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Abstract 
Learning is at the heart of every progress the human species makes. It is most 
effective when it considers who we are as individuals, what learning approach we 
prefer and what we already know to begin with. In the digital age, we strive to cap-
ture such information in the form of a digital representation—the so-called learner 
model—, to tailor learning-related systems to this information and build upon it to 
create more personalised learning experiences. Over recent years, the proliferation 
of diverse models across various educational applications and disciplines has made 
it challenging to access targeted research. In this survey, we aim to address this gap, 
reviewing the latest advances in learner modelling and conducting a comprehensive 
analysis of the existing approaches, focusing on developments from 2014 to 2023. 
With the help of a systematic literature review (SLR), we want to provide designers 
and developers of learner models with a structured overview and simplifed entrance 
into the topic and the feld of learner models. We investigate the question: What do 
learner models look like and how are they filled, kept up to date and used? To this end, 
we analyse and classify existing approaches. Our fndings provide a comprehensive 
and structured overview of the feld of learner modelling, allowing researchers to nav-
igate and understand the diverse approaches more easily and providing developers of 
learner models or adaptive systems with a practical tool to access relevant information 
according to their needs. 

Keywords Learner model · Digital twin · Student modelling · Systematic literature 
review · Systematic survey · Systematic review · Higher education · Computer 
science · Computer-assisted learning 
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1 Introduction 

Students at universities are becoming increasingly heterogeneous due to various rea-
sons. Internationalisation, for instance, is leading to a mix of different school systems. 
Other reasons include the elimination of entrance requirements for admission to a 
degree programme. This ‘education for all’ approach creates new challenges for lec-
turers as the educational differences between students are increasing. However, the 
overall goal remains the same: completing the degree programme as successfully as 
possible. In order to achieve this, it is becoming increasingly important to address the 
learner’s individual needs. Due to the large number of students, it is usually impossible 
for lecturers to do this manually, and they must use computer-aided methods (CAM). 

Computer-based training (CBT), software systems to support students’ learning 
process and even human-led instruction can all beneft from a high degree of individu-
alisation. Besides relying exclusively on relatively static knowledge about the learner, 
such as their age or educational background, individualised support also means consid-
ering dynamic information that changes throughout time. For an individualised system 
or individualised instruction, this can manifest in considering the specifc status of the 
learner, such as their previous knowledge in a particular area, their current emotional, 
physical or mental state or the learning context the learners fnd themselves in, and 
adapting the specifc educational methods or mechanisms to this state. 

Looking at the current literature in the feld of (automatic) adaptive education, a 
vast amount of research papers deal with this aspect of individualisation, i.e. the aspect 
of how to adapt learning-related systems to the user. Two basic strands of research can 
be distinguished here. On the one hand, approaches dealing with the recommendation 
mechanisms and, on the other hand, those which generate the basis for this, i.e. the 
models that take care of the user and the items to be recommended. This large strand of 
research looks at how to create a digital representation of these models and, thus, how 
to construct the foundation for the concurrent step of automatic adaption in the form 
of educational recommender systems or similar systems. These systems, as well as 
the interactions between the various modules, are examined in more detail in relevant 
literature on the architecture of Intelligent Tutoring Systems (ITS), such as Böck 
et al. (2025) or Sottilare and Schwarz (2020), Sottilare et al. (2013) and Pavlik et al. 
(2013). The topic of architectures for learning systems is out of our scope, as we deal 
exclusively with learner models as a part of adaptive learning systems. As Dillenbourg 
and Self (1992) already noted, several different theories and techniques for modelling 
learners exist in research, but often they are not considered in more detail. 

In order to offer adaptive computer-based training (CBT), science differentiates 
between the learner (student) and the content to be taught (knowledge/skills). Fig-
ure 1 shows the relationship between the learner (learner model) and the content to 
be learned (domain model). While the learner model contains the various learner’s 
attributes (=

� 
WHO), the domain model contains the concepts or entities and their 

relations, which can be learned (=
� 

WHAT). In our fctitious example, the learner Jane 
Doe is on one side with her attribute specifcation for age, gender, language and others, 
including information such as prior knowledge. On the other side, the content to be 
learned is depicted, which is recursion in this example—a unit from computer science. 
While we focus on the learner model in this work, it is important to note that the two 
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Fig. 1 What to model? Visualisation of the relationship of learner and domain model 

models cannot be considered in isolation, as they are related. The scope of the content 
to be learned, which is in the domain model that the learner has already mastered, 
must also be incorporated into the learner model. 

This systematic literature research builds on this differentiation of the models and 
focuses exclusively on the digital representation of the learner, the so-called learner 
model. To summarise the defnition of the learner model in this light, it is a collection 
of learner characteristics used to inform the learning process and adapt the content 
in the domain model. Although such works often include a large variety of learner 
details, we found that they often remain highly vague about the concrete features that 
a learner model contains (i.e. the detailed formal representation). 

The concept of learner models for individualisation in computer-assisted teaching 
programmes has been around for over half a century (Self 1974). The challenges in 
creating a learner model are often still the same, such as the question of which data 
to integrate and the subsequent representation of the data in the learner model, but 
also the evolution of the data contained (Self 1979). Several approaches to reviewing 
the current literature on learner modelling have been undertaken throughout the past 
years, covering all stages of the process of learner modelling, ranging from the step 
of data collection and the examination of the types of data contained in the models 
to describe the nature of the approaches that are commonly used to model this data. 
We noticed that these works often lack precision in characterising the data contained 
within the models more systematically and in more detail, i.e. they fail to distinguish 
between concrete data and derived learner characteristics. Also, they often focus on 
one or two specifc steps of the overall modelling process. 

Throughout this work, we will look at the complex environment of (guided) learning 
and quickly realise that many disciplines work together in this context. In this paper, we 
explicitly focus only on the sub-disciplines of computer science (technical realisation) 
and pedagogy (didactics of computer science and computer-supported learning) and 
deliberately leave out other important areas, such as the humanities. We will look at 
learner models from the perspective of computer science and pedagogy to answer the 
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major question: What do learner models look like and how are they filled, kept up to 
date and used?, which will be specifed further in Sect. 3.1. A criterion for selecting the 
models is their possible (technical) feasibility, even if they are currently only described 
theoretically. Purely theoretical thought experiments without reference to practice or 
the possibility of implementation are not included. 

Accordingly, the remainder of this article is structured as follows: To create a 
common baseline, the most important terms and the scope of this research are defned 
in Sect. 2. Then, the research methodology is described in detail in Sect. 3, which forms 
the basis for the systematic literature review in Sect. 4. In the synthesis section of the 
systematic literature review, research questions that we specify in Sect. 3.1 on the topic 
of learner models are explored, and a selection of relevant papers is reviewed, with 
each paper being evaluated concerning the previously established requirements. After 
shortly describing the application of the SLR method as well as providing an insight 
into the composition of the results in Sect. 4.1, a general classifcation of the results 
that are equally relevant for all research questions is presented in Sect. 4.2. Thereafter, 
Sect. 4.3 provides a short introduction to how to interpret the results of the following 
parts, and then we dive into the results for the individual research questions. Section 4.4 
thus addresses the structure and components of a learner model. Section 4.5 presents 
the results of the modelling of the learner model, and Sect. 4.6 deals with the topic 
of forgetting knowledge. Finally, Sect. 4.7 provides overall results on learner models 
and their development over the last ten years. After the fne-grained analysis and the 
results, we dive into further discussion in Sect. 5. On the one hand, we examine the 
purpose and applications of such learner models in Sect. 5.1, and on the other hand, we 
show challenges but also opportunities for developing adaptive learning systems with 
learner models in Sect. 5.2, highlighting outstanding research defcits. After providing 
a brief outlook on the research of 2024 in Sect. 6, we conclude with a summary and 
the limitations of this work and give an outlook in Sect. 7. 

2 Definition of terms 

The term learner model is not uniformly defned in the literature. It is, therefore, 
often freely used and controversially discussed from author to author in (scientifc) 
publications, but what does it mean? To be able to answer this and similar questions 
specifcally , we will reduce the term learnermodel to its core, which is to be considered 
separately in the frst step. 

A model describes a partial aspect of a real system or subject relevant to the respec-
tive purpose as a conscious abstraction of it. The most important characteristics of 
models are: 

• models do not describe the respective system or subject completely, but from a 
certain point of view; 

• several models can exist for a system or subject; 
• models exist at different levels of abstraction; from a high-level view to a detailed 

representation; 
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• models consist of various components1; 
• relevant properties of the original must be adequately and completely mapped to 

properties of the models (validation required). 
In our feld of research, the model serves as a digital representation of the student 
(learner), aiming for individual learning support in a digital environment. The ambigu-
ous nature of the concept of the model and the diverse shapes a learner can take in 
digital learning lead to the manifold forms and interpretations of the learner model. 

Before we take a closer look at how the term differs from other related concepts in 
the scientifc literature and then refne the defnition, we will frst examine the learner 
model in its more general form, the so-called user model. According to Johnson and 
Taatgen (2005), “two things are crucial for an adaptive system to work: the existence 
of a means to adapt the task and the ability to detect the need for adaptation” (p. 430). 
User models generally represent this ability to adapt. Typically, the term user model 
(UM) differs widely in the literature (Kay et al. 2022) and depends on the intended 
use, scope, domain and the way information about the user is collected (Hlioui et al. 
2016). In general, one can say that the “user model is a representation of static and 
dynamic information about an individual that is used throughout the whole interaction 
process aiming to trigger several adaptation and personalisation effects. [. . .] [This  
user model] entails all the information which is considered important to adapt and 
personalise the user interface (content and navigation) and functionalities to the unique 
characteristics of a learner. [. . .] Depending on the domain and goals of the system, user 
models can include different kinds of characteristics about the learners (e.g. interests, 
preferences, traits) or data concerning their overall context of use (e.g. environment, 
time, interaction device type, etc.)” (Germanakos and Belk 2016, p. 79). 

Next, it is necessary to highlight the difference between two frequently used ter-
minologies in this context, the so-called user profile and the user model. The user 
profle tends to contain personal information about the user without any interpreta-
tion (de Koch 2000; Liang et al. 2022). This profle is part of the user model, which 
is extended by other learner characteristics, such as competencies or other cognitive 
characteristics, in a modular way through various components. Other defnitions and 
interpretations of the term user profle, such as in the context of the application man-
agement process as a pure role concept, may lead to misunderstandings and are not 
included in this research’s understanding of the user model. 

