEG records P300 event-related poten-

tials (ERP) as an indicator of stereotype activation, and frontal theta oscillations to 

measure cognitive control in stereotype regulation over time (Cavanagh & Frank, 

2014). After the pitch, investors answer investment-related questions, such as interest 

in due diligence or referral likelihood. Additionally, memory-based questions assess 
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whether the disability reveal influence memory retrieval and attentional engagement, 

particularly in prioritizing value signals or commitment signals. 

Task 2: Disability Implicit Association Test (IAT). In Task 2, investors complete 

a Disability IAT, as used for implicit racial bias by Dovidio et al. (1986) and Bartholow 

et al. (2006). In this task, investors view an image followed by an adjective. Their task 

is to decide whether the adjective “could ever describe” the image. Specifically on each 

trial, a priming image is presented for 500ms, followed by a 400ms delay before the 

onset of a target word, which is also presented for 400ms. Then participants have 

2,500ms to answer the question, and the next round starts with a delay of 500ms. Fur-

thermore, there are total 144 rounds, which takes around 10 minutes to complete. Im-

ages are either houses or humans, where human images are presented with or without 

a visible physical impairment. Besides that, adjectives consist of words explicitly de-

fining houses (e.g. terraced, duplex, etc.) or humans. Human-defining adjectives are 

categorized with respect to two categories: 1) whether they have positive or negative 

valence 2) whether they are congruent or incongruent with disability vs. able-bodied 

stereotypes. For instance, “victim” is a negative stereotype-congruent (incongruent) ad-

jective for disability (able-bodied), “athletic” is a positive stereotype-incongruent (con-

gruent) for disability (able-bodied). 

 

Slower response times or increased errors for incongruent pairs indicate stronger im-

plicit stereotypes. EEG records P300 activation (stereotype activation) and frontal theta 

power (cognitive control) to assess how investors processed and regulated bias. 

Preliminary Results 

Due to ongoing learning of EEG data analysis, it has not been completed at the time of 

final submission. Complete analysis will be shared at the conference. Please refer to the 

cover letter for explanation. 

Theoretical and Practical Implications 

This study extends signaling theory by showing how disability cues shape investors’ 

attentional engagement with value versus commitment signals in early-stage funding 

decisions. Using neurophysiological measures, the study reveals that signal interpreta-

tion is influenced not only by the characteristics of the signal itself but also by receiver-

side cognitive processes, particularly stereotype activation and the capacity for cogni-

tive control. Beyond highlighting how biases affect signal weighting, the study contrib-

utes to theory by identifying which signals are most vulnerable to being overlooked 

under bias, and which signals can prompt re-engagement through cognitive control. 

EEG markers of stereotype activation and cognitive control offer insight into when in-

vestors disengage and when bias regulation is activated. This perspective adds a new 

dimension to signaling theory, such that, certain signals are not only evaluated differ-

ently but may also be selectively attended to or ignored, depending on the investor’s 

cognitive state. These patterns, when repeated, help explain how the signaling 
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environment itself may evolve, not through changes in signal content, but through bi-

ased, collective shifts in signal interpretation under persistent social stereotypes. 

 

This work contributes to emerging research on bias in entrepreneurial finance, particu-

larly regarding underrepresented groups. Rather than focusing on entrepreneurs’ im-

pairments, the study shifts attention to the cognitive limitations of investors, thus re-

framing the source of evaluation challenges in funding decisions. From a practical per-

spective, these insights may help entrepreneurs with disabilities better navigate biased 

investor environments by understanding how different signals are processed. 

 

From a methodological perspective, this research builds on prior work by testing 

whether neural markers of attention and control can be meaningfully captured in a con-

tinuous, video-based investment context, thereby enhancing the ecological validity of 

decision-making studies in entrepreneurship. Importantly, these neural markers have 

interpretive value beyond bias regulation. For instance, P300 reflects how the brain 

responds when a stimulus does not match internalized expectations (i.e., expectancy 

violation). When such an unexpected cue appears, like a disability disclosure in a pitch 

video, the brain registers surprise. This makes P300 a useful marker for assessing when 

investors encounter information that challenges what they assumed to be true. The sur-

prise, however, can lead in two directions: one is detachment from the stimulus to re-

duce discomfort (i.e., to manage cognitive dissonance), and the other is increased en-

gagement, where the unexpected input triggers a re-evaluation and possibly the recog-

nition of a previously overlooked opportunity. Crucially, the second path depends on 

the activation of cognitive control, reflected in frontal theta activity. By exerting cog-

nitive control, individuals not only regulate stereotypical thoughts regarding disadvan-

taged groups, but also enable the recognition of novel opportunities that may otherwise 

go unnoticed. In this sense, frontal theta activity reflects more than just a corrective 

mechanism against bias, as it also serves as a marker of adaptive decision-making, 

where individuals override default judgments to engage more deeply with surprising 

information. This process is especially critical in entrepreneurial contexts, where the 

ability to detect value in non-normative signals can distinguish a missed opportunity 

from a successful investment. 

 

This study also has implications for the NeuroIS community. Using EEG to examine 

stereotype activation and cognitive control in investor decisions builds on foundational 

NeuroIS work, which focuses on uncovering subtle mental processes (Dimoka et al., 

2011; Dimoka et al., 2012). For instance, technology adaptation models (TAM) exam-

ine how automatic vs. controlled processes influence users’ inclination to adopt new 

technologies (Riedl et al., 2010). The insights of this study into the automatic vs. con-

scious process when encountering something unconventional may contribute to the un-

derstanding of technonology adoption. To name an example, artificial intelligence may 

promote the same stereotypical thinking as entrepreneurs with disabilities, hence deci-

sion-making procedures for technology adaptation may follow the same logic. There-

fore, by identifying the evaluation criteria for which signals are attended in case of 
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stereotypical thoughts, this study might contribute to the understanding of IS design 

(vom Brocke et al., 2020). 
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Abstract. Since Apple introduced dark mode, also known as negative polarity, 

in 2019, it has become increasingly popular. However, digital displays are typi-

cally optimized for office lighting, favoring positive polarity to reduce ambient 

illumination reflections, which aids in bright environments but reduces usability 

in dark ones. Most studies on the readability of negative polarity although focus 

on non-neurophysiological methods under normal illumination and in compari-

son to positive polarity, while mobile websites, used in dark illumination condi-

tions, receive less attention in research. This study seeks to examine the effects 

of ambient illumination on the readability of negatively polarized mobile web-

sites. We propose a research design consisting of an eye-tracking based, between-

subjects laboratory experiment to examine these effects. 

Keywords: negative polarity • dark mode • website • readability • ambient illu-

mination • mobile • cognitive load • cognitive workload 

Introduction 

In 2019, Apple introduced the ability to switch the operating system to dark mode [1]. 

Since display devices are often used in low-light environments nowadays, dark mode 

has become increasingly popular. Nearly all modern operating systems offer a dark 

mode option, leading websites and apps to provide a dark mode or be designed in neg-

ative polarity [2]. Polarity, also known as contrast polarity, refers to the degree of con-

trast between two visual elements and can be divided into positive polarity (dark objects 

on a light background) or negative polarity (light objects on a dark background) [3]. In 

general, designs with negative polarity often convey a high-tech appearance [4]. Most 

digital displays are primarily designed for use under office lighting. For this reason, 

positive polarity is often preferred, as it reduces the impact of ambient light reflections 

on the screen. Therefore it is easier to use in bright environments but at the same time 

makes it less user-friendly in dark environments [5]. Results show that positive polarity 

is almost universally superior to negative polarity, regardless of ambient lighting. 

