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Abstract. On the 10th anniversary of the NeuroIS field, we reflect on accomplishments but, 

more importantly, on the future of the field. This commentary presents our thoughts on a future 

NeuroIS research agenda with the potential for high impact societal contributions. Four key 

areas for future information systems (IS) research are: (1) IS design, (2) IS use, (3) emotion 

research, and (4) neuro-adaptive systems. We reflect on the challenges of each area and 

provide specific research questions that serve as important directions for advancing the 

NeuroIS field. The research agenda supports fellow researchers in planning, conducting, 

publishing, and reviewing high impact studies that leverage the potential of neuroscience 

knowledge and tools to further information systems research. 
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Introduction 
 

At the 2007 ICIS (International Conference on Information Systems), Dimoka, Pavlou, & 

Davis (2007) coined the term “NeuroIS” and initiated—together with other scholars who 

presented research at the nexus of IS and neurobiology in the context of the 2007 ICIS 

conference—a new subfield by “applying cognitive neuroscience theories, methods, and tools 

                                                
1  Cite as: vom Brocke, J., Hevner, A., Léger, P.M., Walla, P., Riedl, R. (2020), Advancing a 
NeuroIS Research Agenda with Four Areas of Societal Contributions, in: European Journal of 
Information Systems (EJIS), forthcoming. 



in Information Systems (IS) research.” (For a description of the genesis of NeuroIS, see Riedl 

& Léger (2016, pp. 73-74)). In NeuroIS studies, neurophysiological data are typically 

collected in combination with self-reported data to study existing systems’ use and impact, as 

well as to inform the design of new systems; hence contributing to both behavioral and 

design-oriented IS research (Dimoka et al., 2012; Loos et al., 2010; Riedl, Banker, et al., 

2010). In this new strategy of inquiry, researchers use data from the human body to measure 

the effects of human interactions with technology more directly; revealing the mechanisms 

underlying human behavior, particularly affective and other non-conscious processes 

(Dimoka, Pavlou, & Davis, 2011; Riedl & Léger, 2016; vom Brocke & Liang, 2014). The 

influence of non-conscious processes on human beliefs, attitudes, intentions, and behavior is 

well documented in the field of neuroscience where empirical research has shown the 

effectiveness of physiological measurement tools (e.g. Rugg et al., 1998). Even human self-

awareness has been shown to consist of non-conscious aspects (Walla, Greiner, Duregger, 

Deecke, & Thurner, 2007) and, thus, it seems logical to apply neuroscience tools to 

investigate constructs relevant to IS research. 

 

Early studies in NeuroIS demonstrate both behavioral science and design science research 

objectives. Dimoka (2010) investigates the concepts of trust and distrust in IS. The study 

shows that trust and distrust are associated with separate brain areas (trust with the striatum 

and distrust with the amygdala and the insula), challenging the previous understanding of 

trust and distrust as the two ends of one construct. Based on neuroscience evidence, today it 

is an established fact that trust and distrust are two separate constructs (Riedl & Javor, 2012). 

To improve IS design, vom Brocke, Riedl, & Léger (2013) identify three strategies with 

which to apply neuroscience in design science research (DSR) by adapting existing 

neuroscience theory to inform IS design (without using neuroscience tools), using 

neuroscience tools to evaluate IS design, and applying neuroscience theory and tools to 

develop neuro-adaptive IS (i.e. systems that automatically adapt in real time based on users’ 

neurophysiological states to improve human-computer interactions). For a concrete example, 

see Astor, Adam, Jerčić, Schaaff, & Weinhardt (2013).  

 

Over the past decade, the field of NeuroIS has developed rapidly and has made major 

achievements. Foundational papers, such as those of Riedl, Banker, et al. (2010) and Dimoka 

et al. (2012), provide important conceptual groundwork and help conceptualize NeuroIS as a 

discipline. Annual events attract eager researchers, such as the NeuroIS Retreat, which began 



in 2009 as an academic conference that focuses exclusively on NeuroIS (neurois.org). Special 

issues on NeuroIS have been published in leading journals in the field, including the Journal 

of the Association for Information Systems (JAIS) and the Journal of Management 

Information Systems (JMIS). Highly cited papers on how to conduct NeuroIS studies have 

been published: including articles on NeuroIS methods (Dimoka, 2012; Dumont, El 

Mouderrib, Théoret, Sénécal, & Léger, 2018; Fischer & Riedl, 2017; Gefen, Hasan, & 

Onaral, 2014; Hubert et al., 2017; Müller-Putz, Riedl, & Wriessnegger, 2015; Riedl, Davis, & 

Hevner, 2014; vom Brocke & Liang, 2014); new analysis techniques specifically designed for 

IS research (Courtemanche, Fredette, et al., 2018; Courtemanche, Léger, et al., 2018; Léger et 

al., 2014); and a plethora of studies on IS phenomena that apply neuroscience theory, 

methods, and tools (for a review see Riedl, Fischer, & Léger, 2017). 

 

The 10th anniversary of the NeuroIS field offers us an opportunity to reflect on the field’s 

status in order to identify directives for future research. We began the process by conducting 

a panel discussion with 40 audience members at the 2017 NeuroIS Retreat. The panel was 

entitled “NeuroIS 2007 – 2017: Hot Topics and the Future of NeuroIS” with the author team 

as panelists. Panelists were asked to present their views in three rounds of major 

achievements of the field so far, current themes and challenges to further development of the 

field, and directives and pathways for the future. In each round, they were asked to reflect on 

relevant topics, methodologies, and the discipline itself. The panelists focused on their areas 

of expertise and what they found most important to discuss; so not every panelist necessarily 

covered all three aspects per round. The panel took one hour and was followed by half an 

hour open discussion with the audience. Both panelists and the audience recognized the 

achievements of the field during the past decade, but also expressed that it is about time to 

start a new era of NeuroIS research. While the first decade naturally was about establishing 

the field and its foundations, the next decade should be more about contributing to solutions 

of contemporary problems relevant to society.  

 

In the vein of Grand Challenge research (Becker, vom Brocke, Heddier, & Seidel, 2015; 

Kappelman, McLean, Luftman, & Johnson, 2013), the goal of this commentary is to distill 

the panel discussions in order to present selected NeuroIS research areas that show 

particularly high potential to make important contributions to society. In each of these areas, 

research questions can guide the community in selecting research topics that are adaptable to 

NeuroIS methods as well as to further grow and develop the NeuroIS community. Research 



on grand challenges and key questions of scientific disciplines has a long tradition and has 

been discussed in the Information Systems field (Brancheau, Janz, & Wetherbe, 1996; 

Dickson, Leitheiser, Wetherbe, & Nechis, 1984; Niederman, Brancheau, & Wetherbe, 1990). 

There are different approaches to identifying grand challenges, including conferences, 

summits, workshops, or, indeed, Delphi studies (Becker et al., 2015). In the field of 

engineering, for instance, Bhatia (2013) summarizes the results of the ‘‘Global Grand 

Challenges Summit’’ held at the Institution of Engineering and Technology Conference in 

London in 2013 on challenges for Engineering and International Development. In Medical 

Science, He, Baird, et al. (2013) summarizes the results of the discussion on grand challenges 

in interfacing engineering with life sciences and medicine, held during the first IEEE Life 

Sciences Grand Challenges Conference in 2012. Further, He, Coleman, et al. (2013) present 

the results of a discussion (three grand challenges on engineering and mapping the brain) at 

the NSF Workshop on Mapping and Engineering the Brain in 2013.  

 

Thus, for NeuroIS, we build on the presentations and discussions from the panel on the 2017 

NeuroIS Retreat. Further, we have conducted multiple rounds of further refinement and 

discussions among the team of authors, converging on four grand challenge areas for the next 

decade of NeuroIS research together with a set of operational research questions in each area. 

Then, we discuss how the four areas relate to one another. Finally, we show how the four 

grand research areas can guide research, education, industry outreach, and community 

building for the next generation of NeuroIS research.  

 

Four Grand Research Areas for NeuroIS Research 
 

Several conceptual articles propose topical research areas for NeuroIS. For example, Dimoka 

(2010) differentiates topics (based on Sidorova, Evangelopoulos, Valacich, & Ramakrishnan, 

2008) on the individual, group, organizational, and market levels. Given the strategy of 

drawing on the measurement of the human nervous system, topics on the individual level, 

such as stress, are considered particularly suitable for NeuroIS. Researchers also argue that 

insights on the other levels can be gained from individual measurements and measurement 

devices. For example, fitness bracelets and smartwatches collect data in authentic 



environments (e.g. real-world offices), including data with which to measure groups in 

organizations and customers (e.g. Fischer & Riedl, 2016). 

 

Riedl & Léger (2016) analyze topic areas in the empirical NeuroIS literature, concluding that 

“since the inception of NeuroIS in 2007, numerous IS topics have been proposed in research 

agendas and discussion papers that are suitable for investigation through a neuroscience 

approach. A number of these topics have been empirically investigated […,] providing 

support for the practical usefulness of the NeuroIS candidate topics suggested in early non-

empirical articles” (p. 77). Major topics of NeuroIS, as outlined by Riedl & Léger (2016), 

include technology acceptance and use, online trust, human-computer interaction, electronic 

commerce, website design, and technostress. 

 

In this commentary, we articulate the position that NeuroIS should increase its contributions 

to real-world phenomena. Drawing from calls for the IS community to contribute to 

addressing societal and economic challenges (Te’eni, Seidel, & vom Brocke, 2017; vom 

Brocke, Watson, Dwyer, Elliot, & Melville, 2013), we propose that NeuroIS should 

contribute more, and more directly, to solving such challenges in order to demonstrate its 

relevance. Specifically, NeuroIS research should demonstrate that through neuroscience 

knowledge and tools, new insights can be gained, which cannot be gained otherwise (vom 

Brocke & Liang, 2014). The panel identifies the following areas for NeuroIS to make high 

impact contributions: (1) IS design, (2) IS use, (3) emotion research, and (4) neuro-adaptive 

systems.  