As our interest is in tertiary education in the domain of higher education, we con-
cretise the general user model that was just considered to be a more specialised learner 
model. The learner model (LM) is thus an “explicit representation of the individual 
characteristics and interaction data of a single learner in the form of a machine internal 
representation” (Böck 2025) and includes many different aspects, which ultimately 
depend on the purpose of the application. The learner model consists of several subparts 
(components), whereby each component is usually a characteristic of the learner to be 
modelled and is managed individually. We understand a learner model exclusively as 
the digitally processed representation of the learner’s characteristics. Inference mech-
anisms and reasoning are further steps that can be applied to the learner model and 
that, in our view, are not part of it but must be considered separately. Additionally, it is 

1 The defnition of components can be found at the end of this section. 
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essential to distinguish the learner model from learning analytics as the latter involves 
the analysis of group behaviours to predict individual outcomes, while the former is 
used as a basis for adapting the learning process for individual learners. 

In this research, the terms student model (Greer and McCalla 1994) or  pupil model 
are used synonymously with the term learner model as our learners are usually uni-
versity students. On the other hand, the terms digital DNA model and digital sibling 
model rarely appear in the literature in this context. Still, they should be seen as syn-
onyms for the term learner model in our research. What is often used as a synonym for 
learner model in the literature is the term digital twin, which is intended to symbolise 
the concept of a digital representation of the learner. The process of creating such a 
learner model is called learner modelling (Piao and Breslin 2018; Khenissi et al. 2015) 
throughout this research. 

3 Research design and methodology 

With the increase in digital learning offers, there is also considerable growth in research 
and practice in the related area of learner models in digital ecosystems, as we have 
outlined before. To get an overview of related work around the topic of learner mod-
els, we decided to conduct a systematic literature review (SLR) following Kitchenham 
(2004), Kitchenham and Charters (2007). This SLR aims to provide a balanced and 
comprehensive overview of the current topic of learner models in the literature, which 
should serve designers and developers as a starting point for developing their indi-
vidual learner models. The SLR is to be executed in several iterations to be able to 
report as comprehensively as possible. For this purpose, the frst iteration, according 
to Kitchenham and Charters (2007), was performed, and the gathered literature was 
analysed. This is followed by at least one further iteration, in which works outside 
previously defned criteria, such as publisher or year, are also included and are con-
sidered and labelled separately. In our work, the second iteration consists of works 
that are relevant or frequently cited (≥ 20 citations per year) but were not included 
in the frst iteration due to our defned criteria (cf. Sect. 3.4). Following this two-
step approach, we explore a comprehensive thematic scope defned by the following 
research questions. 

3.1 Research questions 

To answer the complex question What do learner models look like and how are they 
filled, kept up to date, and used?, we divided it further into three sub-areas: 

• RQ1: What do learner models look like, and what are their structure and compo-
nents? (Sect. 4.4) 

• RQ2: Which data sources are used to initialise and update learner models, how is 
the data collected, and what is the overall modelling approach? (Sect. 4.5) 

• RQ3: How do learner models evolve during their lifetime concerning the learner’s 
ephemeral knowledge? (Sect. 4.6) 
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3.2 Identifying relevant sources 

Table 1 provides an overview of the sources found to be relevant for this research. 
As shown, seven electronic database sources [RS1.1–RS1.5] were selected, which are 
most relevant for the felds of technical aspects of education or (digital) teaching and 
computer science—in particular, the education and training of computer scientists. An 
important criterion in selecting data sources from these felds was to obtain published 
articles—conference proceedings, journal/magazine articles, or technical reports— 
that meet minimum quality criteria (e.g. peer-reviewed). Senior researchers in the two 
felds confrmed the relevance and reliability of the selected sources. In addition, we 
optionally searched preprint servers or repositories [RS2.1–RS2.16] to fnd scientifc 
publications that were not identifed in the primary search. We used these mostly 
preprint results under consideration of our quality criteria (cf. Sect. 3.4) to refer to the 
correct publications. If results cannot be assigned to any of the databases mentioned 
above [RS1.1–RS1.5], they are summarised under various, which is particularly rel-
evant for the second iteration. Additional publicly indexed databases [RS3.1–RS3.7] 
were used for plausibility checks of the results. 

In addition to the numerous scientifc publications, standards and norms should be 
examined more closely for a comprehensive overview. We have already done this in a 
parallel publication (Böck et al. 2024) and include the results in Sect. 4.4 to shed light 
on as many perspectives on learner models as possible. 

3.3 Search strategy 

To obtain all the desired results and thus to be able to create as comprehensive an 
overview of the domain as possible, we have defned two dimensions of the search for 
this purpose as visualised by Fig. 2. The  learner model dimension (Fig. 2—top) and 
its area of application, i.e. the application context dimension (Fig. 2—bottom). 

For the learner model dimension, on the one hand, we have created a list of 
synonyms, abbreviations, and alternative spellings with synonym and spelling dic-
tionaries and keywords in relevant publications, as well as feedback from multiple 
senior researchers. For the context dimension, on the other hand, all possible applica-
tion contexts for learner models such as ‘e-learning’ or ‘personal learning’ that were 
suitable for our purpose were collected and complemented by possible synonyms 
and alternative spellings, for instance, ‘elearning’, ‘personalised learning’ or ‘person-
alised learning’. We could simplify this basis for our search query by subsuming the 
variations under the broad terms ‘learning’ and ‘education’ (visualised by Fig. 2— 
bottom), knowing that this would also fnd syntactically identical but semantically 
different areas of use. For instance, if the search for ‘e-learning’, ‘adaptive learning’ 
and ‘personal learning’ is generalised to ‘learning’, results for ‘machine learning’ can 
also be found as it matches ‘learning’. These semantically non-matching hits were 
then fltered out manually. This list does not claim to be complete but covers many 
relevant search terms. 

We linked all these different variations meaningfully using boolean operators as 
shown in Fig.  3. The syntax of the resulting query in the respective query language 
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Table 1 Overview of relevant research sources 

Relevant research sources 

Reference Provider Domain 
Electronic database resources 

RS1.1 IEEE Xplore ieeexplore.ieee.org 
RS1.2 ACM Digital Library dl.acm.org 
RS1.3 Elsevier ScienceDirect www.sciencedirect.com 
RS1.4a SpringerLink link.springer.com 
RS1.4b SpringerOpen www.springeropen.com 
RS1.4c Springer Nature www.springernature.com 
RS1.5 pedocs www.pedocs.de 
Additional public alternative preprint servers 

RS2.1 arXiv [Cornell University] www.arxiv.org 
RS2.2 TechRxiv www.techrxiv.org 
RS2.3 �asyChair π reprints www.easychair.org/publications/preprints 
RS2.4 zenodo www.zenodo.org 
RS2.5 OSFPreprints www.osf.io/preprints 
RS2.6 SocArXiv www.socopen.org 
RS2.7 fgshare www.fgshare.com 
RS2.8 HAL www.hal.science 
RS2.9 CERN Document Server cds.cern.ch/collection/Preprints 
RS2.10 Preprints.org www.preprints.org 
RS2.11 viXra.org www.vixra.org 
RS2.12 AUTHOREA www.authorea.com 
RS2.13 Qeios www.qeios.com 
RS2.14 PeerJ www.peerj.com 
RS2.15 F1000Research www.f1000research.com 
RS2.16 Academia www.academia.edu 
Additional publicly indexed databases for plausibility checks 

RS3.1 ResearchGate www.researchgate.net 
RS3.2 Google Scholar scholar.google.de 
RS3.3 Semantic Scholar www.semanticscholar.org 
RS3.4 CiteSeerx citeseerx.ist.psu.edu 
RS3.5a Elsevier Scopus www.scopus.com 
RS3.5b Elsevier Engineering Village www.engineeringvillage.com 
RS3.6 dblp computer science bibliography www.dblp.org 
RS3.7 Clarivate—Conference Proceedings www.clarivate.com/products/scientifc-and-academic -

Citation Index research 
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Fig. 2 Overview over search terms: Search terms related to learner model (top) and search terms related to 
this research’s context (bottom), subsumed under umbrella terms. 

Fig. 3 Boolean search terms. 

may vary depending on the data source and may, therefore, need minimal modifcation 
while the semantics remain unchanged. When searching for German publications, the 
terms were translated into German and linked with the same operators. 

The next step is to defne the area to be searched within the relevant selected 
research sources. The search primarily taps into the felds of metadata, title, keywords 
and abstract. We do not consider a full-text search appropriate since the results vary 
greatly and are not pre-sorted and fltered. When looking at the sources that were 
previously identifed to be relevant in Sect. 3.2 in Table 2, it becomes apparent that 
Springer’s services currently only provide the public with full-text search, and they 
are therefore not included in the search for the moment. 

In IEEE Xplore, the command search was used, which allows the defnition of such 
search strings. The ACM Digital Library also supports defning the search as a query 
in the advanced search. The logic can also be mapped at Elsevier ScienceDirect in 
a fx ed structure via individual text felds. Most of the publications found are either 
freely accessible or were obtained via institutional login. Only a few publications 
could not be found this way, but a private license was required. Several papers were 
obtained through personal correspondence with the authors. 
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Table 2 Overview over search options for search providers 

Publisher Search in ... Possible? 
Data Fields Full Text Searched Data Fields 

IEEE Xplore Metadata, Title, Keywords & Abstract 
ACM DL Title, Keywords & Abstract 
Elsevier ScienceDirect Title, Abstract or author-specifed Keywords 
Springer SpringerLink — 
Springer SpringerOpen — 
Springer Springer Nature — 
pedocs Title, Keywords & Abstract 

3.4 Selection criteria and filters 

To limit the number of fnal results before summarising them, we defned various 
selection criteria to approach the results in a more targeted manner. Selection crite-
ria include both exclusion criteria and inclusion criteria. Inclusion criteria are specifc 
characteristics a publication must have to be selected, while exclusion criteria are char-
acteristics that disqualify certain publications from being included. In principle, both 
can be reformulated into each other, and for simplicity, we only use exclusion criteria. 
Usually, exclusion criteria can be answered in a binary form with true and false—often 
even automatically (e.g. language is English)—while flters are often based on a more 
subjective—manual—evaluation (e.g. abstract is relevant). The criteria and flters are 
listed and briefy explained below. 

3.4.1 Exclusion criteria 

Period of Selection. Due to rapid technological progress, especially in the feld of 
technology-based education, we attach great importance to the timeliness of the selec-
tion period of publications. Therefore, we consider publications from the last decade 
more closely, i.e. from 01/01/2014 to 31/12/2023. 
Language. Only English or German publications were selected from the database 

2resources. 
Quality Criteria. From the above database resources, only publications that were 
subject to quality control before publication were selected. For conference papers, for 
example, this is usually some kind of peer review. In addition, this criterion is used 
to weed out (extended) abstracts, workshops, courses, presentations or keynotes, as 
these generally contain little new and concrete information in suffcient detail. 