Moreover, visual fatigue and physical discomfort are lower under positive polarity than 

under negative polarity [6]. Also, negative polarity increases cognitive load, especially 
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for older adults when exposed to bright illumination and for younger adults in dark 

environment. [7] 
The readability of interfaces with positive or negative polarity is increasingly being 

studied as a significant topic. Readability refers to a person's ability to effectively un-

derstand and interpret written text [8]. According to statistics, Africa had the highest 

share of mobile phone traffic for all page views in 2024, with 76.07%. Europe recorded 

52.41% [9]. The average duration of mobile internet usage worldwide in 2024 was 226 

minutes per day [10]. This, along with the rise of dark mode on digital screens like 

smartphones, highlights the importance of studying the readability of mobile websites 

in dark mode. Contrary to the assumption that positive polarity is superior to negative 

polarity, dark mode is appreciated for its ability to reduce visual fatigue in low-light 

environments and enhance the aesthetics of the user interface [8]. As a result, we aim 

to examine the following research question: What effects does ambient illumination 

have on the readability of negatively polarized mobile websites? 

The purpose of this paper is to identify the research gap by discussing the main find-

ings of our initial literature analysis and propose a profound research design for our 

intended study. This paper first provides the background and discusses relevant related 

work to establish the foundation of the study. Next, a detailed description of the exper-

iment outlines the methodology. Finally, potential results are mentioned. 

Background and Related Work 

Cognitive Load and Contrast Sensitivity  

Negative polarity is associated with increased cognitive load, particularly for older 

adults in bright environments and younger adults in dark environments. This is reflected 

in longer search times, larger pupil diameters and greater mental effort. Although no 

subjective differences were found in perceived task difficulty, older adults experienced 

more strain with negative polarity in bright environments, while younger adults re-

ported higher cognitive load with positive polarity in bright environments during writ-

ing tasks [7]. Fan et al. studied the influence of text color and ambient illumination on 

visual fatigue under negative polarity under low-light conditions. The study shows that 

also text color has a significant impact on visual fatigue. Ambient illumination had a 

slight objective effect where higher illumination levels generally led to reduced fatigue. 

However, subjectively, no clear linear relationship between illumination and visual fa-

tigue was observed. Interactions between text color and ambient illumination had no 

significant effect on visual fatigue, although some colors showed differences in pupil 

response and blink rate under varying lighting levels [11]. Shen et al. investigated how 

lighting, font style and image polarity affect visual performance and fatigue on elec-

tronic paper displays. While ambient lighting and light source had little impact on visual 

fatigue, higher illuminance improved performance. Positive polarity significantly in-

creased accuracy compared to negative polarity, indicating better visual performance, 

even though fatigue levels remained similar. The findings support using positive polar-

ity to enhance accuracy [12]. Wang et al. found that screen polarity had no significant 

effect on visual fatigue, either in visual acuity changes or subjective assessments of 
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fatigue. Although subjective fatigue tended to be higher with negative displays, the dif-

ference was not significant. In contrast, ambient illuminance had a clear effect: visual 

fatigue was significantly higher at 200 lx than at 500 lx, regardless of polarity [13]. 

Tsang et al. found that positive polarity produces significantly larger, rounder, and more 

regular visual lobes than negative polarity, especially under high contrast (41:1). At 

low contrast (5:1), differences between polarities were smaller or even favored negative 

polarity. Positive polarity combined with medium to high contrast improves visual per-

ception and search performance. Medium (26:1) and high contrast levels (41:1) led to 

better visual lobes than low contrast, though very high contrast slightly reduced sym-

metry and increased subjective discomfort. The best results occurred with positive po-

larity and high contrast, but for longer tasks, medium contrast is ergonomically prefer-

able[14]. 

Readability of Negative Polarized Websites  

We searched the literature to identify publications at the nexus of readability of neg-

ative polarized websites and ambient illumination. The search was conducted via ACM 

Digital Library, AIS eLibrary, IEEE Xplore, Scopus and Web of Science starting on 

03/02/2025, and ending on 20/02/2025. No publication year restriction was used for all 

searches. The search was carried out in all databases with the entries “(polarity OR dark 

mode OR contrast polarity) AND (display OR website OR interface) AND (readability 

OR legibility OR visualisation)”. The keywords “negative polarity” and “ambient illu-

mination” were removed at the beginning, as they did not yield any results. The key 

findings are discussed in the following. 

Gradišar et al. [15] investigated the effects of color combinations, brightness con-

trast, color difference, and polarity on the readability of text displayed on websites. 

Participants had to identify characters on different color combinations on a computer 

screen. The color combinations had a significant impact on readability. Additionally, 

negative polarity showed lower readability compared to positive polarity. However, 

under high brightness contrast, negative polarity performed significantly better, while 

under low brightness contrast, positive polarity yielded better results.  

Wang et al. [16] examined the effect of the position of dynamic and static VDT 

(Visual Display Terminal) displays on users' reading comprehension. Additional fac-

tors such as display speed, display type, and polarity combinations of the displays were 

also considered. The display type, polarity combination, and speed showed no signifi-

cant effects on reading comprehension for static displays. However, for dynamic dis-

plays, the display speed had a significant impact. When both static and dynamic dis-

plays used the same polarity combination, participants' comprehension was better com-

pared to other combinations.  

Muhamad and Mokhtar [8] investigated the influence of display polarity on reading 

speed and reading errors in young adults. The study was conducted on a laptop with an 

ambient lighting of 200 lux. The reading speed with negative polarity was higher than 

with positive polarity. However, no significant difference in reading errors or omission 

errors was found between the two display polarities.  
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While and Sarvghad [3] investigated the effects of positive and negative contrast 

polarity on the performance of visualizations in younger and older adults under light 

ambient illumination. The young adults achieved their best accuracy with negative con-

trast polarity, while a similar proportion of older adults showed their best accuracy with 

positive contrast polarity. Additionally, a discrepancy was observed between the pre-

ferred polarity, as reported by the participants beforehand, and the polarity in which 

they performed better. The effects of contrast polarity on performance in visual analysis 

did not significantly vary with age.  

Wang et al. [13] investigated search performance and visual fatigue under different 

screen polarities and lighting intensities in VDT search tasks. The results showed that 

ambient lighting had a significant impact on the participants' search time and subjective 

visual fatigue in VDT tasks. Furthermore, polarity had no significant effect on partici-

pants' visual fatigue during the VDT search task. However, search time was signifi-

cantly better with positive polarity compared to negative polarity.  

Mahmoudzadeh et al. [17] investigated the effect of brightness, visual angle, contrast 

(positive and negative), and edge blur (diffuse and sharp) on brightness perception un-

der a light-adapted, low-light condition. Ambient brightness had a statistically signifi-

cant impact on participants' brightness perception, with higher ambient brightness lead-

ing to increased perceived brightness. Additionally, it was found that contrast had a 

greater effect on brightness in both positive and negative contrast conditions, while the 

visual angle influenced the perception of contrast. 

The study by Lin et al. [6] was conducted based on a new desktop HUD type. The 

independent variable was text-display polarity: positive and negative. The ambient 

lighting at the participants' eye position was 300 lux. Visual fatigue and visual/physical 

discomfort were lower under positive polarity than under negative polarity. Better vis-

ual performance was also achieved under positive contrast polarity, although the dif-

ference was not statistically significant. 

In an experiment by Rempel et al. [5], the reaction time of text perception in a dark 

environment with colored blending was investigated using positively and negatively 

polarized images. A statistically significant difference between the two polarities was 

found. The reaction time for negative polarity was shorter than for positive polarity. 