Information Systems Design  
 

Human progress occurs when creative ideas are realized in design artifacts (products and 

services) and markets are formed to produce, trade, and use these artifacts in efficient and 

effective ways. While past thinking considered inspiration and invention as the (somewhat 

arbitrary) products of great minds, the growing field of neuroscience is advancing our 

understanding of how the human brain generates new ideas and instantiates them into reality 

and human use. At the same time, the information revolution has radically changed how we 

view and interact with the world. As a result, we have reached the point at which the fields of 

neuroscience and information technology (IT) can collaborate to identify and frame 



fundamental questions about the relationships among creativity, design, science, technology, 

innovation, and research, as well as human well-being. The goals of such studies should 

include the development of new neuroscience models of creativity, new paradigms for 

designing IT artifacts, novel approaches for education to optimize creative design thinking, 

and the development of creativity-enhancing IT tools for specific application domains. 

 

Significant opportunities exist for new research directions in the synergy between NeuroIS 

and design. We contend that the IT artifact is under-researched and under-appreciated in 

NeuroIS (vom Brocke, Riedl, et al., 2013). The study of IT and IS in various socioeconomic 

contexts is predicated on deep knowledge about the artifacts in use. In their insightful essay, 

Orlikowski & Iacono (2001) argue that while the IT artifact is the core subject matter of IS 

research, it is too often taken for granted and treated as a passive black box for study. They 

challenge the IS community to engage more deeply and seriously with the “multiple, 

emergent, and dynamic properties” of the IT artifact. Similarly, we challenge the NeuroIS 

community to incorporate design science research (DSR) methods and thinking into their 

research goals and methods in new ways. 

 

DSR aims to generate prescriptive knowledge about the design of IS artifacts, such as 

software instantiations, methods, models, and constructs (Hevner, March, Park, & Ram, 

2004), and two types of contributions are identified: contributions to design artifacts and 

contributions to design theory (vom Brocke & Maedche, 2019). While contributions to design 

artifacts are made through conducting design processes in search of solutions to problems 

(Hevner et al., 2004), contributions to design theory are made through theorizing about such 

processes (Gregor & Jones, 2007). Both contributions relate to one another in many ways, in 

that, for instance, contributions to design artifacts are informed by design theories (as well as 

kernel theories), and design processes provide data to derive design knowledge in form of 

design theories (Gregor & Hevner, 2013). Recent thinking has proposed a model identifying 

six modes of producing and consuming design knowledge in DSR projects (Drechsler & 

Hevner, 2018; vom Brocke, Winter, Hevner, & Maedche, 2019).  

 

Many critical cognitive and affective functions are involved in developing and operating such 

artifacts. Vom Brocke, Riedl, et al. (2013) were the first to present ideas on how to integrate 

NeuroIS with DSR. They identify three integration strategies to apply NeuroIS theories to 

inform the design of IS artifacts, NeuroIS methods and tools to support the evaluation of IS 



artifacts, and NeuroIS methods and tools to build neuro-adaptive IS artifacts. Riedl & Léger 

(2016) outline “ten contributions available from the application of neurobiological 

approaches to IS research and practice” (p. 12), five of which “have a design science 

(engineering) focus” (p. 19). They state five opportunities for contributions as follows (p. 20): 

• The neuroscience literature can inform the design of IT artifacts, as well as IS 

investigations in general (e.g. by motivating behavioral experiments), and can do so 

without the application of neuroscience methods and tools. 

• Brain activity or any other implicit physiological or behavioral phenomena can be 

used to inform IT artifact evaluation. 

• Biological states and processes can be used in real time to design adaptive systems 

that may positively affect practical and relevant outcome variables, such as health, 

well-being, satisfaction, and productivity. 

• Provision of real-time information on a user’s own biological state (e.g. stress), based 

on a specific physiological indicator (e.g. skin conductance), constitutes an important 

foundation for a user to consciously control the physiological indicator. Such 

biofeedback systems may have positive effects on outcome variables, such as health 

or performance. 

• Electrophysiological measures of brain function can be used to replace input devices 

(e.g. mouse or keyboard) in human-computer interaction, which may positively affect 

outcome variables, such as enjoyment (e.g. in the context of video games) or 

productivity (e.g. in the context of enterprise systems). 

Although Riedl, Davis, Banker, & Kenning (2017) present an approach that elaborates on the 

first opportunity for research contributions, contemporary NeuroIS research has not 

substantially studied the other four opportunities. Here we expand on synergies between DSR 

and NeuroIS. 

 

The DSR cycle comprises building and evaluating, both of which involve many cognitive and 

affective processes. Building entails three central processes (Hevner, Davis, Collins, & Gill, 

2014). First, understand and represent the problem by capturing the problem space and 

managing complexity. Second, construct design candidates by creatively producing novel 

designs. Finally, select the best design candidate to build by the use of reasoning and 

judgment to narrow the range of candidate designs.  

 



Evaluating also involves three central processes (Hevner et al., 2014). First, define the 

goodness criteria for a satisfactory solution to the problem (problem utility function and 

multi-criteria evaluation) (Gill & Hevner, 2013). Second, design or select evaluation methods 

to gather evidence of goodness (to include NeuroIS studies). Third, analyze the results to 

define DSR contributions and to evaluate user experience (UX) and satisfaction. At the same 

time, redefine the problem for the next DSR cycle. 

 

Neuroscience research provides a rich knowledge base for understanding and applying the 

cognitive and the affective functions required in building and evaluating activities. For 

example, consider the following aspects as critical points in the DSR process: 

• Structuring the problem. What cognitive and affective functions address the 

complexities of the problem space? How does the brain search the problem statement 

for potential solution patterns while finding effective representations of the problem 

structure? 

• Producing novelty. How does the brain explore the potential solution space and create 

new ideas to produce innovative design candidates?  

• Managing refinement. How does the brain control the assessment of candidate designs 

and search for the best designs to instantiate as artifacts for human use? 

• Achieving consensus. How do the design team members collaborate with one another 

and with the design stakeholders throughout the design process? How are mental 

models of the problem space and the solution space shared among the design team 

members? 

 

Future NeuroIS research should investigate how to advance our knowledge of IS design and 

evaluation activities by improving our understanding of the neurophysiology related to such 

activities. Doing so involves analyzing extant knowledge from neuroscience and studying 

how it can be applied to inform the activities related to IS artifact build and evaluation. 

Researchers will conduct additional empirical studies to complement existing knowledge, 

specifically accounting for IS design, such as by addressing their complexity and dynamics. 

Then, they will design artifacts to support the build and evaluation activities that take the 

related findings into account. 

 



To conclude, we identify the following research questions, which serve as key challenges in 

order to make high impact societal contributions in DSR and NeuroIS: 

 

How do humans understand complex problems, and what is the best way to manage the 

complexity? The ability to understand and plan solutions to complex problems has 

limitations, so we must advance from planning and prediction to controls and emergence 

(Hevner, 2017). Possible answers to these questions focus on rapid design cycles with key 

controls, such as scope boundaries and feedback loops. 

 

What is a good artifact? In the problem definition phase, how do we define and measure a 

satisfactory solution? We require a more complete understanding of rich, multi-criteria utility 

functions (Gill & Hevner, 2013), so we can rank design candidates and make well-informed 

decisions about which designs to build and evaluate. Rich utility functions also provide 

guidance on the selection of evaluation methods with which to gather evidence (data) for 

analyses. Research from decision neuroscience, a field that has existed for approximately 15 

years and has built a substantial knowledge base, can inform future NeuroIS research 

activities in this domain (e.g. Kalenscher, Ohrmann, & Güntürkün, 2006; Naqvi, Shiv, & 

Bechara, 2006; Sanfey, 2007; Trepel, Fox, & Poldrack, 2005). Startle-reflex modulation (e.g. 

Walla & Koller, 2015) provides a measure of raw affective processes outside consciousness. 

This approach can be used to form a better knowledge of human judgment and decision in IS 

design contexts. 

 

How (and why) do designers approach design problems differently? Designers can follow 

diverse paths to address the same design problem but cannot explain why. Understanding the 

reasons for these differences in approach could help us attain a better fit between designers 

and the types of problems we give them, since different types of design problems might be 

better served by different design styles. Research on the neurophysiological correlates of 

creativity can inform future NeuroIS research activities in this domain. Because the 

integrative study of creativity and neuroscience started decades ago—see, for example, the 

Dietrich (2004) seminal review of the literature 15 years ago—NeuroIS scholars have a rich 

body of research from which to draw. (See also the Baas, Nijstad, & De Dreu, 2015 editorial 

on cognitive, emotional, and neural correlates of creativity and the other references cited in 

that paper.) 

 



What stopping rules do designers use in the design process to move design candidates from 

the problem space to the solution space and to move artifacts from the internal environment 

to the application environment (Browne & Pitts, 2004)? Considerable time and effort are lost 

in useless brainstorming and evaluations of designs that are not feasible or are clearly sub-

optimal. Browne & Walden (2011) report on a NeuroIS study on information search and 

stopping on the Web. Specifically, they use EEG measures to examine the changes in the 

cortical regions and cortical rhythms that occur when people stop their information search. 

They argue that stopping behavior is related to several constructs such as information 

overload or other cognitive processes (the user is not learning anything new, etc.), several of 

which have been studied in neuroscience. Thus, drawing upon this literature can be 

informative for IS design science researchers. 

 

Since the make-up of a design team has a significant influence on the resulting design 

artifacts produced, how do issues such as trust/distrust, diversity, and personality traits (e.g. 

Big-5-Model, Goldberg, 1992) impact the collaborative performance of design teams? 

Understanding these collaboration challenges will help in forming and training effective 

teams. NeuroIS scholars should draw on the rich body of literature on the neural correlates of 

trust and distrust (for a review, see Riedl & Javor, 2012) and consider evidence from social 

neuroscience, which investigates the neural correlates underlying human social interaction 

(e.g. Adolphs, 2003; Adolphs, 2010; Cacioppo, Bernston, Sheridan, & McClintock, 2000; 

Lieberman, 2007). Objective design and product evaluation techniques can be used to 

complete subjective design judgments (e.g. Geiser & Walla, 2011; Grahl, Greiner, & Walla, 

2012). 