2 We know this selection could introduce a geographic bias. Our decision is based on the following con-
siderations: On the one hand, we believe many relevant papers are published in English. On the other hand, 
interpreting or translating publications in other languages would require additional technical resources 
beyond the scope of this study. We also found that while relevant English papers often have a technical 
focus, papers with a more pedagogical outlook are often (only) available in German. 
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3.4.2 Filter 

The flters are run sequentially in the order listed below. Multiple researchers should 
preferably review these flters and their applications to weed out irrelevant papers. 
Title. This flter excludes all papers whose title is not related to the research questions 
(Sect. 3.1). 
Keywords. This flter excludes all papers whose keywords are not related to the research 
question. 
Abstract. This flter excludes all papers whose abstract does not ft the topic of learner 
models in adaptive learning systems. 
Conclusion. Since the abstract alone is often not meaningful enough, this flter 
excludes all papers where the conclusion Brereton et al. (2007) is not related to the 
research question and the topic described above. 
Full-Text. In the last step, after the full-text analysis, a decision is made about the 
relevance of the present publication. 

These selection criteria and flters can also be deliberately overridden individually 
(except for quality) in exceptional cases in our second iteration, for example, if a model 
is referenced by numerous papers (thus constituting a base work) but was published 
before 2013. Furthermore, after the full-text analysis, all references of each relevant 
article and their authors are checked to see if other important publications outside the 
search scope should be included in the results. These results of the meta-analysis are 
then also included in the second iteration. This way, publications from different search 
providers that can be traced back to the same approach and authorship are summarised 
and treated as one publication. 

3.5 Selection of extracted data 

Our selection of extracted data serves as a basis for comparing the different models and 
their features, and thus, identical data is collected from all models found. We primarily 
focused on extracting data from the publications that address this article’s specifc 
research questions (cf. Sect. 3.1). Details on these questions will be addressed in the 
respective parts in Sect. 4. In addition to the content specifc to the research questions, 
further data was extracted from the publications. This includes the classifcation of 
the publication and its approach into the corresponding domain (e.g. higher education, 
adult learning), as well as further metadata such as the title of the publication, author, 
year of publication, the number of references, the number of citations (on 18/06/2024) 
and whether the publication is a literature research paper that takes up other approaches. 

Since numerous literature surveys are among the results, it is necessary to consider 
a procedure for dealing with the contents of secondary literature. The scientifcally 
cleanest solution would be to extract the relevant sources from the secondary literature 
and research them individually, turning them into primary sources. However, this is 
not possible in the time available due to the large amount of data to be processed. In 
order to acknowledge the work involved in each literature research, we have decided 
to list the surveys as primary literature sources and to present the sources they cite as 
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direct references, adding the postfx es ‘mentioned by’ or ‘cited by’, to acknowledge 
the actual primary source. 

4 Results 

4.1 Composition of results 

Table 3 shows the number of hits for the boolean query defned in Fig. 3 for each 
search provider without any flters. To ensure reproducibility, we repeated the searches 
at irregular intervals. The result is surprising, as the expected quantitative number of 
results does not match deterministically and reproducibly3. We have decided to use 
01/01/2024 as the starting point4. 

As Fig. 4 shows, 3464 (3437 in the frst iteration plus 27 in the second iteration) 
results emerged from the initial search run. After applying the objective exclusion 
criteria (reproducible process), i.e. time, language and quality, in the frst iteration, 
2792 publications were still available (= 81% of the total number). Then, the more 
subjective flters (individual process) were applied, assessing if the title, keywords, 
abstract and conclusion are relevant to the research questions, after which 315 (288 in 
the frst iteration | 27 in the second iteration) results of the original 3437 (= 8%) of the 
frst iteration were still available for full-text analysis. These remaining publications 
were analysed in relation to the respective research question. The results of this analysis 
can be found in Sects. 4.4, 4.5 and 4.6. 

Figure 5 shows the distribution of relevant publications of the frst iteration by year 
and type of publication. This graph shows that most of the contributions are conference 
publications. It can be seen that there was a slight drop in publications in 2015 and 
2019. Potential explanations for the increase in 2020 might be the global pandemic with 
the need for digital learning, which is also substantiated by the publications’ content, 
or the increased interest in adaptive technologies based on artifcial intelligence. 

After looking at the distribution of the relevant publications from Fig. 5, we now  
look at the distribution over time for the publications originally found with the queries 
in the frst iteration (2797). Here, a strong upward trend is visible over the last decade. 
Figure 6 shows this rapid increase in publications over the last few years, which is 
likely linked to the switch to digital learning driven by the pandemic. 

What becomes evident when we examine both fgures is that while Fig. 6 shows 
a signifcant increase in the publications retrieved before applying the flters, Fig. 5 
demonstrates that the number of relevant papers per year remains roughly constant over 
the decade examined. This indicates that signifcantly more papers were excluded in 
recent years compared to earlier years. Our hypothesis for this effect can be explained 

3 According to logical criteria, the search query with only the year flter between 01/01/2014 and 31/12/2023 
should provide a constant number of results after the end of 2023, regardless of the concrete day after 
31/12/2023. However, this is not the case for all four providers, and the fgures vary slightly. In contrast 
to the numbers on 01/01/2024, for example, a few titles increased on the very next day, i.e. 02/01/2024. 
In quantitative terms, this means that publications from previous years are still being published online and 
backdated or at least indexed. 
4 For the exported results on 01/01/2024, please refer to Böck and Ochs (2025). 
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Table 3 Number of results for each search provider on 01/01/2024 

Overview 
Provider Number of Results (on 01/01/2024) 

IEEE Xplore 1846 
ACM Digital Library 316 
Elsevier ScienceDirect 1231 
pedocs 44 
various 27 

by looking at Fig. 4. It shows that only a few papers were excluded when the title 
flter was applied, while most exclusions occurred after applying the keyword flter . In 
more recent papers, we observed an increase in the use of typical ‘buzzwords’ in titles, 
such as ‘e-learning’ or ‘digital learning,’ which were captured by our search query. 
However, examining the keywords provided a clearer understanding of the paper’s 
content, leading to the exclusion of many. Furthermore, the concepts of digital learn-
ing and e-learning have evolved over the period we studied, and they are far more 
prevalent than they were a decade ago, which could explain why many recent papers 
have passed the initial retrieval process. Another possible explanation for the increase 
may be the common phenomenon known as test of time effect. Overall, we see the 
increase in the number of papers on e-learning in general as a clear consequence of 
the pandemic. 

In addition to examining the distribution of papers throughout the years, we 
also collected domain information for each paper to represent which learners the 
respective models are constructed for. Although the information was scattered through-
out the publications, we classifed the results into six groups as follows. Among 
the publications, more than 60% and, thus, most papers do not specify a cer-
tain domain (not specifed). The second most referred to is the domain of higher 
education (25%), i.e. university or college. The remaining domains are less fre-
quently named, with school being the most frequent among them (approx. 8%) and 
adult learning (approx. 3%), vocational/professional training (approx. 2%) and life-
long learning (approx. 1%) coming after that. This implies that certain domains 
are underrepresented in the research. Still, at the same time, it shows the ver-
satile character of learner models, which are often not restricted to a certain 
domain. An overview of the assignment of domains to papers can be found in the 
“Appendix A”. 

4.2 Classification of results 

After the analysis, generally applicable fndings that apply to all learner models can 
be extracted. We have found that the various models can be classifed according to 
different dimensions. 
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Fig. 4 Search process with flters and number of results for each step and search provider. 

4.2.1 Six dimensions 

During the data extraction and subsequent analysis and the associated data aggregation, 
we extracted six dimensions for possible components within a learner model (cf. 
Fig. 7). Each of these dimensions represents a different way of categorising the possible 
components within a learner model. All dimensions are equally weighted and equally 
important. The dimensions can be described simply with six questions: 
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Fig. 5 Relevant publications over time by category—frst iteration 

Fig. 6 All publications over time by category—frst iteration 
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Fig. 7 Overview of the possible dimensions of learner model components. 

• Where does the required data come from? (cf. data sources in Fig. 7) 
• How is the required data collected? (cf. data collection) 
• How often does the collected data change? (cf. content-related update cycle) 
• What content does the collected data relate to? (cf. content-related focus) 
• To which category does the collected data belong? (cf. categorisation type) 
• How is the collected data represented and modelled in a machine-readable way? 

(cf. modelling method) 

In our experience, these six dimensions can be used to describe and assign all the 
components analysed so far in a learner model. Each of the six dimensions is briefy 
explained below. 

In addition to the six different mentioned dimensions, there can be numerous oth-
ers, such as categories typically used in the legal domain, i.e. provided, observed, 
derived and inferred data (Abrams 2014), which are commonly referenced by offcial 
institutions such as the OECD Working Party on Information Security and Privacy 
(OECD 2014) or the European Commission (European Commission 2017), but this is 
a question of perspective, and in this case the legal perspective seemed less suitable 
to us. Although we did not include the categories in the taxonomy, we show how they 
relate to our classifcation in Sect. 4.5.1. In this SLR, we focus on the six categories 
below that we consider to be relevant and present them briefy before going into detail 
in Sects. 4.4 and 4.5, respectively. 
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Data Sources. Data sources describe the location and, thus, the origin of the required 
or desired data. Here, researchers often distinguish between data that comes from 
external sources outside the in-house system and data that is already available in the 
system sources (internal) and can be processed. 
Data Collection. Once the question of where the data comes from has been clarifed, 
data collection focuses on how the data is collected. This can be done either implicitly, 
for example, through interactions in the system (e.g. log fles), or explicitly by request-
ing a response from the user. Of course, there are also mixed forms that support both 
(hybrid). 
Content-Related Update Cycle. The content-related update cycle dimension describes 
the change frequency of the attribute values. These can be located on a discretised 
continuum between static and dynamic values. 
Content-Related Focus. The content focus dimension describes the content-related 
assignment of the characteristics of the individual attributes. These can be located on a 
discretised continuum between domain-independent (independent of a specifc topic 
to be learned) and domain-specific (a specifc topic to be learned). 
CategorisationType. The dimension categorisation type defnes each component using 
a specially created taxonomy. This is based on both the data that is collected (learner 
data) and its aggregation (learner characteristics). 
Modelling Method. The modelling method describes how the individual component 
is technically modelled and implemented. This will be addressed in Sect. 4.2.3. The  
questions of where the data comes from (data sources dimension) and how it is col-
lected (data collection dimension) are explicitly addressed in RQ2 (Sect. 4.5). RQ1 
(Sect. 4.4) focuses on the four remaining dimensions that deal with the data. 

