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Abstract A lot of research has been done on the use of conceptual 
models in information systems development. In other areas working 
with knowledge representations, such as linguistics and software 
engineering one has applied techniques from neuroscience to study the 
physiological and neurological processes when working with textual 
knowledge structures in tasks such as program code debugging. The use 
of such techniques has only to a limited degree been used when it comes 
to our understanding of visual conceptual models so far. We will argue 
for the utility of using such techniques also in information systems 
modelling research and present a systematic mapping study on the use 
of techniques from neuroscience to investigate how we work with 
visual conceptual models. The main approach is based on techniques 
used in multi-modal learning analytics, which investigates how 
performance on learning tasks is correlated with biometric data, 
collecting data in parallel from EEG, eye-tracking (ET), wristbands, 
and facial expression (through cameras). Through this study, we also 
identify gaps in our knowledge on information systems modelling, 
which can be filled with extending the use of collecting and analysing 
biometric data under modelling activities.  
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1 Introduction 

Whereas in most areas of human conduct, models in one-dimensional natural language 
are used to express and share knowledge, we see the use of two and many-dimensional 
representational forms to become more important [48,53]. One such representational 
form is conceptual models. A conceptual model is traditionally defined as a description 
of the phenomena in a domain at some level of abstraction, which is expressed using a 
semi-formal or formal (usually two-dimensional) visual modelling language [31]. Over 
the last 50 years, researchers have developed our understanding of the use of such 
models for representing different aspects of information systems, but mainly by 
studying the externally visible behaviour of modellers and model users [37]. Modeling 
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involves the construction of abstract visual representation that capture the structure, 
behaviour, and relationships of real-world entities or phenomena, and the two-
dimensional layout allows to play with both the primary and secondary notation [54] to 
create knowledge and convey meaning. Using techniques from multi-modal learning 
analytics (MMLA) in conceptual modelling opens new opportunities for understanding 
how we process and represents complex information, which can, in turn, inform and 
enhance the development of more effective modelling approaches, support modelling 
and make it more probable that modelling is used in the most appropriate way. 
     We will in this paper present parts of the results from a systematic mapping study of 
the use of techniques from neuro-science and biometrics used in MMLA in conceptual 
modelling research and point to further work to be done in providing results from 
biometrics and neuro-science to support the application of conceptual models, including 
data models, business process models and enterprise models. 
     In Section 2, we present further background on conceptual modelling and use of 
biometrics in other areas of information systems and software engineering, in addition 
to learning analytics. Section 3 present the methodology used for the study, whereas 
selected results are presented in section 4. A number of knowledge gaps are identified 
in section 5 for further research opportunities in this area which we have termed neuro-
conceptualization.  

2 Background    

There are five primary tasks in the use of conceptual models [31]: Modelling of an 
existing or envisioned domain, model comprehension, model validation (are the models 
correct?), model integration and model activation (implementing the model in an 
organizational or societal setting so that it influences other people and their behaviour). 
Secondary tasks are the development of the approaches and tools for knowledge 
representation (including the modelling languages, so-called meta-modelling [22]), 
supporting the modelling activities using these modelling languages (for modelling, 
model comprehension and validation) and develop tools for model activation. Modeling 
and meta-modelling are normally done as separate processes [26]. Modeling is done 
individually or collaboratively, often in a facilitated fashion (e.g. for participatory 
modelling to include a wider set of stakeholders than modelling experts [25]). 
   These activities are done to achieve various goals [33], including 1) sense-making, 2) 
supporting communication 3) to identify possible improvements, 4) quality assurance, 
5) development of new IT-solutions or business processes either directly or through 
model activation 6) to give the context for conventional IT-development and 7) model 
implementation, having new solutions based on models being taken into use in practice.     

In [42], the authors describe how different modeling approaches emerged and what 
characterizes them with a discussion of the potential modeling future. Important areas 
is highlighted to be Artificial Intelligence (AI) (how to use AI in modeling, but also 
how to combine AI (ML) techniques and more traditonal symbolic modeling 
techniques), conceptual modeling, and Domain Specific Languages (DSLs) based on 
meta-modelling [29].  Topics such as Flexible Modeling and Model Integration, which 
allow for combining different tools and languages, are also mentioned frequently. Most 
mentioned topics with a need for action was modeling tools, AI and human aspects of 
modelling. Most important aspect of the vision of the future of modelling was that 
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modelling should be easier and become more usable also for practitioners, not only 
modelling experts. 