This suggests that the use of negative polarity in dark environments can improve text 

readability. 

In the study by Qiao et al. [2], eye-tracking was used to assess usability measured 

by effectiveness, efficiency, and cognitive load, for dark and light maps across four 

map usage conditions: light during the day, dark during the day, dark at night, and light 

at night. For the daytime groups, the experiments were conducted in a room with 200 

lux, while the nighttime groups were tested in the same room with 0 lux. An indoor 

eye-tracking experiment was performed using a desktop eye-tracker. The results 

showed that the "light during the day" condition yielded the best performance in most 

cases, followed by performance in the "dark at night" mode. The poorest performance 

was observed in the "dark during the day" condition, followed by the "light at night" 

performance.  

The results of our initial analysis show that eye-tracking is rarely used in readability 

research. Most studies rely on self-reports or comprehension tests, as eye-tracking 
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presents methodological and technical challenges in digital reading environments. Ad-

ditionally, there is little focus on negative polarity itself and in the context of mobile 

websites, as it is mostly examined in relation to positive polarity and under light ambi-

ent illumination. 

Research Design and Execution 

The research design combines quantitative methods to investigate readability when us-

ing a negatively polarized mobile website. The stimulus to be examined is a mobile 

website which contains, besides a company’s logo, only textual content of approxi-

mately 190 words with light-colored text (#fffaea) on a dark background (#352a27) 

with a font size of 35 pixels, font family “Karla light”, and few word hyphenations. As 

a result, the navigation is rendered in a mobile format and thus is not apparent. An ideal 

text for this context is written in the participants’ native language. It should be under-

standable when read, but not predictable or previously known to the participants. The 

entire text should be displayed, ensuring participants to focus entirely on reading. The 

stimulus will be projected onto a computer screen to ensure it remains static, allowing 

for accurate data recording. Therefore, a Dell 24” P2423 monitor will be used, featuring 

a resolution of 1920 × 1200 pixels, a width of 51.8 cm, a height of 32.4 cm and a screen 

brightness of 300 cd/m². 

Readability is measured using the eye-tracker Smart Eye Aurora and the software 

iMotions, to analyze eye movements such as fixations, fixation duration and saccade 

patterns. Around 20 participants are randomly divided into two groups (between-sub-

ject design): one group uses the negatively polarized mobile website under bright am-

bient illumination (200 lux), while the other group does so under dark ambient illumi-

nation (under 1 lux). Participants must have normal or corrected-to-normal vision with 

either contact lenses or glasses, no color blindness and must be mentally fit. 

To ensure that the content of the negatively polarized mobile website is processed, 

participants additionally answer 5 factual comprehension questions within a question-

naire about the text they have read. This encourages them to engage meaningfully with 

the content and allows for an assessment of text comprehension [16]. Subsequently, the 

subjective cognitive workload is also assessed within this questionnaire. The aim is to 

capture changes in individuals perceived cognitive workload resulting from different 

ambient illumination conditions. For this purpose, the standardized questions of the 

NASA-TLX are used, which allow users to subjectively evaluate the workload of op-

erators working with various human-machine systems [18]. Finally, questions are asked 

regarding the prevalence and use of dark mode, as well as the mobile usage of websites 

and the ambient illumination conditions in which they are accessed, along with the ap-

pearance of negatively polarized websites. The aim is to gain insights into participants' 

personal usage habits, visual preferences, and individual attitudes towards dark mode. 
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Fig. 1. Stimulus example for experiment 

The combination of objective eye-tracking data and subjective questionnaire results 

provides a comprehensive analysis of the readability of negatively polarized mobile 

websites under different ambient illumination considering polarity preferences and cog-

nitive load.  

The experiment will be conducted in a booth of the dedicated eye-tracking laboratory 

of our university. As shown in Figure 2, the booth contains a desk with a monitor. The 

desk height is 72.5 cm. The monitor is placed on a 16 cm high computer stand. The 

height of the monitor’s screen is 32.4 cm, and the width is 51.8 cm. The eye-tracker is 

positioned at the bottom edge of the screen. The monitor is placed 40 cm away from 

the front edge of the desk. In front of the desk, there is a height-adjustable office chair, 

allowing for the accommodation of participants with different body sizes. Above the 

desk, there is a light bar that serves as a constant light source during the bright ambient 

illumination condition.  
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Fig. 2. Experiment setting 

The participant will be welcomed and randomly assigned to either the darkened 

booth with illumination levels below 1 lux (dark ambient illumination group) or the 

booth with light illumination of 200 lux (bright ambient illumination group). As shown 

in Figure 3, an introduction will follow, allowing participants' eyes to adapt to the am-

bient illumination. Participants are assigned an identification number (ID), asked if they 

have normal or corrected-to-normal vision and instructed to read the stimulus text only 

once, with a maximum time limit of two minutes. This is intended to prevent partici-

pants who finish early from spending the remaining time looking around, which could 
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distort the data. They are also informed that there will be a questionnaire with questions 

about the text afterwards. Participants will then be set up in front of the eye-tracker and 

instructed to adopt and maintain an upright sitting posture so that their line of sight is 

aligned at eye level with the center of the display. This setup as well as a pre-test is 

calibrated using the iMotions software. Participants then have up to two minutes to read 

the stimulus text and are asked to give a brief signal once they have finished. After-

wards, they scan a QR-code with their own smartphone to access the questionnaire. 

They are prompted to enter their assigned ID and indicate the ambient illumination 

condition (bright or dark) in which they completed the experiment. Finally, participants 

will complete the questionnaire assessing their comprehension of the text, experience 

with dark mode, cognitive workload, and demographics.  

 

 

Fig. 3. Flow chart of experiment 

Outlook 

In this paper, we have presented the experimental design to study the readability of 

negatively polarized mobile websites in different ambient illumination settings. Under-

standing these effects is crucial for optimizing user experience and accessibility in var-

ying lighting conditions. The study will be carried out in March/April and initial results 

will be presented at the conference. We will analyse the effects of the two ambient 

illumination settings (i.e. dark and bright) on readability using fixations and saccades 

[19], measured through an eye-tracking device. Additionally, we evaluate participants' 

answers to their perceived cognitive workload resulting from different ambient illumi-

nation conditions, their attitude towards negative polarity as well as demographics. The 

factual comprehension questions are intended purely for motivational purposes and are 

not expected to constitute a significant component of the final evaluation. 

According to the positive polarity advantage hypothesis, which states that negative 

polarity in light ambient illumination leads to greater pupil dilation compared to posi-

tive polarity, where the higher overall luminance causes pupil contraction, reducing 

optical aberrations and improving the quality of the retinal image. This results in greater 

depth of field and fewer spherical distortions. Additionally, positive polarity is easier 

to focus on, allowing faster information processing. Another advantage is that screen 
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reflections are less disruptive in bright environments, making reading more comfortable 

and enhancing reading performance [20]. At the same time this advantages make posi-

tive polarity less user-friendly in dark environments [5]. Therefore, in this study nega-

tive polarity in dark ambient lighting is expected to be better than positive polarity.  
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Abstract. Stochastic resonance (SR) in neuroscience describes the phenomenon 

where the presence of an optimal level of noise enhances the detection and pro-

cessing of weak signals within neural systems. This counterintuitive effect arises 

from the interaction between noise, signal, and the nonlinear dynamics of neural 

elements. In essence, noise can push a subthreshold signal across a detection 

threshold, making it detectable. Studies across various neural systems, from sin-

gle neurons to sensory perception and cognitive functions, have demonstrated 

SR's potential to improve signal-to-noise ratios and enhance information transfer. 