4.2.2 Exemplary categorisation and use of the taxonomy 

Before we take a closer look at the individual dimensions in the following sections, 
we demonstrate an exemplary categorisation in all six dimensions using one possible 
component to understand the results better and make it easier to get started. Nakic et 
al. have explored the ratio of the number of citations of papers on a particular topic and 
the number of these papers that were published on the topic (2015). Although the ratios 
show that cognitive skills (24.83%) and personality (22.17%) are increasingly the focus 
of research, indicating that their potential in adaptive education should be explored 
further, learning style remains the most frequently cited characteristic (Nakic et al. 
2015). In addition, most learner models take a maximum of three learner characteristics 
into account: knowledge, preferences and learning style (Heidig and Clarebout 2011 
mentioned by Alshammari et al. 2014). Therefore, the following paragraphs will use 
learning style as an example component. 

Honey and Mumford defne learning styles as “a description of the attitudes and 
behaviours which determine an individual’s preferred way of learning” (1992) as cited 
by Nakic et al. (2015). In other words, learning styles refer to individual abilities and 
preferences regarding how a learner perceives, absorbs, and processes learning material 
(Jonassen and Grabowski 1993). We will now look at the six dimensions separately 
and assign the learning style to each. If we start with the data source attribute and the 
question of where the required data to assess the learning style comes from, none of the 
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papers answered this question explicitly, but some information can be deduced from 
the descriptions. For example, the relevant data for learning usually comes directly 
from the application and not from external sources (Rahayu et al. 2022). However, 
the required data will not be obtained exclusively from internal sources; external 
questionnaires are also used to enrich the internal data, so we categorise the attribute 
as hybrid based on the imprecise description. 

The data required to determine a learning style can either be obtained implicitly, 
for example, by analysing existing learner and behavioural data (Bernard et al. 2022; 
Aissaoui et al. 2018; Al-Abri et al. 2017; Lwande et al. 2021; Yi et al.  2017b; Mokhtar 
et al. 2011 cited by Almeida et al. 2018), or explicitly. For this purpose, the learner 
is interviewed directly, and their learning style is determined based on the results of 
the questionnaire (Yi et al. 2017a; Gasmi et al. 2021; Almeida et al. 2021; Al-Rajhi 
et al. 2014; Elghouch et al. 2016; Ishak and Ahmad 2016; Huang et al. 2017; Raj  
and Renumol 2018; Miranda et al. 2023; Clabaugh et al. 2015 cited by Almeida et al. 
2018). Fuzzy logic, decision trees and neural networks are mainly used to automatically 
identify learning styles from behavioural data (Wang et al. 2025). For this reason, there 
is no precise categorisation for data collection, and we, therefore, set it to hybrid (Ding 
et al. 2018; Afni Normadhi et al. 2019; Wang et al. 2021; Lin and Wang 2023). 

The content-related update cycle of learning styles is very static in relation to 
the current age and learning situation and does not change perceptibly (Heidig and 
Clarebout 2011 mentioned by Liang et al. 2022; Ayari et al. 2023; Rahman et al. 2023; 
Chaturvedi and Ezeife 2014; Nguyen 2014b; Abyaa et al. 2019; Cassidy 2004 cited by 
Aitdaoud et al. 2015; NASSP 1979 cited by Hlioui et al. 2016). Learning style is rarely 
regarded as a dynamic value in the literature, but there are exceptions (Aissaoui et al. 
2018; Abdo and Noureldien 2016). Regarding the content-related focus, the learning 
style is independent of the content to be learned (domain-independent) and can be 
transferred to all learning situations (Abyaa et al. 2019; Abdennour et al. 2023). The 
categorisation type in our specially designed taxonomy for possible learner model 
components is in the learner data area, specifcally within the sub-area of master data 
in the personal traits category (learner data > master data > personal traits)5. The  
modelling method is more complex, as there is no representative in the literature 
for all learning style modelling. Various approaches model learning styles based on 
(dynamic) Bayesian networks, for example, Al-Abri et al. (2017), Raj and Renumol 
(2018), Schiaffno et al. 2008 cited by Alshammari et al. (2014) or based on a Markov 
model (Nguyen 2014b) or as an ontology (Rani et al. 2015; Tarus et al. 2017; Akharraz 
et al. 2018). 

All dimensions are summarised again in Table 4 for a quick overview of this 
exemplary categorisation. For the learning style component, there are various pos-
sibilities of semantic characterisation. Over 70 learning style models have been 
proposed (Andaloussi et al. 2017). These range from the Felder-Silverman learning 
style model (FSLSM) (Felder 1988) to David Kolb’s learning style model (Yaghmaie 
and Bahreininejad 2011), to name just a few. The study by Özyurt and Özyurt (2015) 
showed that Felder-Silverman was the preferred learning style model (42%), followed 

5 The assignment within the taxonomy is based on the many publications analysed and is part of the research 
and results of this publication (cf. Table 5 for full taxonomy of learner attributes). Whenever we refer to 
categories of this taxonomy throughout this article, we use italics. 
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Table 4 Learning styles categorisation in six dimensions 

Dimension Dimension Specifcation 

Data Sources 
Data Collection 
Content-Related Update Cycle 
Content-Related Focus 
Categorisation Type 
Modelling Method 

hybrid 

hybrid 

static 

domain-independent 

learner data > master data > personal traits 

(Dynamic) Bayesian network 

by Kolb’s (14.5%), Visual-Auditory-Kinaesthetic/Visual-Auditory-Reading-Writing-
Kinaesthetic (10.1%), Mixed (8.7%) and Cognitive (8.7%) styles. Apart from this, the 
Myers-Briggs-type indicator and models from Honey & Mumford, Gregorc, Keefe and 
Witkin & Goodenough were used as learning styles in a limited number of studies. 

Our aim in demonstrating the classifcation for the learning style was to enhance 
the transparency of our approach within a reasonable scope. As part of this work, 
we extracted and analysed over 180 other possible learner characteristics from the 
analysed publications. Analysing these individually would exceed the scope of this 
paper, which is why we have stored the further classifcations for other components 
in an external repository (Böck and Ochs 2025). 

4.2.3 Modelling approaches 

Numerous works deal with the challenges of modelling learner models, such as the 
topics of granularity (Pelánek 2025) and the appropriate modelling method for a par-
ticular learner characteristic (Pelánek 2017). We summarise the modelling methods 
we identifed in the papers as nine modelling approaches. We have derived them based 
on two existing classifcations of student modelling surveys from different years, i.e. 
Chrysafadi and Virvou (2013) and Abyaa et al. (2019) and supplemented them based 
on the scientifc publications analysed by us to enable an up-to-date classifcation. As 
Fig. 8 shows, Chrysafadi and Virvou (2013) distinguish nine categories, and thus, 
they use a rather fne-grained approach. In contrast, 2019 only distinguish fv e cat-
egories, fusing approaches such as fuzzy modelling and Bayesian networks under 
uncertainty modelling and refning the broad term ‘machine learning techniques’ that 
was used by Chrysafadi and Virvou (2013) into clustering & classifcation and pre-
dictive modelling, reacting to the variety of emerging approaches in this feld. As it 
is still applicable and comprehensive overall, we used Chrysafadi et al.’s work as a 
foundation but updated parts with Abyaa et al.’s more recent classifcation. Also, we 
specifed their broad category of clustering & classifcation further into two distinct 
categories to allow distinguishing between unsupervised and supervised approaches, 
including the traditional method of stereotyping. 

Our selection of modelling approaches can be found at the bottom of Fig. 8. While 
overlay modelling defnes a subset of the domain or expert model to represent the 
learner’s knowledge (Stansfeld et al. 1976), perturbation modelling extends it with 
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Fig. 9 UpSet plot with example data: Co-occurring learner information in learner models. 

the concept of misconceptions (Mayo 2001). Ontologies defne structured knowledge 
and are often used for domain modelling; however, we refer to it only as a structured 
user representation. Uncertainty modelling handles uncertainty in knowledge repre-
sentation, which may, according to Abyaa et al. (2019), include techniques such as 
fuzzy logic (Zadeh 1965) or Bayesian networks (Conati et al. 2002). Constraint-based 
modelling uses constraints to explain learner behaviour or understanding (Ohlsson 
1994). Classification approaches group learners based on similarity in a supervised 
manner, including stereotypes (Rich 1979), while clustering approaches do the same in 
an unsupervised manner. Predictive modelling approaches predict possible outcomes 
based on varying inputs. They may appear in the form of Item Response Theory (IRT) 
(Hambleton and Swaminathan 1985), or its extensions such as the multidimensional 
variant (M-IRT) (Reckase 1972) and Diagnostic Classifcation Models (DCM) (Rupp 
et al. 2010), machine learning techniques, deep learning (DL) and neural networks 
such as Recurrent Neural Networks (RNN), Natural Language Processing (NLP) or 
Bayesian Knowledge Tracing (BKT) (Corbett and Anderson 1994). Last, cognitive 
theories seek to understand the learning process, such as the OCC theory of emotions 
(Ortony et al. 1988). This also includes computational cognitive models based on cog-
nitive architectures such as ACT-R (Anderson et al. 2004), which is also grounded in 
cognitive theory. In the coming sections, we will refer back to these approaches. 

4.3 Interpretation of results 

In this work, we use UpSet plots (Lex et al. 2014) regularly since they are particularly 
helpful in displaying combinations of data, such as components of the learner models 
or data sources. 

To facilitate the understanding of these plots, we provide a short example in Fig. 9, 
which describes the information that can co-occur within learner models. The side 
histogram represents the total frequency of the individual information (e.g. degree) 
across all possible combinations. In contrast, the upper histogram represents the result 
frequencies of a specifc set of information, e.g. learner models that only hold the 
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Fig. 10 Search process results for RQ1. 

degree (column 1), learner models that only contain the degree and the birthdate but 
not the gender (column 4), or learner models that contain all elements (column 7). 
While bullets represent the individual items, lines that connect a set of bullets indicate 
that several items are combined in the learner model by an n-ary boolean ‘AND’ 
operator—and thus are all used to describe the learner by the models. If the readability 
of the UpSet plot suffers from a large number of combinations, we do not visualise 
all possibilities but use a threshold to display only the most frequent occurrences. The 
complete UpSet plot can then be found in “Appendix A”. If such a threshold value is 
used, this is indicated in the respective plot. 