Many of the modeling tasks include model comprehension and learning, necessitating 
pragmatic quality meaning that the models need to be understood by other people than 
those making the models in the first place, either for model validation, for learning, for 
process improvements, or for changing behavior to be compliant to mandated 
organizational practices represented in the models. Much has been done on 
understanding different aspects of in particular business process model (BPM) 
comprehension, as summarized in [37].   

For visual processing, gestalt knowledge [62] is used. Models are mostly static, but 
model simulations can be used to support comprehenison, exploiting that the 
magnocellular pathway transfer visual movement stimuli in the brain faster than the 
parvocellular pathway transfering information about form [13]. Natural language and 
domain knowledge is used for verbal processing of the natural language text e.g. in 
labels and comments in the model. Modeling language knowledge and domain 
knowledge is used in the interpretation of the meaning of the model, and knowledge of 
the goal of modeling is used for task processing. Some future research directions 
highlighted in [37] include “Visual processing is potentially subject to affects, 
heuristics, and biases. Dual-process theories can help for designing future experiments. 
Verbal processing has generally received little attention”. It is an interesting question 
how and to what extent prior theories on reading from neuro-linguistics on verbal 
processing [16] can be integrated with studies on visual models. “Semantic processing 
has largely focused on the diagram and not the text as an information source. Theories 
of sense-making [61] could help to explain how information from the diagram is 
integrated with prior domain knowledge. Finally, research on task processing has 
suffered from the lack of a suitable task taxonomy. Theories on external cognition might 
be useful for investigating different types of tasks systematically”. 

MMLA combines a number of theoretical frameworks [20]. Two of the main ones 
are Cognitive Load Theory (CLT) [45] and the Affective Learning Framework (ALF) 
[10],  and one can look at these in concert to understand comprehension, learning and 
other processes in conceptual modelling [32, 37]. CLT considers the cognitive processes 
of comprehension and learning. The working principle of CLT is that humans have a 
limited information processing capacity when they engage with a learning task. CLT 
defines three types of cognitive loads: intrinsic (inherent difficulty associated with the 
topic), extraneous (generated by information presented to learners), and germane 
(generated by processing, tapping into existing gestalt knowledge, natural language 
knowledge, domain knowledge, modelling knowledge, and means-end knowledge). To 
model the learner behaviour using the principles of CLT, one can use EEG and Eye-
tracking (ET) data streams.  

The second theoretical framework is the Affective Learning Framework (ALF). ALF 
is mostly concerned with “how learners feel while they are processing the information 
presented” To incorporate ALF in the methodology, one can use facial and 
physiological (Heart rate variability (HRV), electrodermal activity (EDA), blood 
volume pulse (BVP), temperature (TMP)) data. Using facial data, one can capture 
several sets of emotions. Using physiological data (i.e., HRV, BVP, EDA, TMP) one 
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can also detect the emotional states of the learners as well as their stress and arousal 
levels. Recently, with the advent in the wearable technology, researchers have 
employed smartwatch-like devices to leverage the notion of “quantified-self” and to 
compute physiological arousal and stress in various settings [9,18].  

Individually, both CLT and ALF provide two different, separate and important views 
of the same process. All the individual data streams (eye-tracking, 
electroencephalography, facial videos, HRV, BVP, EDA, TMP), provides each one of 
these data streams to have individual unique point-of-view about the learners’ cognitive 
processes, affective mechanisms and outcomes. One main limitation of using these 
individual data streams alone is the lack of overall understanding. These data streams 
provide knowledge about a few aspects of learners’ learning processes and/or outcomes, 
but to gain a holistic understanding one needs to combine the information emerging 
from a multitude of data streams (i.e., MMD, [5,19]). One of the prime advantages of 
using the MMD is for the design of new learning systems. For example, two modalities 
could be used to assess the current state of the learner, while others could be used to 
provide feedback on the current state, thus, increasing the internal validity of the 
modelling systems.  

NeuroIS (Information System) [50] is a research field in which neuroscience 
theories and tools including MMLA are used to better understand information systems 
phenomena. [67] have analysed 78 empirical articles and put forward a framework for 
understanding what existing NeuroIS research focuses on. The framework is built upon 
stimulus–organism–response theory, which explains that stimulus factors can affect 
users’ psychological processes, which further lead to their responses. Existing subjects, 
and techniques used are listed below. 

 
 IS use efficiency  fMRI, EEG, ECG,  Eye-tracking. 
 Attractiveness of IS feature EEG, Eye-tracking. 
 IS Security   fMRI, EEG, Eye tracking, HRV 
 User experience in IS  fMRI, EEG, ECG, SC, Eye-tracking. 
 IS adoption   EEG, Hormones 
 Technostress in IS  Hormones 
 IS use consequences  Hormones, HRV, BPV 
 Trust in IS   EEG, fMRI. 