 

Information Systems Use 
  

As Montag & Walla (2016) state in the abstract of their article about digital overuse, “It is not 

too late, but [it is] about time to realize how damaging IT overuse can be” (p. 1). Research on 

the effects of using digital communication devices and the Internet in general is important 

because empirical evidence points out negative consequences of IT use (e.g. Sariyska et al., 

2014). From a neuroscience perspective, it seems clear that the biologically normal 

interpersonal communication that evolved over millions of years (e.g. Kock, 2009; Riedl, 



Mohr, Kenning, Davis, & Heekeren, 2014) could become heavily reduced, if not destroyed, 

in only one generation. Smartphones and other IT devices are fantastic inventions that enrich 

our lives, but similar to other developments that are meant to make life easier, save time, and 

increase well-being, IT products can also do the opposite, a phenomenon referred to as the 

paradox of progress (Brynjolfsson, 1993). Not only could our social lives be damaged 

(Montag, Blaszkiewicz, et al., 2015), but our productivity could be downsized (Montag & 

Walla, 2016).  

 

In addition to technostress (e.g. Riedl, 2013; Riedl, Kindermann, Auinger, & Javor, 2012; 

Tams, Hill, Ortiz de Guinea, Thatcher, & Grover, 2014), a well-studied phenomenon in IS 

research (for a review, see Fischer & Riedl, 2017), Internet addiction has become an 

important topic for study (Camardese, Leone, Walstra, Janiri, & Guglielmo, 2015; Montag, 

Duke, & Reuter, 2015; Sha, Sariyska, Riedl, Lachmann, & Montag, 2019; Turel, Serenko, & 

Giles, 2011; Young, 1998). Although not yet officially recognized with a full set of 

diagnostic criteria, Internet gaming disorder appears in the fifth edition of the Diagnostic and 

Statistical Manual of Mental Disorders. Moreover, Agogo & Hess (2018) present a review of 

negative affective responses to technology use, substantiating the significance of the IT 

(over)use topic in the IS discipline. According to Montag & Walla (2016), the cure is to “look 

into each other’s eyes and begin to spend more quality time with our loved ones outside in 

nature instead of staring at digital devices” (p. 1). 

 

A phenomenon related to stress and physiological activation is that information systems can 

impose time pressure through various urgency cues. This time pressure, as shown by Riedl 

and colleagues in a human-computer interaction context, may significantly affect activation 

of the autonomic nervous system, thereby influencing cognitive appraisal of a situation and 

subsequent behavior (Riedl, Kindermann, Auinger, & Javor, 2013). One example domain in 

which time pressure plays a dominant role is cybersecurity, in particular when users have to 

work against deadlines (Anderson, Vance, Kirwan, Eargle, & Jenkins, 2016). 

 

Based on these examples, it is clear that NeuroIS has an opportunity to further investigate 

cognitive as well as affective effects of IS use. This can inform choice on when and how to 

use IS. For instance, there is a growing discussion on IS use in schools. Research has shown 

that overuse of IT has a negative impact on the quantity and quality of face-to-face 

communication (Drago, 2015). Nie & Erbring (2002) find that the more time people spend on 



the Internet, the more they lose contact with their social environment. In that regard, Uhls et 

al. (2014) study preteens who could not engage with screens for five days and how they then 

could better recognize facial expressions compared to a control group that had access to 

screens during the same period. Results indicate that increased opportunities for social 

interaction, combined with time away from screen-based media and digital communication 

tools, significantly improves preteens’ understanding of nonverbal emotional cues. Walla & 

Lozovic (2019) conduct a NeuroIS pilot study based on a sample of digital natives and 

investigate the effects of reading from a mobile device, listening to an audio recording, and 

listening to an actual person who reads aloud. The results indicate that listening to an audio 

recording and listening to a real person is more pleasant than reading alone. However, 

listening to a person reading aloud results in the most negative subcortical raw affective 

physiological responses in digital natives. 

 

Despite accumulating scientific evidence on the negative consequences of digital overuse, 

stakeholders still do not seem to plan anything that will maximize well-being and minimize 

health and economic problems. Regardless of the powerful IT lobby, eventually, this paradox 

of progress will capture the interest of industries and governments, and NeuroIS research can 

provide data and evidence to inform such discussions. This aspect of NeuroIS research 

assigns the IS community the important role of suggesting strategies to maintain human well-

being by promoting biologically normal interpersonal communication. Because the IS 

discipline is legitimized by the positive effects of IT use (e.g. increased access to information, 

more communication possibilities, elevated performance and productivity), IS investigations 

into the negative effects of IT use and the ubiquity of digital devices are particularly 

important and credible.  

 

Further, disciplines publish quality investigations in their top-rated outlets, not publications 

that have the potential to undermine the disciplines’ legitimacy. And because IS scholars 

(unlike most of their peers in other disciplines, such as psychology or medicine) deal not only 

with empirical investigations of the effects of IT use, but also with designing and 

implementing systems, the IS community is in an ideal position to be the dominant research 

arm in the development of interventions—both technological (e.g. stress-sensitive adaptive 

enterprise systems; see Adam, Gimpel, Maedche, & Riedl, 2017) and non-technological (e.g. 

break designs for IT users in organizational settings; see Boucsein & Thum, 1997; Galluch, 

Grover, & Thatcher, 2015). Finally, since the IS discipline through its research fuels the use 



of IT in business and society, the study of IS use is not only an opportunity but also a 

responsibility of our field. NeuroIS research can help to make important societal 

contributions in this regard.  

 

We identify the following research questions, which serve as grand challenges in order to 

make high impact societal contributions to IS Use (and IS Overuse) through NeuroIS: 

 

How does the use of digital communication devices impact our task completion, 

performance, and/or productivity? They are meant to contribute to task completion and 

performance and save time, but is this really the outcome? There are definitely benefits 

related to IT usage (e.g. Brynjolfsson & Hitt, 2000; Keeney, 1999; Mata, Fuerst, & Barney, 

1995; Melville, Kraemer, & Gurbaxani, 2004). However, accumulating empirical evidence 

suggests that due to several addictive functions digital communication devices make us spend 

more time on using them than initially planned. Recent evidence indicates that, in particular, 

technology-mediated interruptions may have severe negative consequences (e.g. work 

exhaustion) (Addas & Pinsonneault, 2015; Chen & Karahanna, 2018; Galluch, Grover, & 

Thatcher, 2015; Tams, Thatcher, & Grover, 2018). It follows that today we already know that 

digital communication devices may also have severe negative consequences (paradox of 

progress). Yet, the specific mediating mechanisms related to users’ cognition and emotion are 

largely unknown and hence future NeuroIS research may significantly contribute to a better 

understanding of why and how these negative effects occur. 

 

How does digital communication’s inability to send the full range of non-verbal signals affect 

communication goals? Digital communication is rather limited in its inclusion of non-verbal 

signals, which are very important to deliver a message between communication partners. 

Over millions of years before language came into existence, only non-verbal signals were 

used to communicate and even today, our brain is wired to send and to receive non-language-

related information. Unsurprisingly, this kind of information is mostly non-conscious. In the 

IS literature and beyond, under the label of Media Naturalness Theory (MNT), Kock (2004; 

2005; 2009) develops a sound theoretical basis to study the consequences of media use with 

varying degrees of naturalness where face-to-face communication is the benchmark as it is 

the natural mode of communication that developed over millions of years. NeuroIS 

researchers can draw upon these grounding theories and investigate the neurophysiological 

processes underlying these effects (e.g. accomplishment of communication goals), thereby 



uncovering important mediating mechanisms. Two IS brain imaging studies already draw 

upon MNT (Riedl, Mohr, et al., 2014; Walden, Cogo, Lucus, Moradiabadi, & Safi, 2018). 

However, more research must follow.  

 

How can digital communication devices be improved to achieve set communication goals? 

Knowing how detrimental the lack of various non-conscious, mostly non-verbal 

communication channels is in most situations, can we add features to our digital devices that 

are able to mimic non-verbal cues or even translate them directly through detecting them 

from the sender and the receiver? 

 

Does the use of digital devices negatively affect the development of social abilities? Over 

millions of years evolution has made humans the social species it presently is. Following the 

“use it or lose it” principle, can we predict that intense and long-term use of digital 

communication devices will destroy the human ability to detect emotional cues in 

conspecifics?  

 

Digital communication utilizes visual symbols to communicate feelings, the so-called emojis 

or emoticons. In face-to-face (analog) communication, emotions (e.g. actual facial 

expressions, speech prosody, body posture) communicate feelings (Walla, 2018). Can emojis 

replace real emotions and cause similar effects (as real emotions) on the receiver or are they 

not able to do so? Non-IS studies in this direction already exist (see, for example, a mini 

review by Aldunate & González-Ibáñez, 2017) and could be used as a basis for future 

NeuroIS research. 

Emotion Research  
 

Currently, not even the key players in emotion research agree on a basic set of emotions, 

which is not only disappointing but also academically frustrating. It is even stranger that the 

same scholars and all other active scientists start their papers by saying that no proper 

definition of emotion exists and no consensus has been reached on how to understand this 

topic. Because of this confusing situation, most authors do not dare to offer their own 

definitions of emotion; even if they do, the result is a complex view where emotion is usually 

used interchangeably with feeling. Surely, those terms deserve separate definitions. Since 



emotion-related phenomena (e.g. emotions in technology acceptance decisions or negative 

emotions that result from IT malfunction) are central to NeuroIS research, it is time to sort 

out these basic definitions in order to make progress and, in particular, to improve efficient 

communication of research results, new hypotheses, and constructs that matter to the 

community. 

 

NeuroIS has an opportunity to clarify the concept of emotion, because in comparison to long 

established and conservative stand-alone fields, it is a young and open-minded multi-

discipline (Information Systems and Neuroscience) area. It is open to new innovative 

concepts and, thus, it represents a better opportunity to change old and rigid constructs than, 

for instance, the emotion research community, which has struggled to come up with useful 

definitions for the terms emotion and feeling. Under the assumption that short and useful 

definitions are better than long and confusing definitions when communicating about 

emotion-related topics in the NeuroIS field, we propose to follow Walla (2018) on how to 

define emotion, affective processing, and feeling.  

 

Walla (2018) provides a comprehensive understanding on how cognitive processing (e.g. 

language) is separate from affective processing that can lead to emotions. Cognitive 

functions, such as the use of language, are cortical, while affective processes are subcortical. 