4.4 RQ1: Structure and components of learner models 

The learning process depends on several individual characteristics, which can also be 
combined in various ways to infuence learning performance (Jonassen and Grabowski 
1993). In this section, we are concerned with answering RQ1: What do learner models 
look like and what are their structure and components?6. To do this, one must deter-
mine, on the one hand, how learner models generally look in terms of structure and 
composition (syntax) and, on the other hand, what the actual meaning of the individual 
components (semantics) is and their effect. In addition to the question of which com-
ponents are possible, the effect of each component on learning behaviour is also an 
interesting question but not the subject of this research. We intend to provide the com-
plete spectrum of a maximally developed learner model as a normative component for 
creating new learner models. As research continues, it is not surprising that even the 
same authors recommend and develop different sets of their respective learner models 
over the years (Brusilovsky 1996, 2001; Brusilovsky and Millán 2007; Bull and Pain 
1995; Bull et al.  2001; Bull  2004; Kay and Bull 2015; Bull  2020). 

As  shown in Fig.  10, 197 relevant publications from various sources remained for 
the answer to RQ1. This is a relative ratio of 62.5% of publications that deal with 
learner models and address RQ1. The selection of publications concerning the learner 

6 At this point, it should be noted again that in this work, we are not concerned with models in the sense 
of learning theories or psychological models, but with data models or machine data representations in the 
sense of the data collected about the learner and the modelling of their specifcs. 
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model’s structure, elements and possible modelling approaches was examined in more 
detail below. 

As we see in this subsection, the learner models described are rather superfcial and 
lacking in detail. Many explanations refer to standards that are frequently used and 
then expand on these with individual aspects (Qiu et al. 2020; Zhao 2021; Wang et al. 
2021; Jun-min et al. 2018; Fei Zhou et al. 2017). For this reason, we will frst take 
a closer look at the prevailing standards and then at our overarching fndings based 
on the body of papers guided by the previously introduced classifcation of results 
(Sect. 4.2.1) in more detail, including a taxonomy of attributes, for instance. 

4.4.1 Standards for learner models 

In another study (Böck et al. 2024), we have already dealt with the same research 
question in the context of existing norms and standards. The aim was to look for a 
standardised approach to how learner models are created and which sub-components 
are standardised—regardless of their purpose and use. 

We reviewed 868 standards, of which 16 remained for the question of the structure 
and components of learner models, which were analysed in more detail in the next step. 
The remaining 16 publications already differ fundamentally in terms of their purpose 
and the reason for their existence. They range from exchange options for learner data 
(ISO/IEC 2019, 2016) and their implementation (IEEE 2022) to the specifcation of 
learning resources (ISO/IEC 2015), for example for people with cognitive and learning 
disabilities (W3C 2021), to a complete, comprehensive digital ecosystem of which the 
learner is a part of (1EdTech 2001; Ed-Fi Alliance 2023). The type of standard also 
differs, e.g. from generally applicable standards (ISO/IEC 2021) to active standards 
of consortia (IEEE 2023; JADN 2021) or their pre-development: drafts (IEEE 1997). 

Of the remaining standards, three concern themselves more intensively with learner 
models. In ISO/IEC (2021), a mobile learner model and its specifc attributes for 
learning, such as device, connectivity or location, is described. In 1EdTech (2001), 
the 1EdTech consortium focuses on the interoperability of internet-based information 
systems for learners interacting with other systems. The specifcation of the learner 
is based on a data model that describes the learner’s characteristics required to record 
and manage the learner’s progress, goals, performance and learning experience. In the 
late 1990s, IEEE P1484.2 already attempted in IEEE (1997) to specify the syntax and 
semantics of a learner model by centralising public and private learner information 
(also known as PAPI Learner). 

Research on possible norms and standards in the feld of learner models has shown 
that there are few approaches in this area and that these are either specialised (ISO/IEC 
2021) or complex and more than just learner models (1EdTech 2001) or have not been 
pursued further (IEEE 1997). However, no standards have been found that describe 
a generalised valid learner model that can be extended according to individual needs 
or that deal with creating such learner models (Böck et al. 2024). The following 
approaches are among the best-known de facto standards of learner models. 

• IEEE PAPI (IEEE 1997): 
The draft (IEEE P1484.2, 1997) defnes the syntax and semantics of a learner model 
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by characterising the learners and their knowledge/skills, separating them into 
public and private information (IEEE Personal and Private Information (PAPI)). 
The information about the learner is represented in multiple levels of granularity 
and therefore divided into six categories: (1) PAPI Learning Staff (demographic 
data), (2) PAPI Learner Relations (relationships with other learners), (3) PAPI 
Learner Safety (enrolment information), (4) PAPI Leaner Performance (future 
goals), (5) PAPI Learner Preference (preferences) and (6) PAPI Leaner Portfolio 
(previous experience). In the early 2000s, the draft was transferred from IEEE 
SA (IEEE/LTSC) to ISO (ISO/IEC JTC1 SC36) in collaboration with IMS (now 
1EdTech), but its presence soon diminished (Böck et al. 2024). 

• IMS LIP (Smythe et al. 2001): 
This specifcation addresses the interoperability of Internet-based learner informa-
tion systems with other systems that support the Internet learning environment. For 
this purpose, the representation of the learner is specifed and stored on a learner 
information server and made available to other applications. The learner specifca -
tion is based on a data model that describes the characteristics of a learner that are 
necessary for recording and managing the learner’s progress, goals, achievements 
and learning experience. The learner characteristics are divided into eleven cate-
gories, i.e. (1) identifcation, (2) goal, (3) qualifcations, certifcations and licenses 
(qcl), (4) activity, (5) transcript, (6) interest, (7) competency, (8) affliation, (9) 
accessibility, (10) security key and (11) relationship. The standard is based on the 
notion of a classic CV. 

• CELTS-11 (Li et al. 2002; CELTS 2012): 
The Learner Model Standard (CELTS-11) established by the Educational Informa-
tionisation Technology Standard Committee in China covers the basic information 
of learners, learning information and other aspects of characteristic information 
(Wang et al. 2012). The Department of Science and Technology in the Min-
istry of Education has established a new technical Learner Model standard for 
online education. The later founded Chinese E-Learning Technology Standards 
(CELTS) committee implemented the technical standards for online education in 
China in 2002 (Li et al. 2010). The model includes eight categories: (1) individual 
information (e.g. identifcation, name, mail, personal information), (2) academic 
information (e.g. study plan, study completion status), (3) management informa-
tion (e.g. rewards, penalties, learning events) (4) relationship information (e.g. the 
relationship between the learner and others), (5) safety information (e.g. security 
credentials), (6) preference information (e.g. device preference, emotion, inter-
est), (7) performance information (e.g. issue object, learning experience, learning 
ability, granularity) and (8) portfolio information (e.g. accomplished work and 
projects of the learner). 

• GB/T 29805-2013 (GB/T 2014): 
The national standard of China known as GB/T 29805-2013 Information 
Technology—Learning, Education and Training—Learner Model describes a 
model that divides the subset of learner information into eight categories of 
information: (1) personal information, (2) academic information, (3) management 
information, (4) relationship information, (5) security information, (6) preference 
information, (7) performance information and (8) portfolio information. This stan-
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dard applies to building a database of learner information for different learner 
characteristics, migrating and exchanging learner information between different 
systems, improving the portability of learner information data and ensuring the 
security of user data. 

• eduPerson (Internet2 2003): 
eduPerson is an LDAP schema incorporating commonly used personal and organ-
isational attributes relevant to higher education. In the current version (202208) 
v4.4.0 (MACE 2022), 16 different attributes can be assigned to a learner. There 
is no offcial categorisation of the attributes, but they can be divided into (a) gen-
eral attributes that contain information about the learner, such as name, and (b) 
learner-specifc attributes, such as the learner’s affliation and relationships. 

• FOAF (Brickley and Miller 2014): 
The FOAF language is defned as a dictionary of named properties and classes to 
link people and information using the Web by which users can retain some control 
over their information in a non-proprietary format. The specifcation summarises 
three types of networks: social networks involving human collaboration, friendship 
and association; representational networks that provide a simplifed, factual view 
of a cartoon universe; and information networks that utilise web-based linking to 
share independently published descriptions of this interconnected world. 

Although these models have a set of common learner characteristics, they differ in their 
primary purposes and how systems utilise their embedded information. It is common 
practice to create a learner model for a learning system by integrating various learner 
model standards to leverage their unique advantages. Ouf et al. (2017) compare the 
standards mentioned and conclude that the IEEE PAPI and IMS LIP standards focus 
on the performance of the learner without taking into account the goals and purpose of 
education, which is important for individualised education. EduPerson is considered 
the best standard for data exchange between educational institutions, while FOAF 
represents relationships between learners but does not collect data. Both eduPerson 
and FOAF neglect the learning style, which is considered essential for personalised 
e-learning systems. None of the standards mentioned (IEEE PAPI, IMS LIP, FOAF, 
eduPerson, CELTS) take learning time into account, which is important for accurate 
performance assessment. IMS LIP integrates interests, while the other standards do 
not, although they are crucial for choosing appropriate learning activities. 

Hlioui et al. (2016) also compare the most common standards and conclude that they 
are not complete enough to cover all learner data that can be exchanged by e-learning 
systems (Oubahssi and Grandbastien 2006 mentioned by Hlioui et al. 2016). They note 
that PAPI is focused on administrative data at the expense of preferences, competencies 
and academic performance. The IMS LIP standard is more of an extension of the PAPI 
model (Lazarinis et al. 2009 mentioned by Hlioui et al. 2016). The elements are based 
on the concept of a classical CV (Panagiotopoulos et al. 2012 mentioned by Hlioui 
et al. 2016) so that elements such as learning objectives, behaviour, preferences and 
the collaborative aspect of learners are not considered. 

However, numerous in-house developments of learner models build on the standards 
already mentioned and attempt to eliminate their disadvantages or risks with extensions 
and adaptations (Ghallabi et al. 2015 and Zghibi et al. 2012 and Panagiotopoulos et 
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al. 2012 and Hadj-M’tir 2010 mentioned by Hlioui et al. 2016). Learner information 
is stored in a customised, standardised format based on IEEE PAPI and IMS LIP 
and extended by performance data such as grades and learning progress (Rahayu et al. 
2022). Others use specifcations that already include more than basic learner data, such 
CELTS-11 (Zhao 2021; Wang et al. 2021; Jun-min et al. 2018; Fei Zhou et al. 2017) or  
GB/T 29805-2013 (Qiu et al. 2020), which includes basic personal information about 
the users, their learning style, level of knowledge and other user characteristics. 

In addition to the numerous learner model standards, there are many scientifc pub-
lications from scientifc conferences and journals. The publications counted in Fig. 10 
range from ideas to approaches that have already been evaluated. In the following, we 
compare and categorise the different concepts. 