 
    A major trend is multi-modal data collection as we outline above on MMLA. Most 

of the work in NeuroIS is studying IS in use, and not the processes in developing the IS. 
This is an area that is of focus in NeuroSE (SE - software engineering). In the past 
decade, brain and autonomic nervous system activity measurement has received 
increasing interest in the field. [60] presents a systematic literature review (SLR) of the 
NeuroSE literature. 89 papers were found. 47 articles presenting completed empirical 
research. The SLR revealed that the number of authors publishing NeuroSE research is 
still relatively small. The thematic focus so far has been on code comprehension, while 
code inspection, programming, and bug fixing have been less frequently studied. 
NeuroSE publications primarily used methods related to brain activity measurement 
(particularly fMRI and EEG), while methods related to the measurement of autonomous 
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nervous system activity (e.g., pupil dilation, heart rate, skin conductance) has so far 
received less attention.  

3 Methodology 

The systematic mapping study method is based on [30, 46]. The main idea is to find 
existing literature on the use of techniques from neuro-science in the area of conceptual 
modelling (what we have termed neuro-conceptualization).  

The investigation is similar to the one done recently in software engineering [60] as 
described above which can be useful to read to understand a bit more on the 
neuroscience-terms in this area.  

In a full structured literature review, natural source would be IEEExplore, 
Springerlink, ScienceDirect, ACM Library, Scopus and Web of Science. Our 
experience from earlier studies is that by using Google Scholar we will manage to  
capture the same papers as these sources, and also additional literature, although that is 
primarily grey literature. The sufficiency of using Google Scholar is also supported by  
scientometric literature [17,24,38].  

The search string is a combination of a traditional search string from neuro-science 
[51] and selected terms in the area of information systems modelling. Since the term 
“conceptual modelling” and “data modelling” will bring a lot of result on  people 
modelling the brain (and not with the brain), we have chosen some more specific terms 
in enterprise and process modelling. Thus, the full search string was as follows: 

 
(“enterprise model*” OR "business process model*" OR “BPMN”)   
AND  
(“Blood” OR “Brain” OR “Cardiovascular” OR “Cognitive load” OR “Cognitive 

processes” OR “Diffusion Tensor” OR “EEG” OR “Electrocardiogram” OR 
“Electroencephalography” OR “Electromyography” OR “Eye Tracking” OR “fMRI” 
OR “fNIRS” OR “Gaze” OR “Heart rate” OR “Hormone” OR “Infrared spectroscopy”  
OR “Morphometry” OR “Nervous system” OR “Positron emission” OR “Saliva” OR 
“Skin conductance” OR “Urine”) 

 
The research question pursued in this part of the literature mapping are: 
o RQ1: Who has published Neuro-conceptualization research and where?  
o RQ2: Which neurophysiological methods (e.g., fMRI, EEG, eye tracking, 

wristband, facial landmarks) and measures  were applied?  
o RQ3: How were the empirical Neuro-conceptualization studies designed?  

Inclusion and exclusion criteria: 
Inclusion: 

 Empirical investigations on the application of neurophysiological methods and/or 
knowledge to investigate the use of modelling techniques. 

 Paper is written in English. 
 Full paper is available. 
 Paper from the last decade (2014-2024). 
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 Pass a minimum quality threshold (see exclusion criteria below). 

Exclusion: 
 Papers not in scientific journals or conferences (e.g. not include newspaper articles, 

whitepapers, papers not peer-reviewed (in different arxives), master theses and PhD 
theses).  

 Papers in other languages than English. 
 Similar to [52,60], articles applying eye tracking measurements that are not 

predominantly reflexive (e.g., gaze and saccade measurement) are excluded (e.g., 
[21]).  

 Papers from 2021 or earlier with 0 citations.  
 Literature reviews. 

4 Overview of results 

A challenge is that many result are given. We limited the search to 2014-2024 and got 
a total of 5896 papers. Based on title and abstract, we reduced this to 90 papers, and 
with the inclusion and exclusion criteria described in Section 3 we ended with 43 papers 
for further analysis.  
RQ1: Who has published Neuro-conceptualization research and where?  
 