He proposes a brain function model as a basis on which to understand that subcortical 

affective processing (i.e. neural activity) guides human behavior from deep inside the brain, 

while feelings are consciously felt bodily responses that occur because of supra-threshold 

affective processing. It is those feelings that are communicated to others via emotions, which 

take the measurable form of behavioral output. For example, the degree to which an 

individual accepts a specific IT device or system is largely reflected in one`s affective 

processing (neural activity) that might elicit feelings that cause emotions communicated by 

behaviors such as facial expressions. We note that in neuroscience and to some extent also in 

NeuroIS the term behavior is used more broadly than in mainstream IS research where 

behavior is related to actual usage behavior. According to this model (see Figure 1), an 

emotion is simply a motor output (i.e. muscle contraction) in response to prior neural activity 

that codes for valence—in other words, pleasantness or preference. 

 

Explicit responses on NeuroIS-relevant topics can at best reflect feelings but not the 

underlying affective processes that cause them and that can finally be communicated via 



emotions. Verbally stated preferences are not necessarily reflective of affective processes that 

dominantly guide human behavior (e.g. usage of a specific IT device or system) via 

unconscious decision-making. Only objective measures can fully show the information 

processing that leads to behavioral adaptations. In IS research, for instance, Léger et al. 

(2014) investigate the role emotions play in using Enterprise Resource Planning Systems 

(ERP) systems. They show that both expert and novice users exhibit considerable 

electrodermal activity during their interaction with the ERP system, indicating that ERP use 

is an emotional process for both groups (note that increased electrodermal activity is typically 

a consequence of activity of the sympathetic part of the autonomic nervous system). 

However, the findings also indicate that experts’ emotional responses lead to their sourcing 

information from the ERP, while novices’ emotional responses lead to their sourcing 

information from other people. 

 
Figure 1: Neurobiological Brain Function Model Highlighting Differences between Cognitive 

and Affective Processing and the Different Nature of Feelings versus Emotions (Walla, 2018) 

 

We identify the following research questions, which serve as grand challenges in order to 

make high impact contributions in Emotion Research through NeuroIS: 

 

How do self-report measures differ from physiological responses? Assuming that people do 

not always do what they say (without lying); with respect to affective information processing, 

it appears helpful to combine self-reported with physiological data. Preference and 

technology acceptance as well as liking and positive attitude are all constructs that deeply 



engage affective processes in the brain. Language has only limited access to these primarily 

limbic processes and thus all experiments investigating such constructs should look for 

discrepancies between subjective self-reports and objective physiological data. 

 

Is a subjective self-report or is an objective physiological response a better predictor of 

human behavior? Under the assumption that self-reports reflect conscious decision-making 

while specific physiological responses are also involved in the decision-making process, it is 

intriguing to find out which of the two is more predictive of future behavior. 

 

Which IS constructs depend on affective information processing in the first place? The 

answer to this question will justify the need to follow rigorously a triangulation (multi-

methods) approach with a focus on collecting self-report data together with as many different 

physiological data as possible. 

 

Is the effect of product placement better evaluated with subjective or objective measures? For 

instance, evaluative conditioning has long been used to change products (e.g. IT devices) 

affectively in order to make them more appealing, but whether the effects of evaluative 

conditioning are better assessed with subjective or objective measures remains unanswered 

(Walla, Koller, Brenner, & Bosshard, 2017). 

 

Is startle-reflex modulation a reliable replacement for relatively expensive brain-imaging 

technologies (e.g. fMRI) in quantifying raw affective-information processing? During the last 

few years startle reflex modulation, a relatively unknown method, has been shown to provide 

very useful insights into non-conscious affective responses that often deviate from conscious 

self-report (e.g. Koller & Walla, 2015; Kunaharan, Halpin, Sitharthan, Bosshard, & Walla, 

2017).  

Neuro-adaptive Systems  
 

Neuro-adaptive systems are an outstanding example of what NeuroIS research is able to 

accomplish, which is to build systems that are sensitive to users’ affective and cognitive 

states (vom Brocke, Riedl, et al., 2013). Neuro-adaptive systems are conceptualized as 

sensor-actor networks that are sensitive to human neurophysiological states. Simple systems 



have already entered the market, for example, in the form of bracelets that use body data, 

such as heart rate and skin response, to trigger or adjust applications on a smartphone 

(Whelan, McDuff, Gleasur, & vom Brocke, 2018).  

 

Lux et al. (2018) review the literature for live biofeedback as a user interface design element.  

They draw from research in computer science, engineering and technology, information 

systems, medical science, and psychology to differentiate self-live biofeedback systems (that 

address the effects of live biofeedback on perception, behavior, and regulation of 

physiological activities within a person) from foreign-live biofeedback systems (that address 

social interactions between individuals).  

 

Riedl & Léger (2016) identify affective computing as a major NeuroIS reference discipline 

with the goal of assigning to computers the human capabilities of observation, interpretation, 

and generation of emotional features. An example from the stress domain illustrates the 

potential of neuro-adaptive systems. Riedl & Léger (2016) write:  

“IS design science research may benefit from neuroscience because engineering 

initiatives have already demonstrated that bio-signals indicating the cognitive and 

affective states of users (e.g., speech prosody, facial expressions, gestures, pupil 

dilation, skin conductance, or brain waves) may be automatically monitored by a 

system so that the system can dynamically adapt the GUI [graphical user interface] 

to the users’ states …. For example, a system may use skin conductance levels to 

recognize that a user is stressed (increased skin conductance) and adjust the 

interface in real time—reducing the user’s perceived level of stress by altering 

design elements (color, or the amount of information presented on the screen, for 

instance).” (p. 17) 

 

In research on the design, implementation, and evaluation of neuro-adaptive systems, 

NeuroIS scholars must not ignore the affective computing literature (e.g. Picard, 1997, 2003; 

Tao & Tan, 2005; Ward & Marsden, 2004). A particularly valuable source is IEEE 

Transactions on Affective Computing, a cross-disciplinary and international journal that is 

“aimed at disseminating results of research on the design of systems that can recognize, 

interpret, and simulate human emotions and related affective phenomena” 

(http://ieeexplore.ieee.org/). Since its inception in 2010, this outlet has been publishing both 

conceptual and empirical papers with high relevance to NeuroIS scholars. As an example, 



Calvo & D’Mello (2010) present an interdisciplinary review of models, methods, and 

applications on affect detection.  

 

Generally, the goal of neuro-adaptive systems is to make human interaction with digital 

devices less stressful and more enjoyable, thereby increasing user performance and 

productivity in human-computer interaction tasks (Byrne & Parasuraman, 1996; Picard, 1997; 

Riedl, 2009). Neuro-adaptive systems will become a common phenomenon in the future. 

They can be implemented in most digital devices, such as in smart cars and houses, in order 

to adjust services to the emotional states of users. As such, neuro-adaptive systems will have 

an important societal impact, e.g. for inclusion of disadvantaged members of our society. 

Neuro-adaptive systems could also serve as personal digital assistants to support healthier 

lifestyles wherein systems will provide feedback information on the neuro-physiological state 

of the user and advise on needed activities such as resting or exercising. In addition, data 

taken from these neuro-adaptive systems, in an anonymous and aggregated form, will 

increasingly be used in evidence-based medicine in order to analyze behavioral patterns in 

relation to healthcare issues and diagnoses. It is expected that through such data analysis, the 

medical field will make one of the next big leaps in terms of early indication of unhealthy 

behavior and corrective advice; ultimately saving lives, reducing cost of health care, and 

enhancing the quality of live.  

 

Despite the obvious research potential that neuro-adaptive systems hold for NeuroIS, their 

relevance to either academia or practice has rarely been described in the academic literature. 

To the best of our knowledge, the study by Astor et al. (2013), which develops and evaluates 

a neuro-adaptive system (specifically, a biofeedback system in a financial decision-making 

context) using an experimental approach, is the only example of a neuro-adaptive system 

published in an Association for Information Systems (AIS) basket-of-8 journal. However, we 

are starting to see IS researchers contributing to communities dedicated to the neuro-

adaptation domain (Labonté-LeMoyne, Courtemanche, Fredette, Léger, & Sénécal, 2017) and 

we also observe corresponding papers in the recent editions of the NeuroIS Retreat 

proceedings (Demazure et al., 2019).  

 

 



 
Figure 2: Conceptual Illustration of a Neuro-adaptive System (Riedl & Léger, 2016, p. 18) 

 

Figure 2 shows a conceptual illustration of a neuro-adaptive system, based on a human-

computer interaction situation (Riedl & Léger, 2016). We use this illustration as a foundation 

for the formulation of questions for future NeuroIS research in the area of neuro-adaptive 

systems and apply it to the context of technostress as a running example (for details, see the 

section entitled “Design Science and Engineering” in Riedl, 2013, pp. 43–45). The goal of the 

neuro-adaptive system in our example is to make human-computer interaction less stressful. 

It has been shown that various computer glitches (e.g. long and/or variable system response 

times) may cause considerable physiological stress reactions among users (see the evidence 

discussed in Riedl, 2013). The evidence indicates that experiencing a long system response 

time may result in the activation of various parameters related to the user’s nervous system, 

such as changes in heart rate, skin conductance, pupil dilation, or even EEG waves. 

Therefore, a neuro-adaptive system must have the functionality to record one or more of a 

user’s biological signals in real time (Figure 2).  

 

In contrast to prior calls for research on neuro-adaptive systems (e.g. Loos et al., 2010; Riedl, 

Banker, et al., 2010; vom Brocke, Riedl, et al., 2013), here we indicate specific avenues for 

future research. We identify the following research questions, which serve as grand 

challenges in order to make high impact contributions to neuro-adaptive systems through 

NeuroIS: 

 

1. Biological signal (e.g., 
EEG, skin conductance, 
heart rate) is recorded

from the user.

2. Biological signal is analyzed
to derive a mental state.

3. System adapts on
the basis of the user‘s

mental state.



Which physiological correlates (e.g. changes in heart rate, skin conductance, EEG waves) of 

IS constructs are relevant in human-computer interaction situations, such as stress, mental 

workload, flow, and joy? We note that a precondition for the relevance of a physiological 

signal is its measurability in real time. In other words, the latency between the onset of the 

signal that results from a user’s stimulus perception must not be longer than a few seconds. 