Research explores the underlying mechanisms of SR, including the role of thresh-

old dynamics, temporal integration, and network architectures, with implications 

for understanding sensory processing, neural coding, and developing therapeutic 

interventions for neurological disorders. The current theoretical paper explores 

the notion that human consciousness might arise due to so-called activation sys-

tems in the brain that provide meaningless neural activity (i.e. noise) to various 

neural networks. By doing so, subthreshold signals cross the awareness threshold 

to become perceived information. To support a good understanding of this phe-

nomenon the present paper also offers a demonstration in the form of a visuali-

zation model of how added noise can turn invisible into visible information. 

Keywords: Stochastic Resonance · Neuroscience · subthreshold information · 

neural threshold · awareness · perception · consciousness · subconscious infor-

mation 

Introduction 

Connecting stochastic resonance (SR) (Benzi et al., 1981) to the idea of added noise 

transforming subconscious into conscious information is pure speculation at this point, 

but we believe it to be a fascinating area of exploration. In order to support a good 
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understanding of what this means, our conceptual framework starts with the well-

known tip-of-the-tongue phenomenon, which is the common experience where you 

know that you know a word or piece of information, but at the moment you can't quite 

retrieve it from your memory. One is absolutely sure to know the word, but conscious 

access to it is currently impossible. This well-known feeling is here used to generate 

the understanding that there is lots of information in the brain that is hidden below the 

awareness threshold. The tip-of-the-tongue phenomenon is indicative of subconscious 

information to exist and crucially, in most cases a bit later it’s right there. Exactly this 

demonstrates that once certain neuronal conditions are met, subconscious information 

can become conscious. To avoid possible misunderstandings, the authors of this paper 

define subconscious information as a form of currently non-conscious information that 

has the potential to become conscious at a later point in time. This is in contrast to 

unconscious information that will never become conscious. Both of these information 

qualities are understood as non-conscious in comparison to conscious information. This 

forms the basis for the current conceptual framework suggesting that adding noise can 

turn subconscious into conscious information. 

The possible role of noise 

Imagine subconscious information as weak, subthreshold neural signals. These signals 

exist within the neural circuitry, but are too faint to cross the threshold required for 

conscious awareness. SR suggests that adding an optimal level of noise can enhance 

the detectability of these weak signals. Noise in this context is defined as “random or 

unpredictable fluctuations and disturbances that are not part of a signal” (Faisal et al., 

2008). In the case of SR this noise essentially provides the necessary "push" (random 

energy) to elevate subthreshold signals above the threshold of conscious perception. 

Interestingly, there are various so-called activation systems in the brain with their nuclei 

in the brainstem and axonal connections to numerous cortical regions. Those systems 

might be the noise providers. Consciousness might be linked to specific neural circuits 

that require a certain level of signal strength to fire. Attention could play a role in mod-

ulating the level of noise within neural circuits. By selectively increasing or decreasing 

noise, attention could influence, which subconscious signals are brought into conscious 

awareness. SR could operate at various levels of neural processing, from individual 

synapses to large-scale brain networks. Obviously, this is a highly theoretical concept, 

and empirical research is needed to validate it. However, in essence, one can speculate 

that SR provides a possible mechanism by which added noise could amplify weak, sub-

conscious signals, making them strong enough to reach the threshold of conscious 

awareness (perception). 

The threshold potential in neurophysiology: Volt changes at nerve cell membranes 

Interestingly, even normal functioning of neural networks depends on and works with 

thresholds. A closer look into basic neurophysiology explains that. Neurophysiology 

can be broken down to potential (Volt) changes at and along membranes of nerve cells 

due to ions (charged particles) flowing through those membranes. At the single nerve 
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cell level entire neurophysiology can be nicely summarized by introducing 5 different 

“potential” terms. The interplay of those potentials forms the basis for how neurons 

communicate with each other and finally how information is processed in the human 

brain. At rest, a nerve cell maintains (1) a resting potential (ca. -70mV). Incoming sig-

nals at the receiving end of a nerve cell generate (2) postsynaptic potentials, which are 

localized changes in membrane potential that can be either excitatory or inhibitory. 

Those sum up to (3) graded potentials and if their summation at the axon hillock reaches 

the (4) threshold potential (ca. -65mV), then, voltage-gated sodium channels open, trig-

gering a rapid depolarization known as (5) action potential (+50mV). An action poten-

tial is an all-or-nothing signal that propagates along the axon of a nerve cell, enabling 

long-distance communication between neurons. In essence, only if the summed poten-

tials at the axon hillock cross a threshold, a nerve cell will “fire” and thus send infor-

mation from one neural network to another neural network (i.e. serial information pro-

cessing). 

Visualisation of added noise to elevate subthreshold information across the 

threshold of perception 

In order to visualise the idea of stochastic resonance to support the generation of con-

sciousness including perception it was decided to use a greyscale image composed of 

405.416 pixels (748 x 542), each pixel having a value between 0 (black) and 255 (white) 

(figure 1, left). A following procedure shall add a constant number to all pixel values 

with the result to finally lift up all values above the threshold-number of 255. This can 

be achieved by adding the number 255 to all values. What happens is that pixels with 

the original value 0 (black) are now becoming 255, which is white. The result is an 

image without any visible pixels (it’s all white, because there is no whiter than white) 

and consequently nothing can be recognised (figure 1, right). 

Obviously, no pixel value is now below 255 (255 = white) meaning all grey tones (even 

black) became white. However and most importantly, the original, relative distribution 

of pixel values stays the same, but this information is now outside the visible range or 

in other words, it’s below the threshold of 255. 
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Figure 1: Left: Greyscale image of two meerkats. The image consists of 405.416 pixels and 

forms the starting point (self-taken photo). Right: Same image after adding the constant value of 

255 to each pixel. 

 

Now, stochastic resonance comes into play. In 1981, Benzi et al. (1981) published a 

letter explaining an effect, which they named “stochastic resonance”. They found that 

noise isn’t necessarily detrimental (especially in non-linear systems), but instead can 

actually increase the signal-to-noise ratio in a system. While the original explanation is 

rather complex and very mathematical, the authors pointed out that their newly de-

scribed phenomenon is likely to have interesting applications (Benzi et al., 1981). 

In the frame of the proposed visualisation we now add noise to the invisible image seen 

on the right in figure 1. Via an inbuilt random number generator a custom-made soft-

ware (thanks to Samuil Pavlevchev) allows to set a range for number generation. Fi-

nally, each pixel from the white image seen on the right in figure 1 got a random number 

subtracted. Figure 2 shows 4 different results that differ only in the set range for the 

number generator. See the legend to figure 2 for details. 

 

  
 

  
Figure 2: All images got a different random number subtracted from each pixel after the constant 

value of 255 was added to each pixel. The difference between the images is the number range 

that was set for the random number generator. Those ranges are as follows. Top left: random 

number between 50 and 200 (actual mean noise subtracted = 125.09); Top right: between 80 and 

220 (actual mean noise subtracted = 150.02); bottom left: between 20 and 250 (actual mean noise 

subtracted = 134.98); Bottom right: between 20 and 100 (actual mean noise subtracted = 60.04). 
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Prior experiments on stochastic resonance have used visual stimuli to target mere sensory stim-

ulation and measuring effects of stochastic resonance (Méndez-Balbuena et al., 2015; Pérez-

Pacheco et al., 2024). What is still missing to the best of our knowledge is an extension of sto-

chastic resonance effects to the perception of semantic information, which could be achieved by 

subliminal word or image presentations coupled with simultaneous acoustic noise stimuli. Such 

an experiment is in its planning stage and will be conducted by the authors of this paper.  