 
Fig. 1. Number of papers per year  
 
As shown in Fig. 1, the papers are quite evenly distributed per year, although we can 

see an increasing trend especially given that the number for 2024 only includes the first 
8 months of the year. On the 43 empirical paper, there is a total of 83 authors. Papers 
have between 2 and 7 authors. Fig. 2 show the authors that are involved in most papers. 
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Fig. 2. Most productive authors in the neuro-conceptualization area  
Two main clusters are found, around Manfred Reichert with collaboration with Michael 
Winter (Zimoch), Rüdiger Pryss, Thomas Probst and Winifred Schlee, and around 
Barbara Weber with collaborations with Andrea Burratin, Amine Abbad-Andaloussin, 
and Manuel Neurauter. A number of other people in information systems modelling and 
NeuroIS have done work in the period, but not as consistently as these groups.  

 

Fig. 3. Journals and conferences with most papers 
The papers are published in 26 different journals (17) and conferences/workshop 

(9). From Fig. 3, we see that there is no dominant publication venue, and that it includes 
mostly traditional conferences and journals in information systems modelling plus some 
specific outlets for NeuroIS research. 

 
RQ2: Which neurophysiological methods and measures were applied?  
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42 of the 43 investigations used eye-tracking (ET). Early use of eye-tracking for 
researching model comprehension is found in [44, 59], but these works 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 [3,15,64]. The sensor-toolset has lately been extended from only using 
ET by some to include wristbands for capturing for instance EDA [2,65]. Use of EEG 
is reported in [23, 35]. Techniques from neuroscience such as fMRi and fNIRS has not 
been used. In some experiments, ET is combined with (retrospective) think-aloud [1]. 
In [35] an example of the combined use of all four modalities in MMLA (EEG, ET, 
facial and physiological data) is reported in connection to process model 
comprehension. A paper presented at NeuroIS retreat in 2024 focus on causal 
relationships between biometric measures, using granger-causalities [36]. The findings 
from the experiment reported in [35, 36], demonstrate that particular cognitive-affective 
states detected from using all the four different sensors in combination is relevant and 
influential to understand both the cognitive and affective process of model 
comprehension and the performance of model interpreters. 

No experiment testing neuro-adaptive systems are found in the published literature. 

RQ3: How were the empirical Neuro-conceptualization studies designed?  

The majority of studies (40) included model comprehension tasks, in some cases 
combined with model validation and model creation. Those not including model 
comprehension explicitly looked at model creation [56,59]. Independent variable has 
been  
 aspects of the model (e.g. ambiguities in models [15], model complexity  [66], 

model layout [56],  model modularization [54] and usage of colour [11]). 
 modelling language (comparing modelling languages [11, 43, 69]). 
 modelling method [4]. 
 characteristics of the modeler (including gender [23] and expertise [7,8, 68]). 

Most of the papers is based on understanding operational process models (in both 
functional process models such as BPMN [7,35, 66], Petri-net [69], or EPC [70] and 
declarative process models [2]). There are also examples of analysis of comprehension 
of REA class diagrams [6], decision models [14], goal models using iStar [23] and 
combinations of rule and process models [58], and combination of data and process 
models in UML [28]. Some studies compare different modelling languages [43,69], but 
there are no studies that compare visual and textual models (as done in  e.g. [49] using 
more traditional experiments). Most experiments are done in a lab with individual 
students. [63] describe an experiment using ET with health practitioners, but also this 
in a lab environment. [47] also collect data from practitioners on model comprehension. 
An example of following pairs of modellers with ET is found in [14] to investigate joint 
visual attention.  
    Whereas the BPMN models in [35] is reported to be made in Signavio, few papers 
on model comprehension report the original tool. Typically, the models are made in a 
standard tool and exported to a standard format, and then imported to a special 
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environment for doing the experiment. The tools used in the reported modelling task 
are custom made tools for easier integration with the experiment environment. 

Whereas most of the work collect a limited number of biometric parameters (e.g. 
cognitive load based on eye-tracking), [35] in addition find significant performance 
changes due to all types of sensors and measurements as listed in Table 1, illustrating 
how the use of all the mentioned sensors in MMLA can be used to find distinct aspects 
of the modelling situation. A full overview of results from the studies will be provided 
in a more rigorous structured literature review and is not presented here due to page 
limitations. 
Table 1. Example of measurements that has been found significant for modelling 
performance  
Eye- tracking  Backtracks  

Information processing index  

Average attention  

Familiarity/expertise (Perceived difficulty) 

Face  Frustration  

Boredom  

Confusion  

Wristband  Stress  

Engagement  

EEG  Convergent thinking  

Memory load  

Drowsiness  

 
[36] illustrate how one can identify causality between measurements from all sensors, 
further illustrate the utility of an MM-approach, and not using e.g. eye-tracking alone.  