4.4.2 Taxonomy of attributes 

From the analysed literature, we have extracted and summarised the most common 
attributes of a learning model, as far as known, including their modelling approach. 
The more frequently an attribute is used in the learner models, the greater its impact 
seems to be, which would explain the frequency. Attributes are, for example, name, 
age, origin and the current level of knowledge of a domain, as well as previous educa-
tion and, if already available, behavioural data in a digital system. The frst diffculty is 
that not every attribute is interpreted similarly. We, therefore, catalogue the attributes 
under different categories. The data can thus be divided into categories such as master 
data (demographic & biographic data, academic/educational data) and also cognitive 
characteristics or affective & motivational characteristics. The aim of the taxonomy 
is to characterise the various components of a learner model to highlight similarities 
between the components. Another alternative would be characterising the compo-
nents based on their impact on learning. However, this requires great effort due to the 
numerous studies and evidence, so we have chosen the frst categorisation. We have 
organised this categorisation into a specially developed taxonomy to better understand 
the individual features and make it easier to understand the results and get started. To 
enhance clarity and maintain a concise presentation, we have intentionally excluded 
detailed discussions of individual works due to the extensive scope of the analysed 
literature. Instead, we describe the categories in general terms, referencing commonly 
cited examples from the reviewed publications. A differentiated list, as well as detailed 
information on the individual publications analysed, can be found in the Appendix 
and also in the repository which was created for this specifc purpose (Böck and Ochs 
2025). 

Table 5 extends the categorisation to include all attributes found within a learner 
model and their assignment to the taxonomy. It shows that many attributes can be found 
in the area of cognitive characteristics, closely followed by attributes from the personal 
traits, academic/educational data and contextual data categories; while others, such 
as physiological data, occur less frequently, as these are often more diffcult to collect 
and model. The table already provides an initial overview of the variety of possible 
attributes of a learner model and visualises the distribution of the various attributes in 
their respective categories. 
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Table 5 Overview of the various possible attributes within a learner model based on the examined pub-
lications. Classifcation according to the main categories and subcategories of our taxonomy—learner 
characteristics 

Learner characteristics 

cognitive 
characteristics 

cognitive ability, cognitive level, cognitive style, cognitive defcits, 
attention, concentration, (work) memory, knowledge/prior 
knowledge/foreknowledge, intelligence level, competence, 
profcienc y, skills, ability level, ability to understand and learn, 
analysing abilities, comprehension, analysing and reasoning, 
abilities to solve problems, critical thinking, abilities to make 
decisions, communication skills, collaborative skills, creation, 
information processing abilities, phonological processing, 
orthographic processing, lexical access, perception, perceptual 
style, beliefs, learner’s credibility, objectives 

metacognitive 
characteristics 

self-awareness, self-management, self-monitoring, self-assessment, 
self-regulation, self-explanation 

affective & motivational 
characteristics 

mental state, engagement, effort, commitment, volition, motivation, 
user intentions, expectations, learner opinion, desires, emotions, 
feelings, sentiments, mood state, self-esteem, satisfaction, 
fo w/immersion, anxiety 

Most attributes can be modelled in different ways. We therefore present all the 
options found in an unprioritised manner. The general categories of the individual 
features are briefy described below, and the most important fndings are summarised. 
The taxonomy is divided into two main sections: learner characteristics and learner 
data. 

Learner Characteristics are the descriptive properties derived by analysing learner 
data and can be divided into cognitive characteristics, metacognitive characteristics 

7and affective & motivational characteristics. 

Cognitive Characteristics. The term cognitive refers to learner functions associated 
with perception, learning, remembering, thinking and knowledge. The three most 
common categories of cognitive characteristics in the literature are cognitive styles, 
abilities and defcits. In this context, the topics of attention and concentration or work-
ing memory are often mentioned, but the topics of knowledge and competencies are 
also highly present. Starting with individual skills and their ability level through to 
pure knowledge, which can be divided into prior knowledge8 and newly acquired 
knowledge. 
Metacognitive Characteristics. Metacognition is a term from psychology and neu-
roscience that describes learners’ ability to refect on their thought processes and 
scrutinise decisions. This includes skills such as self-awareness, self-management 
with self-monitoring, self-assessment and self-regulation. 

7 These three categories could be subdivided even more fnely , but the clear-cut classifcation of the different 
attributes is then not always necessarily given, so we deliberately do without the intermediate level in this 
case. 
8 Some authors also use other synonyms for prior knowledge, such as foreknowledge 
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Affective & Motivational Characteristics. Affectivity summarises the entirety of the 
emotional and mental life, which comprises mood, emotion and motivation. In the 
literature, motivation and engagement are often equated and mentioned along with 
effort, commitment, and volition. However, the expectations and desires of a learner 
also play an important role, as both topics infuence the emotions and mood state of 
the individual. The spectrum ranges from satisfaction to anxiety. 

Learner Data is the actual, specifc information collected and analysed to determine 
these learner characteristics. The learner data category is subdivided into fv e main 
sections. Each of these fv e main categories has at least two subcategories. 

Master Data. Master data covers basic information about a learner that is necessary 
for their identifcation and management in a system. This includes demographic & 
biographic data that describes a learner’s structural characteristics and personal life 
stories, as well as personal traits that defne character traits and behaviour. This is sup-
plemented by administrative data (identification data), which is used specifcally for 
identifcation and management in administrative processes, and academic/educational 
data, which relates to a learner’s educational background, achievements and learning 
processes. 

Demographic & Biographic Data. Demographic data includes information about a 
learner’s structural characteristics. It is enriched with biographical data, which refers 
to personal information about a learner’s life story or career without their educational 
background. The learner’s name, gender, date of birth, place of origin, address and 
other contact details are often used as personal information. In addition, this data is 
optionally expanded to include the learner’s mother tongue, cultural aspects, afflia -
tions, occupation, and other information about the learner’s professional life. 

Personal Traits. Personal traits data refers to a person’s character attributes, 
behaviour and personality traits. Interests and ambitions are often refected in learning 
targets and goal setting. Important for subsequent personalisation and, above all, indi-
vidualisation is information about learners and learning preferences, such as learning 
styles, so that the learning process can be selected as appropriately as possible. This 
also requires information about abilities and diffculties. 

Identification Data. Identification data, specifcally management or administrative 
data, is specifc information used to identify and manage learners within an admin-
istrative system. Most of the data used here is metadata about the learner (such as a 
unique ID), as well as their user data (for example, email, enrolment number, user 
type) and credentials (username, password). 

Academic/Educational Data. Academic/educational data is information related to 
the learners’ educational path, achievements and learning processes. The most recent 
educational degree and the associated current level of education are important for get-
ting started. Certifcates of completion, academic achievements, and relevant training 
that have led to this help to understand the learner better. The previous learning plan 
and the courses taken also provide information about the learner. 
(Learning) Output Data. (Learning) output data covers information that records and 
analyses the behaviour of learners during the learning process and their interactions 
with learning materials and assessment tools. This data captures how learners use the 
resources provided and perform in any assessment form. 
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Learning Resource/Assessment Data. Learning resource/assessment data is infor-
mation about learning materials and assessment tools used in the educational process. 
All learning elements, such as tasks started and their results are stored, regardless of 
whether they have been successfully completed, along with other event data such as 
problem-solving time, completion rate or click-through rate. 

(Learning) Behaviour Data. (Learning) behaviour data records and analyses learn-
ers’ behaviour during the entire learning process. This is data that records the 
overarching behaviour across several learning elements and between different learning 
elements. The current learning path can be determined from the stored activity plan 
of the completed activities and their progress. In addition, generic information such 
as mistakes made and misconceptions are also saved. 
(Social) Interaction Data. (Social) interaction data covers information about the con-
tent that learners create and share on social networks and platforms, as well as the 
interactions and activities that result from this content. This data captures both the 
semantic content and the behaviour of learners in social environments, providing a 
comprehensive picture of their social interactions and engagements. 

Social Content Data. Social content data refers to the semantic content created 
and shared by learners on social networks and platforms. This includes learner 
contributions—for example, in groups, projects or individual work—and all open 
data freely accessible to a learner on the internet. 

Interaction Data. Interaction data is information that results from learners’ interac-
tions, activities and behaviour in social networks and platforms. Interactions with the 
system and social behaviour within the system are stored. These usually address ques-
tions such as: Who is communicating with whom, what are the learner’s relationships 
with others, and what is the level of collaboration? 
(System) Environmental Data. (System) environmental data covers information that 
describes the specifc context and the technical requirements of the system under 
which interaction or use of a system occurs. This includes both contextual data, which 
defnes the environment and circumstances of a situation, and technical usage data, 
which records the technical behaviour and use of systems, applications or devices 
independently of the learner. 

Contextual Data. Contextual data, also known as context-aware parameters, 
describes the specifc framework or circumstances surrounding a particular situation 
or interaction. This data provides additional details about the context in which an 
action occurs or a decision is made. This context can be socio-technical and address 
the circumstances under which learning occurs: Is it standard online learning or emer-
gency remote teaching (ERT)? Therefore, the ecosystem in which learning takes place 
plays a major role, as do the learner’s end device and its characteristics. 

Technical Usage Data. Technical usage data comprises information relating to the 
technical behaviour and use of systems (user-independent), applications or devices. 
This technical data includes events and activity logs and, for example, the browsing 
history within the learning platform. 
Psychomotor & Physiological Data. Psychomotor & physiological data cover infor-
mation about a learner’s physical and biological functions of the body (physiological 
data) and the interaction between mental processes and motor skills (psychomotor 
data). 
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Physiological Data. Physiological data refers to information that describes a 
learner’s physical and biological functions. This includes data such as heart rate, skin 
responses, brainwaves and even eye tracking, which is recorded via webcams or other 
sensors. 

Psychomotor Data. Psychomotor data relates to information that describes the 
interaction between a learner’s mental processes and motor skills. This can be, for 
example, physical movements or activities. 

Evaluation of Components and their Dependencies 
The mapping of possible attributes of a learner as components of the learner model 

to a category of our taxonomy often does not allow a clear assignment, as many 
attributes are context-sensitive. For instance, behavioural data can be found in “logs” 
in general, but also in the category (learning) behaviour data about learning data or 
interaction data in the social environment. If the reference is not directly apparent 
from the context, we have mapped it for all meaningful possibilities. The complete 
fgure with all possible attributes shows the various combinations and possibilities of 
individual attributes (Böck and Ochs 2025). 