Connections to NeuroIS  

This chapter tries to establish potential connections between the concept of SR and 

research in the NeuroIS domain (Riedl & Léger, 2016; Riedl et al., 2020) and further 

to highlight the relevance for future works in the field. Overall, 10 major links between 

SR and Information Systems (IS) research are suggested: 

 

1. Neuroscience and decision-making: 

 

SR in the context of decision-making and IS could reveal information about subtle, 

potentially subconscious information, which guides decision-making processes. In 

practice, financial analysts, medical diagnosticians, or business executives may un-

knowingly process weak signals, and IS tools could use stochastic resonance principles 

to enhance these signals. IS research also focuses on decision-support systems (DSS), 

which help users make better decisions by analyzing data. In fact, multisensory appli-

cations of SR are already known, where auditory noise stimulation is able to improve 

visual reaction time in individuals, who are stimulated on a for them optimal auditory 

noise level (Pérez-Pacheco et al., 2024). 
 

2. User Experience (UX) and Cognitive Load 

 

From the broader topic of decision-making, further implications for other domains of 

IS research, like UX design and cognitive load, can be derived. Cognitive load theory 

suggests that too much or too little information can negatively impact usability. The 

manuscript’s concept that added noise enhances weak signals could be applied to UX: 

By introducing controlled noise (e.g., subtle visual, haptic, or auditory cues), IS design-

ers could improve users' ability to process key information. For example, in data dash-

boards, slight noise effects could highlight critical trends that might otherwise go un-

noticed. 

 

3. Neuroadaptive Systems and Brain Computer Interfaces (BCI) 

 

Neuroadaptive IS adjust their responses based on real-time brain activity (e.g., EEG 

signals). BCIs enable users to control systems with their brain activity, often requiring 

the detection of weak neural signals. Stochastic resonance could boost weak brain sig-

nals, making BCIs more effective for assistive technologies (e.g., for disabled users) or 

enhanced user control in virtual environments. The beginning of these ideas could be 

found in the work of Morse & Evans (1996), who discovered that the addition of low-
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level noise improves vowel discrimination in individuals using cochlear implants 

(Morse & Evans, 1996).  

 

4. Attention and Information Processing in IS 

 

Moving away from external stimuli, SR could also assist in improving attention in in-

dividuals interacting with IS. For instance, SR could prevent individuals from vide-

oconference fatigue (VCF) (Riedl et al., 2023). Furthermore, online advertising, dash-

board notifications, or learning platforms could leverage this principle to subtly guide 

attention to important elements. 

 

5. Affective Computing and Emotion Processing 

 

The research on emotion-related phenomena has been identified in the past as a central 

part of NeuroIS research with a new emotion-model (Walla, 2018) and affective pro-

cessing being discussed in the NeuroIS community (Brocke et al., 2020). Further, the 

integration of affective information processing in IS research is an already well estab-

lished concept in the NeuroIS community, especially with the use of neurophysiologi-

cal methods (Dimoka et al., 2012). As a suggestion, E-commerce platforms could use 

biometric data and stochastic resonance to enhance affective engagement, improving 

personalized recommendations. 

 

6. Cybersecurity and Signal Detection in IS 

 

Cybersecurity relies on detecting weak signals (e.g., unusual login behaviors, hidden 

malware signatures). Stochastic resonance principles could improve anomaly detection 

in cybersecurity by amplifying weak security-related signals. For instance, AI-based 

fraud detection systems could use stochastic resonance-inspired methods to highlight 

unusual patterns in transaction data that indicate potential fraud. 

 

7. Artificial Intelligence (AI) and Human-AI Interaction 

 

AI-driven recommendation systems, chatbots, and virtual assistants interact with users 

based on inferred user intentions. Stochastic resonance could be used to fine-tune AI 

systems by helping them detect subtle behavioral patterns or preferences. For example, 

in a customer support chatbot, SR principles could be applied to improve sentiment 

analysis by amplifying weak emotion indicators in text inputs. 

 

8. Digital Mental Health and NeuroIS Applications 

 

Many IS applications focus on mental health monitoring, using wearable devices and 

digital platforms. NeuroIS research integrates neuroscience into digital mental health 

solutions, often relying on weak physiological signals. Stochastic resonance could en-

hance the detection of depressive symptoms, anxiety patterns, or stress signals in real-

time monitoring apps. AI-powered mental health chatbots could use stochastic reso-

nance-based algorithms to detect early signs of affective distress more effectively. 
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9. Learning and Memory in Educational Technology 

 

Digital learning platforms rely on user engagement, retention, and personalized feed-

back. NeuroIS research on memory formation and retrieval can be enhanced using sto-

chastic resonance, which may improve learning outcomes. In adaptive e-learning sys-

tems, subtle background noise or visual cues could help reinforce key concepts by mak-

ing them more salient. 

 

10. Gamification and Engagement in IS 

 

Gamification techniques in IS (e.g., reward systems, interactive feedback) are used to 

increase motivation and engagement. NeuroIS research on reward processing and cog-

nitive engagement is highly relevant. Stochastic resonance could explain how small, 

controlled disturbances in game mechanics (e.g., adaptive difficulty levels) improve 

engagement by enhancing focus and enjoyment. In addition, fitness tracking apps that 

use gamification elements could leverage stochastic resonance by optimizing subtle 

progress feedback to sustain motivation. 

 

As one can see, there are numerous potential connections and even distinct applications 

of SR in the NeuroIS context. 

Conclusion 

Figure 2 demonstrates that the addition of noise (i.e. the subtraction of random num-

bers) brought enough pixels back into the visible range resulting in differently clear, 

but easily recognisable meerkats images. In analogy to consciousness, the threshold of 

a pixel value of 255 can be understood as the threshold between conscious and subcon-

scious information. 

In this theoretical paper, we define the notion that for a brain that contains most infor-

mation below the consciousness level adding noise can make this subconscious infor-

mation cross a threshold to become conscious. The idea that the human brain mostly 

contains subconscious information was strongly promoted by Sigmund Freud (1915, 

1923). Meanwhile, since the advent of brain imaging technology numerous studies 

demonstrated that the human brain indeed processes information outside consciousness 

(e.g. Rugg et al., 1998; Pavlevchev et al., 2022; Walla et al., 2022). Even self-referential 

processing could be shown to take place outside awareness (Walla et al., 2007, 2008). 

Maybe it indeed only needs the addition of noise for such proven subconscious infor-

mation to enter the stream of consciousness and become perceived. 
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Abstract. The rapid developments within generative AI (GenAI) present new 

opportunities for personalized tutoring, particularly for students with learning 

difficulties. However, accessibility challenges persist, as many GenAI models 

rely on text-based interactions. This study, grounded in social presence theory, 

examines the effectiveness of interactive AI voice-based learning tutoring in a 

grammar-learning task. Thirty-seven eighth-grade students, with and without 

learning difficulties, engaged with three interaction modes: human-tutor text 

chat, text-based GenAI chat, and voice-based GenAI chat. The results indicate 

that interaction mode significantly influenced task persistence, cognitive load, 

cognitive load variability, trust, and perceived confidentiality, with human-tutor 

chat rated highest. However, interaction mode did not predict task success or en-

gagement. Unexpectedly, voice-based AI was the least effective, as students 

struggled due to the technology responsiveness. Our findings highlight the need 

for adaptive AI learning tools and perception of social support to enhance trust 

and learning outcomes of diverse students. Future research should refine AI ad-

aptations for specific learning challenges. 