5 Identified knowledge gaps. 

Based on the knowledge of the developments and previous research of information 
systems modelling and the current literature mapping, we have identified the following 
knowledge gaps (KG):      
 KG1: Most studies in conceptual modelling have been done not taking biometrics 

into account in a holistic manner. E.g. studying of affective aspects for model 
comprehension are missing [41]. A lot of research has been done on especially 
model comprehension [37] that can be reinvestigated taking biometrics into account. 
Replicating studies comparing textual and visual models [49] would be interesting 
given that the joint visual and textual nature of conceptual models as knowledge 
representations provide unique challenges and opportunities since textual and visuo-
spatial processing uses different areas of the brain [27,39]. Also, other differences 
of characteristics of  models, modelling languages, modelling domains, modelling 
tools, modelers, and type of modelling task is interesting to investigate.  
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 KG2: In existing work, one has mainly collected biometrics on a limited set of model 
comprehension tasks in a laboratory setting. Thus, we want to collect biometrics to 
better understand modelling, model validation and model integration tasks, in 
addition to other model comprehension tasks. An additional challenge with some of 
these tasks is the necessity of more movement during the experiment, thus 
challenging the data quality of the data captured from the various sensors. In 
particular EEG-signals are susceptible to noise, although post-processing techniques 
are available to rectify many errors [35].  

 KG3: In existing work, one has collected biometrics on the activities of individuals. 
Modeling is often a collaborative task, and we want to collect biometrics to better 
understand collaborative modelling tasks: In the literature study, we have found 
only one example of this (joint attention in pair modelling [14]). 

 KG4: An important trend in NeuroIS is development of neuro-adaptive systems 
[57]. So far, such mechanisms have not been used for supporting conceptual 
modelling tasks. How can we use biometrics in neuro-adaptive modelling tools? 
There are examples from software development environments e.g. on the use of 
cognitive load, but a challenge is to find which of the large number of biometric 
parameters that is useful in such setting, and also which can be used and still have 
tools that can be according to the new AI Act, which limit the use of biometric in 
commercial tools for learning and work.       

 KG5: In existing work, one has collected biometrics on model comprehension in a 
lab setting. Following up [40], it is also important to use such techniques also outside 
of the lab. To be more generally applicable we must study and collect biometric data 
in a less controlled setting similar to the study of model quality in [34]. 

 KG6: Meta-modelling is often done separately from modelling; thus, limited work 
has been possible to do on studying simultaneous change of models and modelling 
languages. New tools such as AKMM1 enables this, and we want to collect 
biometrics of modelling where one performs such leaps of abstraction, changing the 
modelling language when it is found insufficient to do the task.  

   Studies of this sort have known limitations as for the ability of finding all relevant 
papers. Having close contact with the main authors of work in this area, and with people 
working in NeuroIS and MMLA make me more confident that most relevant work has 
been identified. Searching only in Google Scholar is another potential limitation, and I 
would suggest researchers that want to pursue the listed knowledge gaps to do additional 
detailed searches in the sub-area of research to ensure that one is investigating new 
areas. A start could be to do forward and backward snowballing based on the identified 
papers. Coding of work as for the use of methods and tools has been done only by the 
author, which is an additional limitation. 
 
6    Conclusions and Further Work  
Visual information systems models, in the form of conceptual models, enterprise 
models and business process models have been in use since the 70ties. Some researchers 
claim the applicability of these and similar types of visualization for a large number of 
knowledge representation tasks, which can influence a larger variety and number of 

 
1 https://akmmclient-alfa.vercel.app/modelling 
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people than currently done. To see how cognitive and emotional aspects influence the 
use of such knowledge representations, we find it beneficial to look at techniques within 
neuro-science and biometrics for capturing data as a basis for improving our 
understanding of these phenomenon.  

A number of techniques are found to be used in related fields, such as NeuroIS and 
NeuroSE. Looking upon modelling tasks to a considerable extent as being tasks of 
learning, we have in this paper looked upon to what extend collection of biometrics 
using the techniques found in MMLA is used in information systems modelling 
research. As seen in the literature review, a limited usage of such techniques can be 
found, mostly looking on model comprehension using ET to detect e.g. cognitive load. 
On the other hand, we see examples of more extensive use of sensors to capture a wider 
set of data, for a larger set of modelling tasks, and have described a set of knowledge 
gaps that can be looked upon as inspiration for future work. This must be combined 
with understanding of the social processes when models evolve into socially 
constructed reality.  

The use of sensors will to a different degree limit the ecological validity. Principally 
it is not possible to measure something without influencing the ecological validity, thus 
there is always a threat to validity when doing measurements, what needs to be done is 
to control the significance of this, e.g. by having a controlled lab environment or sensors 
that can collect data in more normal modelling situations. 
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