Analysis of the Main Categories A closer look at the distribution of the learner 
characteristics and learner data used in learner models in the literature is shown in 

10Fig. 119, . A total of n = 129 out of 197 works dealing with RQ1 provide detailed 
information about the components of their learner models, which makes a relative 
share of 65%. Only 14 of 129 focus exclusively on learner characteristics (11%). We 
will only look at the top categories from Table 5—column 1. Looking at Figure 11, 
it is immediately noticeable that the combination of (learning) output data, cognitive 
characteristics and master data (n = 14) occurs most frequently. This is followed 
by the two individual categories cognitive characteristics (n = 12) and master data 
(n = 9), as well as their combination (n = 9). The combination of (learning) output 
data and cognitive characteristics (n = 7) also occurs frequently in relation to the 
other possible combinations. The relevance of these main categories becomes apparent 
when looking at the absolute number of occurrences: 70% of the analysed works 
contain cognitive characteristics (n = 90), closely followed by master data (n = 84) 
with 65% and (learning) output data (n = 76) with 59%. Therefore, combining these 
maximum frequent items forms the maximum frequent item set (learning) output 
data, cognitive characteristics and master data. Most learner models (88%) consist 
of a mix of pure data (such as master data) and characteristics derived from it (such 
as cognitive characteristics). 

Figure 12 shows the main categories of the components in learner models over 
time. Looking at the distribution over the last ten years, no clear trend can be identifed 
as to which of the categories has increased or decreased in relevance. What can be 
said, however, is that the categories of cognitive characteristics and master data have 

9 To keep the visualisation of item combinations manageable and as clear as possible, only those which 
appeared at least twice have been included into this plot. A complete version of the plot can be found in 
“Appendix Fig. 20”. 
10 Combinations that appear only once have been excluded from the plot for the sake of readability. 
Therefore, the frequencies on the left-hand side histogram differ slightly from those presented above. A 
complete version of the plot can be found in “Appendix Fig. 20”. 
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Fig. 11 Frequency of use of (combinations of) main data categories for components of the learner model. 
Overall source frequency—left histogram; frequency of combination of sources—top histogram. 

Fig. 12 Main data categories for components of the learner model over time (occurrences have been 
normalised as the count of papers per year varies. 

been consistently important over the years and have accounted for the largest share. 
Metacognitive characteristics, for example, are weakly represented and can only be 
found in individual years, such as 2014, 2020, 2021 and 2022. Similarly, psychomotor 
& physiological data could also not be found in all years; corresponding publications 
were missing in 2015 and 2017. 

Analysis of the subcategories While the main categories of the taxonomy were 
analysed in the previous part, this part takes a closer look at the subcategories. It 
can be seen that personal traits (n = 70) occurs most frequently with 54%, closely 
followed by (learning) behaviour data (n = 61) with 47%, demographic&biographic 
data (n = 41) and interaction data (n = 39) with 32% and 30% respectively. Learner 
models with purely identification data do not occur at all (this is also the reason 
why it is not shown in the plot) and as a subset in only 6% (n = 8) of the analysed 
publications. The proportion of learning resource/assessment data—abbreviated in 
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Fig. 13 Frequency of use of (combinations of) data categories for components of the learner model. Overall 
source frequency—left histogram; frequency of combination of sources—top histogram. 

the plot as resource/assessment data—is surprisingly tiny at only 26% (n = 33). This 
could be related to the phenomenon that the insights gained so far from the learning 
data alone are insuffcient and, therefore, enriched with additional attributes addressing 
other categories of learner data and characteristics. The various combinations of data 
categories occur relatively rarely and amount to an average of 2% (n = 2). Figure 
13 shows the subcategories. For better readability, the data was standardised and then 
normalised, so that occurrences below two were removed. This process reduces the 
content to be displayed in the graph to the essentials.11 

Looking at the development of the data categories over the last few years, as shown 
in Fig. 14, no general conclusion can be drawn from the combined total of all data 
categories over time. However, when the categories are considered individually, it 
can be seen that personal traits and (learning) behaviour data make up the most 
signifcant proportion of data per year on a relatively constant basis. Yet, not all 
categories are consistently addressed in the publications. For instance, identification 
data, physiological data, and psychomotor data are missing in some years. 

For the sake of completeness, Fig. 15 shows the distribution for the main categories 
and subcategories of our taxonomy in relative and absolute numbers. 

4.4.3 Content-related update cycle 

The content-related update cycle addresses how often the content of the individual 
attributes or components changes and should, therefore, be updated. The change fre-
quency of the content of the individual attribute values is on a discrete continuum 
between static and dynamic values. Classifcation is usually done automatically based 

11 Combinations that appear only once have been excluded from the plot for the sake of readability. 
Therefore, the frequencies on the left-hand side histogram differ slightly from those presented above. A 
complete version of the plot can be found in “Appendix Fig. 21”. 
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Fig. 14 Data categories for components of the learner model over time (occurrences have been normalised 
as the count of papers per year varies. 

Fig. 15 Tree visualisation of this article’s taxonomy of learner model attributes, structured as a hierarchy 
of main categories and subcategories. The distribution is presented in relative and absolute numbers. 
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on the attribute. Frequent static values are created at the initialisation of a new learner 
and retain the same value over a long period, such as name, date of birth, gender or 
mother tongue. Very dynamic attributes are usually related to the learning progress, 
such as learning targets or progress. However, the change frequency cannot be gen-
eralised and transferred to other components; each component must be considered 
individually. The content of some attributes can also change over time from more 
static to more dynamic attributes and vice versa. In addition, the attributes can also 
differ between learner models depending on the interpretation and use case: for this 
reason, the defnition of the time in which an attribute value changes is decisive. Rel-
evant literature on this topic also reveals a distinction in the type of data collected, 
whether it is predominantly more static (Chignell and Hancock 1988; Jeremić et al.  
2012) or more dynamic (Germanakos and Belk 2016; Tadlaoui et al. 2019). However, 
as these works already imply, a clear assignment on such a continuum is hardly feasible 
and complex, and any generalised assignment would not meet our quality standards. 
For this reason, we have not assigned specifc categories to publications regarding this 
aspect. 

4.4.4 Content-related focus 

The content-related focus deals with the semantics of the content of the individual 
attributes or components and their relationships to specifc learning content or general 
content. Attribute values can be classifed on a discretised continuum between domain-
independent (independent of a specifc topic to be learnt) and domain-specific (a 
specifc topic is to be learnt). Domain-independent attributes store general information 
about the learner, independent of the semantic content being learnt. This can include 
name, contact information and personal data. Domain-specifc attributes relate to the 
content to be learnt and depend on it, such as motivation, interest and goals. Referring 
back to the example from Fig. 1, recursion as a subject is a specifc learning content 
in some modules and, therefore, represents domain-specifc content. However, the 
content-related focus cannot be generalised and transferred to other components; each 
component must be considered individually. The content of some attributes can also 
change over time, namely from more domain-specifc to more domain-independent 
attribute values and vice versa. In addition, the attributes can also differ between the 
learning models depending on the interpretation and use case. For this reason, the 
categorisation can only be considered at one point but may change over time. Similar 
to the content-related update cycle, providing a clear classifcation in our taxonomy 
is complex and of limited value, as there are few instances that can be exclusively 
labelled as either domain-independent or domain-specifc. For this reason, we have 
decided not to assign categories to the examined publications regarding this aspect. 

4.4.5 Modelling method 

Only 24% of the publications (48 out of 197) that deal with the possible components of 
a learner model touch on modelling these components or treating them superfcially . 
Often, only the various modelling techniques are listed, without more precise refer-
ence to the individual attributes or their differences (Liang et al. 2022; Sani and Aris 
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2014a, b; Lei and Mendes 2021; Kurup et al. 2016) or roughly characterised according 
to the types of attributes. For example, structural modelling is attributed to vectors of 
features or stereotypes and behaviour modelling to classifcation systems or semantic 
technologies (Pucheta et al. 2022). There are different modelling approaches for the 
individual attributes. It often depends on the application and cannot always be gen-
eralised. Knowledge can be modelled with the help of overlay models (Kaliwal and 
Deshpande 2022; Abdi et al. 2021; Beyyoudh et al. 2018; Iqbal and Nurjanah 2016; 
Al-Rajhi et al. 2014) or with other methods such as fuzzy logic rules to update the 
knowledge levels (Lei and Mendes 2021; Chrysafadi et al. 2020; Wang et al. 2021) 
and Bayesian Knowledge Tracing (Yudelson et al. 2013; Huang et al. 2016; Kurup 
et al. 2016; Oeda and Kakizaki 2022; Huang et al. 2016; Lei and Mendes 2021; Faucon 
et al. 2020) or (Dynamic) Bayesian Networks (Raj and Renumol 2018; Almeida et al. 
2018; Alday 2018; Kavitha et al. 2018; Ferreira et al. 2017; Ramírez Luelmo et al. 
2020). Stereotypes are often used for learners’ common attributes (Iqbal and Nur-
janah 2016), but ontologies are also becoming increasingly popular for such attributes 
(Guettat and Farhat 2015; Luna et al. 2015; Qinghong et al. 2015; Rahayu et al. 2022; 
Nurjanah 2018; Zhao et al. 2017; Wagner et al. 2014). An overview and categorisation 
of the most widespread modelling approaches can be found in Sect. 4.2.3 on general 
insights. 

4.4.6 Discussion of results 

To conclude this subsection, we summarise some of the most striking aspects that 
emerged from the literature review. The study aimed to fnd the learner information 
and characteristics used in adaptive e-learning systems. Based on the papers reviewed, 
the following gaps were identifed and informed the design of the proposed framework 
through design criteria. 