Keywords: Generative AI · Learning difficulties · Chat-based learning · Text-

based chat · Voice-based chat · Artificial intelligence in education 

Introduction 

Recent studies demonstrate that tutoring in the K-12 level increases learning outcomes 

by roughly 30% [1]. However, access to high-quality tutoring remains uneven due to 

cost and availability, leaving many students without the support they need [2]. To ad-

dress these barriers, researchers are exploring AI-driven solutions, particularly  
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generative AI (GenAI) large language models (LLMs), which has the potential to ad-

vance educational adaptations and intelligent tutoring systems (ITS) at an accessible 

cost, especially for students with learning difficulties [3, 4].  

Despite this promise, GenAI also presents accessibility challenges. LLMs [5] primarily 

offers text-based interaction, which may prove difficult to use for students with learning 

difficulties [6, 7]. Integrating speech-to-text and speech recognition technologies may 

enhance accessibility [8]; however, this remains an active area of research [9]. This 

raises the question of whether GenAI LLMs can replicate the nuanced knowledge trans-

mission that human tutors provide [10].    

This study examines the opportunities and limitations of chat-based tutoring for stu-

dents with learning difficulties, exploring the benefits of using voice-based chat with 

an LLM. These assumptions are theoretically grounded on the social presence theory  

[11].  

Theoretical Foundations: Social Presence Theory 

Social presence theory suggests that mediated communication depends on how much 

the other party is perceived as a "real person" [12]. This perception affects students' 

personal and affective connections, consequently impacting learning outcomes and sat-

isfaction [12]. Huang et al. found that only 12.5% of studies on social presence ad-

dressed K-12 learners, highlighting this research gap [13].  

In K-12 contexts, studies show that social presence and technological affordances in-

fluence outcomes such as perceived usefulness and satisfaction. Tung et al. investigated 

how system interactivity affected 5th and 6th graders solving math problems [14, 15]. 

The interactive system, offering greetings, guidance, corrective and constructive feed-

back, increased social presence and motivation compared to passive systems [15]. A 

follow-up found that feedback modality (visual vs. verbal dynamic avatars) did not in-

fluence social presence differently. However, higher social presence positively corre-

lated with motivation [14].  

Another study in a high school science class compared audio-only versus physical ro-

bots, finding no significant difference in perceived social presence [16]. More research 

showed that among high school students social presence correlated with higher per-

ceived usefulness using an ITS [17]. Additionally, 8th graders' social presence corre-

lated with more favorable attitudes toward international online collaboration [18].  

While K-12 research has largely centered on math and science, one study conducted in 

university level examined multimodal feedback in language training. Voice-based chat 

interactions enhanced task engagement, while text-based interaction boosted confi-

dence in grammar tasks. Combining voice with an interlocutor image further increased 

perceived presence [19].  

Current study 

Despite its relevance, social presence remains underexplored in K-12 settings, par-

ticularly among students with learning difficulties. This study investigates the 
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affordances of chat-based language learning by comparing learning outcomes and user 

satisfaction across two student groups (with and without learning difficulties) and three 

instructional modalities: synchronous text-based chat with a human tutor, text-based 

GenAI chat, and voice-base GenAI chat.  

Guided by the social presence theory, we examine:   

RQ1. To what extent do generative AI chatbots support students' academic perfor-

mance compared to human-tutor-student chat interactions? 

RQ2. To what extent does voice-based generative AI affect performance, percep-

tion, and AI usage intentions of students with learning difficulties compared to text-

based AI?  

Drawing on prior literature, we hypothesize that human-tutor chat will elicit the 

highest perceived social presence, followed by voice-based and then text-based GenAI 

chat. Accordingly, we expect human-tutor chat to yield superior learning performance, 

engagement, satisfaction, and perceived usefulness. Voice-based chat is anticipated to 

induce greater cognitive load and variability due to its dual modality (voice and text). 

Given limited prior research on students with learning difficulties, we adopt an explor-

atory approach in analyzing their learning trajectories. 

Materials and Methods 

Participants  

This study was conducted in North-America and obtained REB approval from the 

first author's institution (REB #2024-5735). Thirty-seven eighth-grade students (22 fe-

male, 15 male, Mage= 13.14 years) participated. School records identified 22 students 

without academic challenges and 15 with academic difficulties. The data was collected 

in a school setting, where a mini-lab was set-up, to ensure ecological validity. 

According to the local reform, learning difficulties are defined as "the problems a 

student may experience in [their] learning progression in the of the outcomes of the [...] 

program" [20]. The institution states that this definition is intentional for focusing on 

students' needs, rather than categorizing them. As such, the school provided infor-

mation about the students' academic status (with vs. without learning difficulties), how-

ever, they did not provided specific diagnosis or categories.  

Learning task 

The task consisted of solving grammar tasks in the primary language used at school. 

The tasks involved solving exercises of present perfect (e.g., "I have eaten"), figure of 

speech (e.g., "she was as red as a tomato"), identifying word class, or doing syntax 

manipulation. To solve the task, participants had access to three types of media which 

were the stimuli of focus: (1) chat with a human tutor, (2) text-based with an LLM, and 

(3) voice-based chat with an LLM. For the human tutor, the chat was performed by a 

certified educator on Alloprof, a specialized digital platform for supporting students 

through tutoring. The selected LLM was trained to adapt to students' educational needs. 

It was trained to engage students through questions, encourage problem solving rather 
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than provide direct answers, and re-direct their attention to the task. For the second 

condition, students prompted and received answers by text. The third condition was a 

dual mode, in which students prompted the LLM verbally, and the response was pro-

vided by text and read aloud by the LLM.  

Procedure and Measurement 

Performance, subjective experience, and behavioral engagement were assessed. Re-

garding performance, accuracy was categorized as successful, partially successful, or 

failed based on the content of the students' responses. As previous research suggests, 

the challenge in ITS is students' long-term engagement in the task; therefore, we inter-

pret more time investment as task persistence, measured by completion time in minutes 

[21]. Behavioral engagement was measured by calculating the total number of student-

initiated prompts in the chat, interpreting more prompts as more engagement. Lastly, 

students’ cognitive load was measured with pupil dilatation, in which a larger pupil 

diameter was interpreted as having higher cognitive load [22].  

Students' guardians provided consent before participation. Students were welcomed, 

given a study briefing, signed a consent form, and completed socio-demographic and 

academic background questionnaires. Participants' cognitive load and attention patterns 

were tracked using Tobii Pro Nano eye-tracking technology, which was calibrated be-

fore starting the task. Students engaged with all three chat types to complete the gram-

mar tasks. Instructions and questionnaires were presented on an iPad, while tasks were 

completed on a separate laptop. After each task, students completed a satisfaction ques-

tionnaire, measured using the satisfaction with service scale [23], a three-item, 7-point 

Likert scale (e.g., "I am satisfied with the help I received"). After all three interactions 

with the chats, intention to use, confidentiality, and trust were evaluated through High-

Ranking Tests [24], in which students ranked the chat mode they would recommend 

the most, the one they perceived as most secure, and the one they trusted most, admin-

istered after interacting with the three interaction modes. A post-task interview was 

conducted to have a deeper understanding of the students experience.  

Results 

Linear regression models were used to predict students' task performance, learning 

behaviors, and subjective perception based on academic standing (having or not having 

a learning difficulty), and chat type.  Table 1 summarizes descriptive and inferential 

statistics of task performance and learning behaviors. 