 

Which technologies and sensors most effectively measure the physiological signals in real 

time? Because of the high number of manufacturers, a well-structured analysis of products is 

needed from the NeuroIS community to help researchers make more deliberate decisions. 

Next, based on such biological signals, the system must use an algorithm to analyze the data 

and derive the user’s mental state (Figure 2). In the example, the system must have the 

functionality to derive at least two of the user’s stress states (high versus low stress). Because 

biological signals and constructs do not have a one-to-one relationship (e.g. Cacioppo & 

Tassinary, 1990), a user’s stress state should ideally be derived from several biological 

signals (i.e. a many-to-one relationship, where two or more biological signals are associated 

with stress). Here, the fundamental questions include the following: 

 

Which combination of physiological signals best characterizes a user’s level of stress in 

human-computer interaction tasks? Depending on the construct at hand, NeuroIS scholars 

must answer this question for each construct in a study. For example, a scholar who is 

interested in flow during a human-computer interaction must answer this question for flow. 

 

How are the physiological signals integrated to develop a diagnostic index for technostress? 

This question concerns algorithm development. Riedl, Davis, et al. (2014, p. xviii) define 

diagnosticity as a measure’s property that “describes how precisely it captures a target 

construct as opposed to other constructs.” We believe that single-signal neuro-adaptive stress 

systems are less accurate (if accurate at all) than systems that use a stress index based on a 

combination of biological signals. 

 

As indicated in Figure 2, based on the derived mental state (in this case, technostress), the 

system adapts in real time with the goal of reducing a current stress level. Whether the system 

does so effectively must be assessed based on a new cycle of biological-signal measurements. 

Therefore, a neuro-adaptive system is a closed-loop type. Additional questions for future 

research include the following: 



If two algorithms can be used to derive a mental state, how can we show that one approach is 

better than the other? One possibility would be to use a self-reported measure of perceived 

technostress as a benchmark. However, because self-reported (techno)stress and 

physiological stress do not necessarily correspond (Riedl, 2013), the value of this form of 

benchmarking test is limited. Thus, predictive validity tests must also be used. Here, an 

algorithm’s superiority is determined based on its potential to predict a meaningful outcome 

variable in the study context. In the case of technostress, performance is an example of a 

meaningful outcome variable (Tams et al., 2014). 

 

How frequently should a system assess a user’s mental state and adjust the user interface? 

Imagine that a system adjusts its interface every 30 seconds (e.g. via adjustments in color or 

in the amount of information presented on the screen). Against this background, another 

fundamental question for future research arises. How frequently should a stress-sensitive 

neuro-adaptive system adjust so that it does not become another source of stress? 

Discussion 
 

In this commentary, we have identified four grand areas for NeuroIS research to make 

important societal contributions. An important insight drawn from our panel and this 

discussion is that NeuroIS can and should make research contributions to multiple fields; IS, 

neuroscience, application domains (e.g. healthcare), and to a new emerging field of its own. 

From its inauguration onwards, NeuroIS has intended to contribute to IS research through the 

application of neuroscience methods and theory (Dimoka et al., 2012; Riedl, Banker, et al., 

2010). Vom Brocke & Liang (2014), for instance, prominently state that “both point of 

departure (as well as the point of arrival) of any NeuroIS study must be in the field of IS 

research.” The results from our expert panel confirm this orientation, in that two out of the 

four grand research areas are important application areas of IS research, namely IS design via 

DSR and IS use. 

 

Interestingly, however, our panel also reveals the importance and opportunity for NeuroIS to 

contribute to the understanding of the concept of “emotion”, which is a contribution to the 

field of neuroscience. Already today, NeuroIS has proven to advance neuroscience methods 

and tools. For example, Léger et al. (2014) develop novel ways of applying the eye-fixation-



related potential (EFRP) during an authentic IS interaction. Compared with the traditional 

event-related approach (Luck, 2014), this technique makes it possible to measure accurately 

the cognitive activity associated with the user’s attention to a screen. The EFRP approach 

opens the door to studying automatic and unconscious repeated behaviors in human-computer 

interaction, such as email checking or social media behavior, which can also be used beyond 

the application area of IS (for example, many psychologists have become interested in these 

topics in the past decade).  

 

As another example of NeuroIS contributions to neuroscience, Courtemanche, Léger, et al. 

(2018) propose a novel way to visualize the source of emotional and cognitive constructs on 

an interface. They show that traditional eye tracking enables the visualization of an eye-

fixation heat map showing the density of a group of subjects’ fixation during a particular time 

window (Nielsen & Pernice, 2010). These works address the research question, “Where in the 

interface do people look the most?” (Wooding, 2002). The new technique called UX 

Heatmap (Courtemanche, Léger, et al., 2018) measures the user’s gaze to triangulate 

psychophysiological constructs onto the interface, enabling the representation of the 

neurophysiological signals’ distribution on the interface and answering an important question 

for interface designers: “Where in the interface do people react emotionally and/or 

cognitively?” In sum, compared with the traditional approaches, combinations of eye tracking 

and facial recognition make it possible to measure accurately the cognitive and the affective 

activities that are associated with a user’s visual attention to a screen. This patent-pending 

technique is used not only by major international organizations for their UX research, but 

also by research neuroscientists.  

 

We foresee that novel approaches and IT devices developed in NeuroIS studies will 

contribute to the development of new neuroscience methods and tools. For example, HEC 

Montréal’s Tech3Lab (https://tech3lab.hec.ca/en/) is currently leveraging an in-memory 

analytical appliance to handle large neuroscience data and exploit the opportunities that arise 

from using the multi-project datasets while maintaining the richness of unaggregated data. 

Further, NeuroIS researchers possess the ability to contribute to the neuroscience domain by 

introducing new advances in IT and data science. For example, Fredette, Labonté-LeMoyne, 

Léger, Courtemanche, & Sénécal (2015) propose new statistical models that are constructed 

for the analysis of EEG data in IS research (Müller-Putz et al., 2015), where the number of 

EEG trials is often limited to preserve the experiment’s ecological validity. New advances 



from the field of artificial intelligence also contribute to accelerating NeuroIS research, 

especially in the development of neuro-adaptive systems (Karran et al., 2018). 

 

The panel believes that neuro-adaptive systems (e.g. emotion-sensing IS, Whelan et al., 2018) 

will play a prominent role in the definition of a separate field of NeuroIS research. Such 

systems establish a new class of information systems and a new emerging field of its own. 

Research on neuro-adaptive IS (area 4) seem to integrate all other research streams, with 

emotion research (area 3) providing a theoretical and methodological base for innovative 

digital IS design (area 1) which will contribute to improved IS use behavior (area 2). We find 

that research on neuro-adaptive systems is particularly promising for NeuroIS, because they 

are exciting innovative artifacts that showcase both principles and affordances of NeuroIS 

contributions.  

 

The case of neuro-adaptive systems also alludes to the importance of reference disciplines 

and application domains beyond IS and neuroscience. As an example, NeuroIS researchers 

still have much to learn from the tools and the practices of neuroscience in the life sciences. 

Several studies reveal that NeuroIS research can learn from the research and practice in life 

sciences to improve how it operates and conducts research. For example, trade magazines, 

including Lab Manager (http://www.labmanager.com/) and The Scientist (https://www.the-

scientist.com/), have published stimulating articles on topics that are relevant to NeuroIS 

research, such as managing laboratory personnel, acquiring tools and instruments, and 

managing laboratory data.  

Implications 
 

The four areas for future NeuroIS research presented in this commentary have important 

implications for further developing the field. To conclude, we briefly discuss significant 

implications for research, education, industry engagement, and community building. 

 

Guiding Research: The four grand areas for NeuroIS research have an immediate impact for 

researchers to guide their studies and to direct them towards areas with great potential to 

make important societal contributions. We invite fellow researchers to conduct empirical and 

DSR studies on the related research questions, but also meta-analyses and reviews, to further 



our conceptual understanding of the areas and to refine and extend the agenda presented in 

this commentary.  

 

Guiding Education: The increasing amount of scientific evidence provided by neuroscience 

in the IS field necessitates the inclusion of basic neuroscientific knowledge in the core 

training of IS researchers. Therefore, we call for graduate programs in IS (MBA, MS, PhD) 

to introduce a seminar on NeuroIS. Riedl & Léger (2015) have developed a reference 

syllabus for such a seminar, published by the AIS on the EDUglopedia.org platform 

(https://eduglopedia.org/). Because the NeuroIS field is still in its formation phase, reference 

syllabi should be updated regularly. The four grand research areas can provide interesting 

insights into relevant courses and modules for such programs. 

 

Guiding Industry Engagement: While NeuroIS has developed in academia over the last 

decade, its industrial outreach has been limited. However, we contend and have evidence 

(see, for example, the Tech3Lab’s collaborations in Montréal) that industry is strongly 

interested in the research results from our community, especially in an IS design context. 

Since all four grand areas for future NeuroIS research are of high relevance for society and 

economy, these areas will also be highly suitable to engage with industry. Apart from funding 

and data collection, industry engagement will also increase dissemination and recognition of 

NeuroIS research and it will continuously stimulate alignment of NeuroIS research with 

industry and society needs. The initiative of the Deloitte Neuroscience Institute is an example 

of practitioners providing neuroscience-based advice on the design of digital products and 

services. NeuroIS researchers have also started to publish NeuroIS-related articles in 

practitioners’ magazines, for example, about emotion-sensing devices’ potential for decision-

making (see Whelan et al., 2018 in MIT Sloan Management Review). 

 

Guiding Community Building: The NeuroIS community has developed greatly during the 

past decade, through venues such as the NeuroIS Retreat (www.neurois.org) as well as 

special issues in the main journals of our community. In addition, a text book exists (Riedl & 

Léger, 2016) and case book is currently being compiled by the community (Randolph, vom 

Brocke, Davis, Riedl, & Léger, in press). We encourage all readers to become a member of 

the NeuroIS Society founded in 2018 (http://www.neurois.org/board-and-founding-members 

and http://www.neurois.org/membership/). The growth of a vibrant NeuroIS community will 

strengthen the reach and impacts of the field. We propose that the four grand research areas 



will provide more structure to NeuroIS. At the annual conference, for instance, papers could 

be grouped into specific sessions along the four presented areas, and hence progress in the 

respective areas would be discussed more explicitly. Also, the structure could be used to plan 

joint activities between IS and non-IS scholars, thereby fostering progress in the area to make 

possible break through achievements. 