Table 1. Descriptive and inferential statistics of task performance and learning behaviors 

 

 Group Chat with 

human-tutor 

Text-based 

chatbot 

Voice-based 

chatbot 

 

  M SD M SD M SD MD 
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Success 

rate 

Target 0.40 0.51 0.20 0.41 0.27 0.46 Target<Control 

 Con-

trol 

0.77 0.43 0.50 0.51 0.55 0.51  

Task per-

sistence 

Target 6.05 0.49 5.39 0.87 5.76 0.51 Tutor>Text 

Con-

trol 

5.79 0.50 5.49 0.49 5.46 0.58  

Engage-

ment 

Target 5.40 2.87 2.87 1.81 4.36 2.56  

Con-

trol 

4.95 3.99 3.15 2.11 3.5 2.07  

Mean CL  Target 3.44 0.38 3.30 0.38 3.18 0.08 Tu-

tor>Text>Voice 

 Con-

trol 

3.52 0.42 3.40 0.39 3.30 0.08  

CL varia-

bility 

Target 0.04 0.03 0.06 0.03 0.04 0.01 Text>Tutor 

Con-

trol 

0.40 0.03 0.06 0.05 0.03 0.01 Text>Voice 

Note. M= Mean, SD= Standard deviation. Target refers to students with academic difficulties. 

Control refers to students without academic difficulties. MD= Statistically significant mean dif-

ferences after post-hoc analysis. Tutor= Chat with human-tutor, Text= Text-based LLM, Voice= 

Voice-based LLM. 

 

Task success was significantly different across the two groups of learners, with reg-

ular students being more likely to succeed in the grammar tasks (F(1, 106)= 15.29, 

p<.001). However, learning behaviors, including task persistence, behavioral engage-

ment, cognitive load, and cognitive load variability did not significantly differ accord-

ing to students' academic standing (p>.05).  

Nevertheless, chat type influenced learning behaviors, namely, task persistence (F(3, 

103)= 7.88, p<.001), cognitive load (F(2, 34)= 37.32, p<.001), and cognitive load var-

iability (F(2, 34)= 37.32, p<.001). Post-hoc analysis revealed that students invested 

more time when chatting with the human-tutor compared to the text-based LLM (p= 

0.005). Moreover, students had a higher cognitive load (i.e., larger pupil diameter) 

when chatting with the tutor, compared to both LLMs chats; and higher cognitive load 

when interacting with the text-based LLM than with the voice-based chat. Interestingly, 

students had more cognitive variability (i.e., larger standard deviations of pupil diame-

ter) when using the text-based LLM, as compared to chatting with the tutor or voice-

based LLM. Chat type did not significantly affect number of prompts nor task success 

(p>.05). 

Figure 1. Cognitive load across chat-types 
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Chat type also significantly influenced perception of the learning tasks, particularly 

perceived trust (F(3, 101)= 25.9, p< .001) and confidentiality (F(3, 95)= 23.31, p< 

.001); satisfaction and intention to use did not statistically differed neither for learning 

standing or chat type. Post-hoc analysis showed that students reported greater trust and 

perceived confidentiality in human-tutor interactions than in text-based (ptrust< .001, 

pconfidentiality< .001) or voice-based interactions (ptrust< .001, pconfidentiality< .001). Addition-

ally, they perceived text-based bots as more trustworthy and confidential than voice-

based bots (ptrust< .001, pconfidentiality< .001).  

Finally, a logistic regression showed that task success significantly predicted student 

satisfaction (B= 0.75, SE= 0.7, t(1, 105)= 2.01, p= .05). However, completion time, 

behavioral engagement, perceived trust, confidentiality, and intent to use did not predict 

satisfaction. 

Table 2. Descriptive statistics 

 Group Chat with 

human-tutor 

Text-based 

chatbot 

Voice-based 

chatbot 

 

  M SD M SD M SD MD 

Trust Target 2.13 0.96 2.73 0.96 3.6 0.63 Tu-

tor>Text>Voice 

Con-

trol 

1.55 0.51 3.14 0.56 3.76 0.46  

Confiden-

tia-lity 

Target 1.93 0.92 2.64 0.84 3.50 0.94 Tu-

tor>Text>Voice 

Con-

trol 

1.24 0.44 3 0.63 3.76 0.44  

Satisfac-

tion 

Target 0.40 0.51 0.27 0.46 0.47 0.52  

Con-

trol 

0.46 0.51 0.46 0.51 0.77 0.43  

Intention 

to use 

Target 2.07 0.96 2.60 0.91 3.67 0.62  

Con-

trol 

2.41 1.05 2.55 0.80 3.46 0.80  
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Note. M= Mean, SD= Standard deviation. Target refers to students with academic difficulties. 

Control refers to students without academic difficulties. MD= Statistically significant mean dif-

ferences after post-hoc analysis. Tutor= Chat with human-tutor, Text= Text-based LLM, Voice= 

Voice-based LLM. 

Discussion 

This study examined the effectiveness of chat-based grammar learning for junior 

high school students with and without learning difficulties, focusing on how social pres-

ence and technological affordances shape performance and experience. As hypothe-

sized, students without learning difficulties outperformed their peers on grammar tasks. 

However, both groups reported similar subjective experiences, suggesting that per-

ceived learning may not align with actual performance. This inconsistency (having sim-

ilar patterns, but unequal performance) emphasizes the importance of exploring social 

presence in chat based learning for students with learning difficulties, with the objective 

of creating adequations that supports their learning advances.  

When students interacted with human tutors showed greater task persistence than 

when using text-based GenAI. Contrary to expectations, interaction mode did not pre-

dict the number of prompts used or task success. Human-tutor chat also elicited higher 

cognitive load, while text-based GenAI induced greater variability in cognitive load. 

These results may reflect deeper engagement with the human tutor, sustaining cognitive 

demand over time, having more cognitive load but not more variability. Further anal-

yses are needed to control time investment per task, thus confirming this interpretation. 

Unexpectedly, voice-based GenAI was not the most effective condition [21, 25]. A 

qualitative analysis of eye-tracking data and post-task interviews was conducted to un-

derstand these results. The follow-up analysis revealed that most students (n= 30) strug-

gled with the voice-based chatbot, which failed to respond to their inquiries despite 

multiple attempts. Visual pattern analysis indicated that students with academic diffi-

culties were less likely to overcome these setbacks. Unlike their peers, they did not 

attempt to rephrase questions and often misinterpreted positive chatbot cues (e.g., "per-

fect", "no problem") as indicators of task completion. This pattern can be explained as 

having poorer metacognitive skills to critically evaluate whether the solution proposed 

by the LLM was sufficient [26]. A human tutor might can be more skilled in detecting 

these behavioral nuances and encourage task persistence. GenAI learning tools can be 

tailored to adapt to individual cognitive and affective needs. Notably, future research is 

planned to explore gaze patterns and system interactions systematically, to train large 

language models to better support diverse learners. 

In terms of perception, students rated human-tutor chat as more trustworthy and con-

fidential than both GenAI LLM, aligning with social presence theory[12]. While task 

success predicted satisfaction, trust, confidentiality and intention to use did not. These 

results point to a preference for human-mediated learning when emotional and motiva-

tional needs are high.   

GenAI chatbots can assist human-tutors as a complementary learning tool, mimick-

ing the functions of an ITS. However, students still perceive human-tutors as more 

trustworthy. Thus, integrating GenAI into education still requires human-tutor 
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oversight to address students' emotional, motivational, and social needs [21]. Human-

tutors can use this study's chatbot prompts to enhance students' language learning while 

fostering problem-solving skills.  

A key limitation of this study is the lack of specificity regarding students' learning 

difficulties. While avoiding labels may support social inclusion [20], identifying the 

nature of learning challenges could clarify why performance differences were not ob-

served despite comparable experiences, particularly in language learning. Nonetheless, 

the findings offer insights into learning patterns among students with difficulties and 

show the need for further research in this area. Future studies should explore domain-

specific interaction designs and tailor GenAI support for specific learning needs.  

This study demonstrates that social presence and technological affordances shape 

chat-based language learning experiences. As one of the first studies to examine LLMs 

in K-12 education, it shows that human tutors promote greater task persistence, trust, 

and perceived confidentiality that voice and text-based LLMs. However, task success 

did not differ significantly across conditions, suggesting that LLMs may still hold po-

tential as learning supports.  

Findings also indicate that enhancing LLMs social presence through personalization 

and adaptive feedback, may improve their effectiveness. For now, educators can em-

ploy LLMs as complementary tools under teacher supervision to meet diverse learner 

needs.  
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Abstract.  Over the past two decades, the NeuroIS community has evolved from 

self-training in neuroscientific methods to systematically integrating these tech-

niques into PhD education. This transition has fostered a second generation of 

researchers with structured training in neurophysiological tools, ensuring deeper 

methodological expertise within the field. However, despite these advances, the 

number of proficient NeuroIS scholars remains limited, and the broader IS disci-

pline still lacks widespread understanding of these methods and related research 

approaches. This panel will reflect on key success factors in building the NeuroIS 

community and explore strategies for expanding training efforts beyond mentor-

ship-based models. Additionally, the discussion will address how AI-driven ad-

vancements are transforming neuroscientific analysis, requiring both early-career 

and senior researchers to continuously upskill. Panelists will examine how the IS 

community can leverage AI innovations to enhance neurophysiological research, 

strengthen methodological adoption, and position NeuroIS at the forefront of in-

terdisciplinary scientific progress. 
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Introduction 

As a community of NeuroIS researchers, we have made significant strides in equipping 

ourselves with the theories and tools of neuroscience. Many of us did not initially train 

in neuroscience, and much of what we have learned was acquired post-PhD—particu-

larly for those who pioneered the NeuroIS field. Our expertise has been shaped through 

conferences, collaborations, training courses or workshops, and peer exchanges, 

demonstrating a strong collective commitment to mastering new techniques and meth-

odologies. 

 

Now, almost 20 years into this journey, we have transitioned from self-training to sys-

tematically integrating neuroscientific methods into PhD education. Over the past dec-

ade and a half, we have trained a new generation of PhD students, enabling them to 

develop these competencies during their doctoral studies and apply them in their re-

search (vom Brocke et al, 2020). Early on, we even authored our own textbook to in-

troduce new researchers and PhD students to the field of NeuroIS (Riedl and Léger, 

2016). As a result, our community now includes a vibrant cohort of this second gener-

ation of faculty members who were introduced to NeuroIS tools and techniques early 

in their academic training careers. This marks a significant milestone: for the first time, 

we have a generation of researchers inherently skilled in these methods—trained not 

predominantly through ad hoc learning or self-taught learning and training through spe-

cific neuroscience courses such as the brain imaging workshop at the MGH Martinos 

Center in Boston, but through structured academic mentorship within our own commu-

nity. This second generation of trained NeuroIS faculty is now actively contributing to 

training a new wave of researchers, equipping them with the skills to master these tech-

niques. 

 

Nevertheless, we must acknowledge the current reality: the number of researchers truly 

proficient in NeuroIS methodologies remains relatively small compared to the broader 

Information Systems community. Training ourselves and others in these methods is a 

complex and demanding task, and thus far, training new faculty in NeuroIS has been 

limited in scope. Even within our community, the depth of mastery across various tech-

niques remains uneven. A few years ago, our review of the first decade of NeuroIS 

research revealed that specific tools (predominantly those related to the measurement 

of the autonomic nervous system) have had a stronger presence in the literature, while 

others such as functional Magnetic Resonance Imaging (fMRI) or functional Near-In-

frared Spectroscopy (fNIRS) have remained largely underutilized (Riedl et al, 2020, 

Balapour and Riedl 2025). Some methodologies have gained significant traction, shap-

ing the field, whereas others have barely impacted the IS research corpus.  

 



329 

As a community, we must reflect on whether and how we should expand the dissemi-

nation of these methodological insights beyond our immediate field. Broadening aware-

ness within the broader IS discipline is crucial, not only to train more researchers in 

NeuroIS, but also to ensure that editors and reviewers develop a solid understanding of 

these tools. This is essential for them to fairly and accurately assess the contributions 

of NeuroIS research, ultimately strengthening the recognition and integration of our 

work within the broader academic landscape (Riedl et al. 2014). 

 

At the same time, new challenges are emerging, and advancements in artificial intelli-

gence are opening new opportunities in the neuroscientific field (LeCun and Bengio, 

2015; Fellous et al., 2025). These developments introduce novel techniques and en-

hance the analytical potential of brain imaging methods such as EEG, fMRI or fNIRS. 

However, those methods are also hungry for data, which brings further challenges into 

the experimental world of NeuroIS. As a result, even the first generation of NeuroIS 

researchers must continue to upskill, refining their expertise to integrate these evolving 

approaches. The growing intersection of AI and neurophysiological research holds sig-

nificant promise, offering more sophisticated analysis techniques that could further ex-

pand the impact of NeuroIS in the broader IS discipline and beyond. 

Panel Discussion Topics 

Panelists will be asked to discuss their perspectives on the following questions:  

 
1. Since the genesis of NeuroIS in 2007, our community has successfully transitioned from 

self-training in NeuroIS methodologies to systematically integrating these techniques into 

PhD education. What key success factors have contributed to our growth and the establish-

ment of a thriving NeuroIS community? Looking back, what could we have done even better 

to further accelerate the adoption and dissemination of NeuroIS methods within the IS field? 

What have we done right, and where could we have improved? 

 

2. Looking ahead, how can we expand NeuroIS training to a larger community for researchers 

and editors and reviewers? What systematic approaches can we implement to ensure that 

training in NeuroIS methods moves beyond a boutique, mentorship-driven model, where 

each researcher individually trains new students, to a more structured, community-wide ef-

fort? How can we collaboratively develop standardized tools, techniques, books, and video 

learning series to train the next generation of NeuroIS scholars more effectively, efficiently, 

and at scale? 

 
3. With AI-driven advancements revolutionizing neuroscientific analysis, what key skills and 

competencies should current and future NeuroIS scholars prioritize to stay at the forefront 

of methodological innovation? How can we upskill our community to effectively integrate 

AI advancements in neuroscience? Given our background in IS, do we have an inherent 

advantage in leveraging AI, and could we even play a role in driving new advancements at 

the intersection of AI and neuroscience? 
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Panel structure, participants, and outcomes 

The session will feature a moderator (Adriane B. Randolph) and five panelists, each 

selected for their specialized knowledge and diverse perspectives on the discussion 

themes. The agenda for the panel is structured as follows: 

 

Proposed Session Breakdown (90 minutes total) 

 

¶ Introduction to the session’s objectives and structure (5 minutes) 

¶ Panelist insights (8 minutes) 

¶ Facilitated discussion (30 minutes) 

¶ Audience engagement (10 minutes) 

¶ Open floor for attendees to ask questions and contribute to the discussion 

¶ Closing remarks and future directions (5 minutes) 

¶ Summary of key takeaways  

 

We aim for this panel to provide direction on the future of NeuroIS training. 
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