  



Conclusion 
 

While the first decade of NeuroIS has been focused on building foundations, the next decade 

should have more of a focus on demonstrating societal value through highly impactful 

NeuroIS research. To support this process, we have identified four research areas, which 

show particular potential for NeuroIS to make such important societal contributions. For each 

of these areas, as a starting point, we have provided a set of operational research questions. A 

summary of all research areas and questions is provided in the appendix. Apart from 

contributions to IS, which up to now has been the predominant focus, contributions to 

neuroscience as well as contributions of a unique NeuroIS type (e.g. neuro-adaptive systems) 

will be made. Research contributions of high societal value will further the recognition of IS 

as a field that makes important contributions. This new agenda for NeuroIS research has 

important implications, specifically to guide research, education, industry outreach and 

community building for the next generation of NeuroIS research. 

References 
 

Adam, M. T. P., Gimpel, H., Maedche, A., & Riedl, R. (2017). Design blueprint for stress-

sensitive adaptive enterprise systems. Business & Information Systems Engineering, 

59(4), 277–291. 

Addas, S., & Pinsonneault, A. (2015). The many faces of information technology 

interruptions: A taxonomy and preliminary investigation of their performance effects. 

Information Systems Journal, 25(3), 231–273. 

Adolphs, R. (2003). Cognitive neuroscience of human social behaviour. Nature Reviews 

Neuroscience, 4, 165–178. 

Adolphs, R. (2010). Conceptual challenges and directions for social neuroscience. Neuron, 

65(6), 752–767. 

Agogo, D., & Hess, T. J. (2018). “How does tech make you feel?” A review and examination 

of negative affective responses to technology use. European Journal of Information 

Systems, 27(5), 570–599. 

Aldunate, N., & González-Ibáñez, R. (2017). An integrated review of emoticons in computer-

mediated communication. Frontiers in Psychology, 7(2061), 1–6. 



Anderson, B., Vance, A., Kirwan, B., Eargle, D., Jenkins, J., (2016): “How users perceive 

and respond to security messages: A neuroIS research agenda and empirical study,” 

European Journal of Information Systems, 25(4), 364–390. 

Astor, P. J., Adam, M. T. P., Jerčić, P., Schaaff, K., & Weinhardt, C. (2013). Integrating 

biosignals into information systems: A NeuroIS tool for improving emotion regulation. 

Journal of Management Information Systems, 30(3), 247–278. 

Baas, M., Nijstad, B. A., & De Dreu, C. K. W. (2015). The cognitive, emotional and neural 

correlates of creativity. Frontiers in Human Neuroscience, 9(275), 1–2.  

Becker, J., vom Brocke, J., Heddier, M., & Seidel, S. (2015). In search of information 

systems (grand) challenges: A community of inquirers perspective. Business & 

Information Systems Engineering, 57(6), 377–390. 

Bhatia, S. K. (2013). Global grand challenges for engineering and international development. 

Harvard International Review, 35(1), 4–5. 

Boucsein, W., & Thum, M. (1997). Design of work/rest schedules for computer work based 

on psychophysiological recovery measures. International Journal of Industrial 

Ergonomics, 20(1), 51–57. 

Brancheau, J. C., Janz, B. D., & Wetherbe, J. C. (1996). Key issues in information systems 

management: 1994–95 SIM Delphi results. MIS Quarterly, 20(2), 225–242. 

Browne, G. J., & Pitts, M. G. (2004). Stopping rule use during information search in design 

problems. Organizational Behavior and Human Decision Processes, 95(2), 208–224. 

Browne, G. J., & Walden, E. A. (2011). Information search and stopping on the web: A 

NeuroIS investigation. In: F. D. Davis, R. Riedl, J. vom Brocke, P.-M. Léger, A. 

Randolph (Eds.), Lecture Notes in Information Systems and Organisation: Vol. 9. 

Information Systems and Neuroscience (pp. 125–132). Cham, Switzerland: Springer 

Publishing. 

Brynjolfsson, E. (1993). The productivity paradox of information technology. 

Communications of the ACM, 36(12), 66–77. 

Brynjolfsson, E., & Hitt, L. M. (2000). Beyond computation: Information technology, 

organizational transformation and business performance. Journal of Economic 

Perspectives, 14(4), 23–48.  

Byrne, E. A., & Parasuraman, R. (1996). Psychophysiology and adaptive automation. 

Biological Psychology, 42(3), 249–268. 



Cacioppo, J. T., Bernston, G. G., Sheridan, J. F., & McClintock, M. K. (2000). Multilevel 

integrative analyses of human behavior: Social neuroscience and the complementing 

nature of social and biological approaches. Psychological Bulletin, 126(6), 829–843. 

Cacioppo, J. T., & Tassinary, L.G. (1990). Inferring psychological significance from 

physiological signals. American Psychologist, 45(1), 16–28. 

Calvo, R. A., D’Mello, S. (2010). Affect Detection: An interdisciplinary review of models, 

methods, and their applications. IEEE Transactions ion Affective Computing, 1(1), 1–37. 

Camardese, G., Leone, B., Walstra, C., Janiri, L., & Guglielmo, R. (2015). Pharmacological 

treatment of internet addiction. In C. Montag & M. Reuter (Eds.), Internet addiction. 

Studies in Neuroscience, Psychology and Behavioral Economics (pp. 151–165). Cham, 

Switzerland: Springer Publishing. 

Chen, A., & Karahanna, E. (2018). Life interrupted: The effects of technology-mediated work 

interruptions on work and nonwork outcomes. MIS Quarterly, 42(4), 1023–1042. 

Courtemanche, F., Fredette, M., Sénécal, S., Léger, P.-M., Dufresne, A., Georges, V., & 

Labonté-Lemoyne, É. (2018). Method of and system for processing signals sensed from 

a user. U.S. Patent Application 15/552,788. 

Courtemanche, F., Léger, P.-M., Dufresne, A., Fredette, M., Labonté-LeMoyne, É., & 

Sénécal, S. (2018). Physiological heatmaps: A tool for visualizing users’ emotional 

reactions. Multimedia Tools and Applications, 77(9), 1–28. 

Demazure, T., Karran, A., Labonté-LeMoyne, É., Léger, P.-M., Sénécal, S., Fredette, M., & 

Babin, G. (2019). Sustained attention in a monitoring task: Towards a neuroadaptative 

enterprise system interface. In: F. D. Davis, R. Riedl, J. vom Brocke, P.-M. Léger, A. 

Randolph (Eds.), Lecture Notes in Information Systems and Organisation: Vol. 29. 

Information Systems and Neuroscience (pp. 125–132). Cham, Switzerland: Springer 

Publishing. 

Dickson G. W., Leitheiser R. L., Wetherbe J. C., & Nechis, M. (1984). Key information 

systems issues for the 1980’s. MIS Quarterly, 8(3), 135–159. 

Dietrich, A. (2004). The cognitive neuroscience of creativity. Psychonomic bulletin & review, 

11(6), 1011–1026. 

Dimoka, A. (2010). What does the brain tell us about trust and distrust? Evidence from a 

functional neuroimaging study. MIS Quarterly, 34(2), 373–396. 

Dimoka, A. (2012). How to conduct a functional magnetic resonance (fMRI) study in social 

science research. MIS Quarterly, 36(3), 811–840. 



Dimoka, A., Banker, R. D., Benbasat, I., Davis, F. D., Dennis, A. R., Gefen, D., …, Weber, 

B. (2012). On the use of neuropyhsiological tools in IS research: Developing a research 

agenda for NeuroIS. MIS Quarterly, 36(3), 679–702. 

Dimoka, A., Pavlou, P. A., & Davis, F. D. (2007, December). Neuro IS: The potential of 

cognitive neuroscience for information systems research. ICIS 2007. Proceedings of the 

28th International Conference on Information Systems, Montreal, Canada. 

Dimoka, A., Pavlou, P. A., & Davis, F. D. (2011). NeuroIS: The potential of cognitive 

neuroscience for information systems research, Information Systems Research, 22(4), 

685–891. 

Drago, E. (2015). The effect of technology on face-to-face communication. Elon Journal of 

Undergraduate Research in Communications, 6(1), 13–19. 

Drechsler, A. & Hevner, A. R. (2018, June). Utilizing, producing, and contributing design 

knowledge in DSR Projects. DESRIST 2012. Proceedings of the 9th Design Science 

Research in Information Systems and Technology, Chennai, India.  

Dumont, L., El Mouderrib, S., Théoret, H., Sénécal, S., & Léger, P.-M. (2018). Non-invasive 

brain stimulation as a set of research tools in NeuroIS: Opportunities and methodological 

considerations. Communications of the Association for Information Systems, 43(5), 78–

100. 

Fischer, T., & Riedl, R. (2016). Lifelogging as a viable data source for NeuroIS researchers: 

A review of neurophysiological data types collected in the lifelogging literature. In: F. D. 

Davis, R. Riedl, J. vom Brocke, P.-M. Léger, A. Randolph (Eds.), Lecture Notes in 

Information Systems and Organisation: Vol. 16. Information Systems and Neuroscience 

(pp. 165–174). Cham, Switzerland: Springer Publishing.  

Fischer, T., & Riedl, R. (2017). Technostress research: A nurturing ground for measurement 

pluralism? Communications of the Association for Information Systems, 40(17), 375–

401. 

Fredette, M., Labonté-LeMoyne, É., Léger, P.-M., Courtemanche, F., & Sénécal, S. (2015). 

Research directions for methodological improvement of the statistical analysis of 

electroencephalography data collected in NeuroIS. In: F. D. Davis, R. Riedl, J. vom 

Brocke, P.-M. Léger, A. Randolph (Eds.), Lecture Notes in Information Systems and 

Organisation: Vol. 10. Information Systems and Neuroscience (pp. 201–206). Cham, 

Switzerland: Springer Publishing. 



Galluch, P. S., Grover, V., & Thatcher, J. B. (2015). Interrupting the workplace: Examining 

stressors in an information technology context. Journal of the Association for 

Information Systems, 16(1), 1–47. 

Gefen, D., Hasan, A., & Onaral, B. (2014). Apply functional near infrared (fNIR) 

spectroscopy to enhance MIS research. AIS Transactions on Human-Computer 

Interaction, 6(3), 55–73. 

Geiser, M., & Walla, P. (2011). Objective measures of emotion during virtual walks through 

urban environments. Applied Sciences, 1(1), 1–11. 

Gill, T. G., & Hevner, A. R. (2013). A fitness-utility model for design science research. ACM 

Transactions on Management Information Systems, 4(2), 5–22. 

Goldberg, L. R. (1992). The development of markers for the Big-five factor structure. 

Psychological Assessment, 4(1), 26–42. 

Grahl, A., Greiner, U., & Walla, P. (2012). Bottle shape elicits gender-specific emotion: A 

startle reflex modulation study. Psychology, 3(7), 548–554. 

Gregor, S., & Hevner, A. R. (2013). Positioning and presenting design science research for 

maximum impact. MIS Quarterly, 37(2), 337–355. 

Gregor, S., & Jones, D. (2007). The anatomy of a design theory. Journal of the Association 

for Information Systems, 8(5), 312–335. 

He, B., Baird, R., Butera, R., Datta, A., George, S., Hecht, B., … Zhang, Y. (2013). Grand 

challenges in interfacing engineering with life sciences and medicine. IEEE Trans 

Biomedical Engineering, 60(3), 589–598. 

He, B., Coleman, T., Genin, G. M., Glover, G., Hu, X., Johnson, N., … Ye, K. (2013). Grand 

challenges in mapping the human brain: NSF workshop report. IEEE Trans Biomedical 

Engineering, 60(11), 2983–2992. 

Hevner, A. R. (2017). Intellectual control of complexity in design science research. In: A. 

Rai, Diversity of Design Science Research, MIS Quarterly, 41(1), iii–xviii. 

Hevner, A. R., Davis, C., Collins, R. W., & Gill, T. G. (2014). A NeuroDesign model for IS 

research. Informing Science: The International Journal of an Emerging Transdiscipline, 

17, 103–132. 

Hevner, A. R., March, S. T., Park, J., & Ram, S. (2004). Design science in information 

systems research. MIS Quarterly, 28(1), 75–105. 

Hubert, M., Linzmajer, M., Riedl, R., Hubert, M., Kenning, P., & Weber, B. (2017). Using 

psycho-physiological interaction analysis with fMRI-data in IS Research: A guideline. 

Communications of the Association for Information Systems, 40(9), 181–217. 



Kalenscher, T., Ohrmann, T., & Güntürkün, O. (2006). The neuroscience of impulsive and 

self-controlled decisions. International Journal of Psychophysiology, 62(2), 203–211.  

Kappelman, L., McLean, E., Luftman, J., & Johnson, V. (2013). Key issues of IT 

organizations and their leadership: The 2013 SIM IT trends study. MIS Quarterly 

Executive, 12(4), 227–240. 

Karran, A. J., Demazure, T., Léger, P.-M., Labonté-LeMoyne, É., Sénécal, S., Fredette, M. & 

Babin, G. (2018). Towards a hybrid passive BCI for the modulation of sustained 

attention using EEG and fNIRS. Proceedings of the 2nd International Neuroergonomics 

Conference, Philadelphia, PA, USA.  

Keeney, R. L. (1999). The value of internet commerce to the customer. Management Science 

45(4), 533–542. 

Kock, N. (2004). The psychobiological model: Towards a new theory of computer-mediated 

communication based on Darwinian evolution. Organization Science, 15(3), 259–374. 

Kock, N. (2005). Media richness or media naturalness? The evolution of our biological 

communication apparatus and its influence on our behavior toward e-communication 

tools. IEEE Transactions on Professional Communication, 48(2), 117–130. 

Kock, N. (2009). Information systems theorizing based on evolutionary psychology: An 

interdisciplinary review and theory integration framework. MIS Quarterly, 33(2), 395–

418. 

Koller, M., & Walla, P. (2015). Towards alternative ways to measure attitudes related to 

consumption: Introducing startle reflex modulation. Journal of Agricultural & Food 

Industrial Organization, 13(1), 83–88. 

Kunaharan, S., Halpin, S., Sitharthan, T., Bosshard, S., & Walla, P. (2017). Conscious and 

non-conscious measures of emotion: Do they vary with frequency of pornography use? 

Applied Sciences, 7(5), 1–17. 

Labonté-LeMoyne, É., Courtemanche, F., Fredette, M., Léger, P.-M., & Sénécal, S. (2017, 

July). Intelligent threshold selection for biocybernetic loop in an adaptive video game 

context. NAT 2017. Proceedings of the 1st Neuroadaptive Technology Conference, 

Berlin, Germany. 

Léger, P.-M., Sénécal, S., Courtemanche, F., Ortiz de Guinea, A., Titah, R., Fredette, M., & 

Labonté-LeMoyne, É. (2014). Precision is in the eye of the beholder: Application of eye 

fixation-related potentials to information systems research [Special issue]. Journal of the 

Association for Information Systems, 15, 651–678. 



Lieberman, M. D. (2007). Social cognitive neuroscience: A review of core processes. Annual 

Review of Psychology, 58, 259–289. 

Loos, P., Riedl, R., Müller-Putz, G. R., vom Brocke, J., Davis, F. D., Banker, R. D., & Léger, 

P.-M. (2010). NeuroIS: Neuroscientific approaches in the investigation and development 

of information systems. Business & Information Systems Engineering, 2(6), 395–401. 

Luck, S. J. (2014). An introduction to the event-related potential technique. Cambridge, MA, 

USA: MIT Press. 

Lux, E., Adam, M. T. P., Dorner, V., Helming, S., Knierim, M. T., & Weinhardt, C. (2018). 

Live biofeedback as a user interface design element: A review of the literature. 

Communications of the Association for Information Systems, 43(18), 257–296. 

Mata, F. J., Fuerst, W. L., & Barney, J. B. (1995). Information technology and sustained 

competitive advantage: A resource-based analysis. MIS Quarterly, 19(4), 487–505. 

Melville, N., Kraemer, K., & Gurbaxani, V. (2004). Information technology and 

organizational performance: An integrative model of IT business value. MIS Quarterly, 

28(2), 283–322. 

Montag, C., Błaszkiewicz, K., Sariyska, R., Lachmann, B., Andone, I., Trendafilov, B., … 

Markowetz, A. (2015). Smartphone usage in the 21st century: Who is active on 

WhatsApp? BMC Research Notes, 8(331), 1–6. 

Montag, C., Duke, É., & Reuter, M. (2015). A short summary of neuroscientific findings on 

internet addiction. In C. Montag, & M. Reuter, Internet Addiction: Neuroscientific 

Approaches and Therapeutical Implications Including Smartphone Addiction (pp. 131–

139). Cham, Switzerland: Springer Publishing. 

Montag, C., & Walla, P. (2016). Carpe diem instead of losing your social mind: Beyond 

digital addiction and why we all suffer from digital overuse. Cogent Psychology, 3(1), 1–

9. 

Müller-Putz, G. R., Riedl, R., & Wriessnegger, S. (2015). Electroencephalography (EEG) as 

a research tool in the information systems discipline: Foundations, measurement, and 

applications. Communications of the Association for Information Systems, 37(46), 911–

948. 

Naqvi, N., Shiv, B., & Bechara, A. (2006). The role of emotion in decision making: A 

cognitive neuroscience perspective. Current Directions in Psychological Science, 15(5), 

260–264. 

Nie, N. H., & Erbring, L. (2002). Internet and Society: A Preliminary Report. IT&Society, 

1(1), 275–283. 



Niederman, F., Brancheau, J. C., & Wetherbe, J. C. (1990). Information systems management 

issues for the 1990s. MIS Quarterly, 15(4), 475–500. 

Nielsen, J., & Pernice, K. (2010). Eyetracking web usability. Thousand Oaks, CA, USA: New 

Riders Publishing. 

Orlikowski, W., & Iacono, S. (2001). Desperately seeking the “IT” in IT research-A call to 

theorizing the IT artifact. Information Systems Research, 12(2), 121–134. 

Picard, R. W. (1997). Affective Computing. Cambridge, MA, USA: MIT Press. 

Picard, R. W. (2003). Affective computing: Challenges. International Journal of Human-

Computer Studies, 59(1-2), 55–64. 

Randolph, A., vom Brocke, J., Davis, F. D., Riedl, R. & Léger, P.-M. (in press). Neuro 

Information Systems Cases. Cham, Switzerland: Springer Publishing. 

Riedl, R. (2009). Zum Erkenntnispotenzial der kognitiven Neurowissenschaften für die 

Wirtschaftsinformatik: Überlegungen anhand exemplarischer Anwendungen. 

NeuroPsychoEconomics, 4(1), 32–44. 

Riedl, R. (2013). On the biology of technostress: Literature review and research agenda. 

ACM Sigmis Database, 44(1), 18–55. 

Riedl, R., Banker, R. D., Benbasat, I., Davis, F. D., Dennis, A. R., Dimoka, A., … Weber, B. 

(2010). On the foundations of NeuroIS: Reflections on the Gmunden Retreat 2009. 

Communications of the Association for Information Systems, 27(15), 243–264. 

Riedl, R., Davis, F. D., Banker, R. D., & Kenning, P. (2017). Neuroscience in Information 

Systems Research: Applying Knowledge of Brain Functionality Without Neuroscience 

Tools. Cham, Switzerland: Springer Publishing. 

Riedl, R., Davis, F. D., & Hevner, A. R. (2014). Towards a NeuroIS research methodology: 

Intensifying the discussion on methods, tools, and measurement [Special issue]. Journal 

of the Association for Information Systems, 15, i–xxxv. 

Riedl, R., Fischer, T., & Léger, P.-M. (2017, December). A decade of NeuroIS research: 

Status quo, challenges, and future directions. ICIS 2017. Proceedings of the 38th 

International Conference on Information Systems (pp. 1–28), Seoul, South Korea. 

Riedl, R., & Javor, A. (2012). The biology of trust: Integrating evidence from genetics, 

endocrinology, and functional brain imaging. Journal of Neuroscience, Psychology, and 

Economics, 5(2), 63–91. 

Riedl, R., Kindermann, H., Auinger, A., & Javor, A. (2012). Technostress from a 

neurobiological perspective-system breakdown increases the stress hormone cortisol in 

computer users. Business & Information Systems Engineering, 4(2), 61–69. 



Riedl, R., Kindermann, H., Auinger, A., & Javor, A. (2013) Computer breakdown as a stress 

factor during task completion under time pressure: Identifying gender differences based 

on skin conductance. Advances in Human-Computer Interaction, 1-8. 

Riedl, R., & Léger, P.-M. (2015). NeuroIS. AIS Reference Curriculum, Association for 

Information Systems. Retrieved from https://eduglopedia.org/neuro-information-

systems-neurois. 

Riedl, R., & Léger, P.-M. (2016). Fundamentals of NeuroIS-Information systems and the B 

rain. Cham, Switzerland: Springer Publishing. 

Riedl, R., Mohr, P. N. C., Kenning, P. H., Davis, F. D., & Heekeren, H. R. (2014). Trusting 

humans and avatars: A brain imaging study based on evolution theory. Journal of 

Management Information Systems, 30(4), 83–114. 

Rugg, M. D., Mark, R. E., Walla, P., Schloerscheidt, A. M., Birch, C. S., & Allan, K. (1998). 

Dissociation of the neural correlates of implicit and explicit memory. Nature, 392(6676), 

595–598. 

Sanfey, A. G. (2007). Decision neuroscience: New directions in studies of judgment and 

decision making. Current Directions in Psychological Science, 16(3), 151–155. 

Sariyska, R., Reuter, M., Bey, K., Sha, P., Li, M., Chen, Y. F., … Montag, C. (2014). Self-

esteem, personality and internet addiction: A cross-cultural comparison study. 

Personality and Individual Differences, 61-62, 28–33. 

Sha, P., Sariyska, R., Riedl, R., Lachmann, B., & Montag, C. (2019). Linking internet 

communication and smartphone use disorder by taking a closer look at the Facebook and 

WhatsApp applications. Addictive Behaviors Reports, 9(100148), 1–9. 

Sidorova, A., Evangelopoulos, N., Valacich, J. S., & Ramakrishnan, T. (2008). Uncovering 

the intellectual core of the information systems discipline. MIS Quarterly, 32(3), 467–

482. 

Tams, S., Hill, K., Ortiz de Guinea, A., Thatcher, J., & Grover, V. (2014). NeuroIS-

Alternative or complement to existing methods? Illustrating the holistic effects of 

neuroscience and self-reported data in the context of technostress research [Special 

issue]. Journal of the Association for Information Systems, 15, 723–752. 

Tams, S., Thatcher, J. B., & Grover, V. (2018). Concentration, competence, confidence, and 

capture: An experimental study of age, interruption-based technostress, and task 

performance. Journal of the Association for Information Systems, 19(9), 857–908. 



Tao, J., & Tan, T. (2005). Affective computing: A review. In: J. Tao, T. Tan, R. W. Picard 

(Eds.), Lecture Notes in Computer Science: Vol. 3784. Affective Computing and 

Intelligent Interaction. (pp. 981–995). Berlin, Germany: Springer Publishing. 

Te’eni, D., Seidel, S., & vom Brocke, J. (2017). Stimulating dialog between information 

systems research and practice. European Journal of Information Systems, 24(6), 541–

545. 

Trepel, C., Fox, C. R., & Poldrack, R. A. (2005). Prospect theory on the brain? Toward a 

cognitive neuroscience of decision under risk. Cognitive Brain Research, 23(1), 34–50. 

Turel, O., Serenko, A., & Giles, P. (2011). Integrating technology addiction and use: An 

empirical investigation of online auction users. MIS Quarterly, 35(4), 1043–1061. 

Uhls, Y. T., Michikyan, M., Morris, J., Garcia, D., Small, G. W., Zgourou, E., & Greenfield, 

P. M. (2014). Five days at outdoor education camp without screens improves preteen 

skills with nonverbal emotion cues. Computers in Human Behavior, 39, 387–392. 

vom Brocke, J., & Liang, T.-P. (2014). Guidelines for neuroscience studies in information 

systems research. Journal of Management Information Systems, 30(4), 211–234. 

vom Brocke, J., & Maedche, A. (2019). The DSR grid: Six core dimensions for effectively 

planning and communicating design science research projects. Electronic Markets. 

Advance online publication. doi: 10.1007/s12525-019-00358-7 

vom Brocke, J., Riedl, R., & Léger, P.-M. (2013). Application strategies for neuroscience in 

information systems design science research. Journal of Computer Information Systems, 

53(3), 1–13. 

vom Brocke, J., Watson, R. T., Dwyer, C., Elliot, S., & Melville, N. (2013). Green 

information systems: Directives for the IS discipline. Communications of the Association 

for Information Systems, 33(30), 509–520. 

vom Brocke, J., Winter, R., Hevner, A., Maedche, A. (2019). Accumulation and Evolution of 

Design Knowledge in Design Science Research – A Journey Through Time and Space. 

Journal of the Association for Information Systems, forthcoming. 

Walden, E., Cogo, G. S., Lucus, D. J., Moradiabadi, E., & Safi, R. (2018). Neural correlates 

of multidimensional visualizations: An fMRI comparison of bubble and three-

dimensional surface graphs using evolutionary theory. MIS Quarterly, 42(4), 1097–1116. 

Walla, P. (2018). Affective processing guides behavior and emotions communicate feelings: 

Towards a guideline for the NeuroIS community. In: F. D. Davis, R. Riedl, J. vom 

Brocke, P.-M. Léger, A. Randolph (Eds.), Lecture Notes in Information Systems and 



Organisation: Vol. 25. Information Systems and Neuroscience (pp. 141–150). Cham, 

Switzerland: Springer Publishing. 

Walla, P., Greiner, K., Duregger, C., Deecke, L., & Thurner, S. (2007). Self-awareness and 

the subconscious effect of personal pronouns on word encoding: A 

magnetoencephalographiy (MEG) study. Neuropsychologia, 45(4), 796–809. 

Walla, P., & Koller, M. (2015). Emotion is not what you think it is: Startle reflex modulation 

(SRM) as a measure of affective processing in NeuroIS. In: F. D. Davis, R. Riedl, J. vom 

Brocke, P.-M. Léger, A. Randolph (Eds.), Lecture Notes in Information Systems and 

Organisation: Vol. 10. Information Systems and Neuroscience (pp. 181–186). Cham, 

Switzerland: Springer Publishing. 

Walla, P., Koller, M., Brenner, G., & Bosshard, S. (2017). Evaluative conditioning of 

established brands: Implicit measures reveal other effects than explicit measures. Journal 

of Neuroscience, Psychology, and Economics, 10(1), 24-41. 

Walla, P., & Lozovic, S. (2019, June). The Effect of Technology on Human Social 

Perception: a multi-methods NeuroIS pilot investigation. NeuroIS Retreat 2019. 

Proceedings of the 2019 NeuroIS Retreat (pp. 1–8). Vienna, Austria.  

Ward, R. D., & Marsden, P. H. (2004). Affective computing: Problems, reactions and 

intentions. Interacting with Computers, 16(4), 707–713. 

Whelan, E., McDuff, D., Gleasure, R., & vom Brocke, J. (2018, Summer). How emotion-

sensing technology can reshape the workplace. MIT Sloan Management Review.  

Wooding, D. S. (2002, March). Fixation maps: Quantifying eye-movement traces. ETRA 

2002, Proceedings of the 2002 Symposium on Eye tracking research & applications (pp. 

31–36). New Orleans, LA, USA.  

Young, K. S. (1998). Internet addiction: The emergence of a new clinical disorder. 

CyberPsychology & Behavior, 1(3), 237–244. 

 

 
  



Appendix 
 

Research Area Research Questions 

Area 1: Information Systems 

Design 

• How do humans understand complex problems, and 

what is the best way to manage the complexity? 

• What is a good artifact? In the problem definition phase, 

how do we define and measure a satisfactory solution? 

• How (and why) do designers approach design problems 

differently? 

• What stopping rules do designers use in the design 

process to move design candidates from the problem 

space to the solution space and to move artifacts from 

the internal environment to the application 

environment? 

• Since the make-up of a design team has a significant 

influence on the resulting design artifacts produced, how 

do issues such as trust/distrust, diversity, and personality 

traits impact the collaborative performance of design 

teams? 

Area 2: Information Systems 

Use 

• How does the usage of digital communication devices 

impact our task completion, performance, and/or 

productivity? 

• How does digital communication’s inability to send the 

full range of non-verbal signals affect communication 

goals? 

• How can digital communication devices be improved to 

achieve set communication goals? 

• Does the use of digital devices negatively impact the 

development of social abilities? 

• Can emojis replace real emotions and cause similar 

effects (as real emotions) on the receiver or are they not 

able to do so? 



Area 3: Emotion Research • How do self-report measures differ from physiological 

responses?  

• Is subjective self-report or is an objective physiological 

response better predicting human behavior? 

• Which IS constructs depend on affective information 

processing in the first place? 

• Is the effect of product placement better evaluated with 

subjective or objective measures? 

• Is startle-reflex modulation a reliable replacement for 

relatively expensive brain-imaging technologies (e.g., 

fMRI) in quantifying raw affective-information 

processing? 

Area 4: Neuro-adaptive 

Systems  

 

• Which physiological correlates (e.g., changes in heart 

rate, skin conductance, EEG waves) of IS constructs 

have been investigated that are relevant in human-

computer interaction situations, such as stress, mental 

workload, flow, and joy? 

• Which technologies and sensors most effectively 

measure the physiological signals in real time?  

• Which combination of physiological signals best 

characterizes a user’s level of stress in human-computer 

interaction tasks? 

• How are the physiological signals integrated to develop 

a diagnostic index for technostress? 

• If two algorithms are used to derive a mental state, how 

can we show that one approach is better than the other? 

• How frequently should a system assess a user’s mental 

state and adjust the user interface? 

• How frequently should a stress-sensitive neuro-adaptive 

system adjust so that it does not become another source 

of stress? 

 