The analysis of the relevant scientifc publications has shown many different 
approaches to how learner models are composed. Only 129 out of 197 (65%) of the 
publications analysed deal with the question of a learner model’s possible components 
and structure (RQ1). The level of detail ranges from very superfcial to enumerations 
of many different details and possibilities. This abstract view is also refected in Fig-
ures 11 and 13, which show the distribution of the different categories of possible 
learner attributes. During our large-scale research, we observed that many of the anal-
ysed publications incorporate learner characteristics (e.g. learning style) into their 
models; however, they do not specify why, how or which reproducible infuence these 
may have on learning or whether it makes sense to use them as parameters for adap-
tation. In addition, we could not fnd clear guidance or recommendations on which 
combinations of learner characteristics are reasonable or useful to incorporate into a 
learner model in the publications. No general recommendation can be derived from the 
systematic analysis of the statistical data collection either. However, it can be said that 
the combination of (learning) output data, cognitive characteristics and master data 
occurs most frequently at around 11%, closely followed by the respective individual 
categories or their combination (cf. Fig. 11). Generally, it can be stated that learner 
characteristics occur in 71% and learner data in 67% of the publications analysed. The 
most frequently mentioned data categories are personal traits (54%), closely followed 
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by (learning) behaviour data (47%) and demographic & biographic data (32%). In the 
literature, the same learner characteristics are often used and supplemented by a few 
more exotic ones (sensor measurement values like Vildjiounaite et al. (2023); Muld-
ner and Burleson (2015)): administrative data are usually included—such as name, 
gender, age—which is enriched with behavioural data (interaction data in the system) 
and learning data (knowledge about a topic). The modelling of this data is also not 
uniform but highly diverse in the analysed literature. For example, knowledge charac-
teristics can be modelled using overlay models, knowledge tracing or fuzzy logic. This 
variability presents developers of learner models with major challenges in decision-
making options and subsequent feasibility. In addition, there is, unfortunately, a lack of 
information in the analysed publications about where exactly the data comes from for 
the individual components, how it is processed and what the concrete implementation 
of the individual components of a learner model looks like. Often, these topics are 
only touched on in the publications analysed for the individual components and are 
considered a marginal issue or even omitted. This lack of presence in the publications 
is not consistent with the importance of the topic. This makes it all the more diffcult 
to obtain specifc, in-depth information for creating an optimised learner model, so it 
can be recreated as accurately as possible. Few publications deal with the effcienc y of 
individual learner characteristics such as Effenberger and Pelánek (2021). Our anal-
ysed publications show a largely representative sample in this context, as missing 
information is generally rare in the literature. However, we have not yet examined in 
more detail the interaction of these individual components and the modelling of the 
complete learner model. This will be discussed in the following section. 

4.5 RQ2: Data sources, data collection and modelling approach 

After diving into the structure and components of state-of-the-art learner models, 
a subsequent question arises: Which data sources are used to initialise and update 
learner models, how is the data collected, and what is the overall modelling approach? 
(RQ2). Following the structure of this question, this subsection will—after a short 
introduction into the central concepts that underlie this question—frst explore the 
data sources that are commonly used when populating a learner model with data 
(Sect. 4.5.2) and updating such a model with the collected data (Sect. 4.5.3) and 
will then examine what overall modelling approach is used (Sect. 4.5.3). It, therefore, 
refers to the data sources and data collection dimensions from the previously presented 
classifcation (cf. Sect. 4.2.1). 

4.5.1 Definitions of terms 

Before examining the steps of initialisation and updating, the fundamental terms used 
in this section—i.e. data source, data collection method and modelling approach— 
will be explained, and examples will be given for each of them. First, speaking of a 
data source, this research refers to the origin of the data that is used to populate the 
learner model (Where does the data come from?). The types of data sources used in 
this research are: 
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• System: The environment where student interaction occurs. This could be a Learn-
ing Management System (LMS), Adaptive Learning System (ALS) or any other 
educational platform. 

• External source: A data origin separate from the primary system. This could be 
an external database, a third party service or any other data repository consulted 
for additional information. 

• Self-report: Learners report through surveys, questionnaires, feedback forms, or 
personal refections (e.g. e-portfolios, journals). 

• Sensors & wearables: Devices that capture data about the student’s physical state 
or environment, such as motion or temperature, and heart rate monitors. 

• Assessment: A tool used to evaluate student performance, such as quizzes, tests 
or assignments, which may but does not have to be embedded into a system. 

• Observation source: A data origin characterised by observing students’ actions 
or behaviour, such as cameras. 

• Third party: A party (person) that is not the student but an instructor, peer, expert 
or parent. 

Second, the data collection method represents the way or technique of how the 
model is populated with data (How is the data collected?). The data collection methods 
this research examines are: 
• Automated collection: An automated way of gathering data such as tracking, 

analytics or logging, usually via a system, API or a sensor, without requiring 
direct user input. 

• Observation: A way of collecting data by observing learner behaviour in real-time 
(classroom observation) or via recorded sessions. 

• Direct interaction: A direct way of engaging with the learners in data elicitation 
such as interviews or discussions. 

• Assessment-based: A performance-related way of eliciting learner data such as 
quizzes, projects, tests, assessments or other tasks. 

• Self-reported: A data collection approach that refers to learners providing relevant 
information about their experiences, behaviour or refections, typically through 
surveys, feedback forms or diaries. 

• Third party reporting: A data collection approach that refers to gathering data 
via other parties than the learner, providing insights from instructors, parents or 
peers. 

These data collection techniques can—in alignment with recent approaches 
(Pucheta et al. 2022; Andaloussi et al. 2017; Alshammari et al. 2014)—be subsumed 
under the terms explicit, implicit, or the combination of both, which is usually referred 
to as hybrid or mixed. When it comes to explicit methods, the user is involved in the 
data collection, and the data collection is, therefore, noticeable. Common examples for 
this case are any kind of reporting, direct interaction, or assessments, but observation 
may also be considered an explicit method in some cases (e.g. observer present in 
the classroom). In contrast, implicit defnes the usually unnoticed collection of data, 
which happens—in most cases—through automated collection via a system, sensor, 
or device. Hybrid approaches combine both methods, typically using explicit methods 
for initialising the model and more implicit or hybrid methods for updating the model. 
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Last, the modelling approach refers to the technique of learner modelling (How is the 
learner modelling executed?), which has already been outlined in Sect. 4.2.12 

Data collected from the above data sources using the mentioned collection tech-
niques can be further categorised into the common categories used in a more legal 
context, which were introduced in Section 4.2.1. Abrams (2014), founder of the Infor-
mation Accountability Foundation and a member of the OECD Working Party on 
Information Security and Privacy, provides a structured taxonomy of these categories, 
dividing data into provided data, observed data, derived data and inferred data13. Pro-
vided data is given directly by the users (here: the learners), such as when they fll 
in a registration form, which they are fully aware of (cf. self-report). Observed data 
is collected by observation via facial recognition or sensor technology, for instance 
(cf. observation source, sensors & wearables). Derived and inferred data create new 
data based on existing user data and, therefore, cannot be directly associated with a 
specifc data source in our classifcation. While derived data is created using rather 
simple algorithms and mechanical methods to compute new data from existing data, 
inferred data uses more sophisticated, often probabilistic, analysis to produce new data 
(cf. predictive modelling) (Abrams 2014). Since we observed a wide variety of data, 
data sources and data collection methods that extended beyond these categories, we 
decided to take a more inductive approach rather than strictly assigning data to these 
categories. 

As one can see from the structure of this section, the fndings for RQ2 relate to 
two fundamental steps of modelling learners in adaptive systems (Abdennour et al. 
2023), i.e. initialising and updating the learner model with data. In the frst step of 
initialisation, the model is flled with initial learner data, typically elicited by ques-
tionnaires, forms or similar instruments. If the model is to be kept up to date, new 
data is usually elicited for the updating step, typically user behaviour or assessments 
within the adaptive system and less frequently, contextual data or physiological data is 
included as well. The subsequent sections present the results from the literature review 
for both of these steps. 

4.5.2 Initialising learner models 

When it comes to characterising data in learner models, a common practice is to 
distinguish between static and dynamic data (Germanakos and Belk 2016). In many 
cases, the process of initialisation introduces relatively static data such as demographic 
& biographic data, identification data (i.e. e-mail) or personal preferences such as 
learning style. The step of initialising a learner model may traditionally be taken by 
assigning a learner to a certain known group (cf. stereotyping (Rich 1979)) or via 
other methods such as assuming details about the learners based on previous learners’ 
data or by having the learners themselves provide initial information. Eliciting initial 

12 While RQ1 included the individual representation (modelling approach) of single components of the 
learner model (e.g. representing knowledge as an ontology), RQ2 will consider the modelling technique for 
the learner model as a whole on a more abstract, component-independent level. Examples are approaches 
like fuzzy logic, probabilistic modelling or others that we have classifed in Sect. 4.2. 
13 Abrams taxonomy consists of further subcategories which are omitted for clarity and scope at this point. 
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Fig. 16 Frequency of use of (combinations of) data sources for initialising the learner model. Overall source 
frequency—left histogram; frequency of combination of sources—top histogram. 

information can help address the cold-start problem (Bobadilla et al. 2012; Park and 
Chu 2009) for new learners. 

What becomes evident is that the research papers provide signifcantly fewer details 
about initialising than updating the learner models. Of the (n = 127) papers relevant 
to RQ2, only 44% (n = 56) address the initialisation of the model, and if so, only 
vaguely in many cases, while the step of updating is addressed in 91% (n = 115) of 
the papers. 

Looking at the data sources used to initialise learner models, we see a distribution as 
visualised by Fig. 16. As we can see, the major sources that are relevant for initialising 
learner models are self-report, assessment and the system itself. Overall, only a few 
possible data sources (mostly just two) are combined in the initialisation step. 

As we can see, the most common data source for initialising learner models is 
self-report as a single data source and, thus, information provided by the learners 
themselves explicitly. These can range from initial personal information provided in 
a registration form, such as details about their academic or demographic past (Ayari 
et al. 2023; Wang et al. 2021; Janati et al. 2017) to  cognitive characteristics, metacog-
nitive characteristics or affectional & motivational characteristics, which can help in 
assessing the individual student’s state or features via questionnaires or surveys (Sun 
et al. 2023; Pustovalova et al. 2022; Ramírez Luelmo et al. 2020). The second most 
popular source is assessment, such as prior knowledge tests, which usually help iden-
tify the initial cognitive state of the students (cf. Sun et al. (2023)). In particular, the 
combination of self-report and assessment is a popular approach to initialise a learner 
model. A further data source for initialisation is the system itself, i.e. setting initial 
parameters learned by historical data, which is also found to be used in the approaches 
we have examined (Barria-Pineda et al. 2017), helping to make assumptions about the 
learner before they interact with the system. While some papers also rely on different 
data sources such as third parties (third party) like instructors (Ganesan et al. 2023; 
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Fig. 17 Frequency of use of (combinations of) data sources for updating the learner model. Overall source 
frequency—left histogram; Frequency of combination of sources—top histogram. 

Chrysafadi et al. 2020; Schulz et al. 2020), peers or parents, external sources such 
as literature research data (Sun et al. 2022b), social network data (Vo et al. 2021) or  
observations (observation), e.g. teaching observation (Gooch et al. 2016)—and these 
all mostly in combination with one of those mentioned above three—the majority 
relies on either self-report, assessment, the  system, or a combination of these. 

This picture is completed by the collection methods, which correspondingly have 
a clear focus on self-reporting and assessment-based collection, while automated 
collection—i.e. by the system itself, sensors or external sources accessed via APIs, 
etc.,—comes as a second. Therefore, the large majority of these approaches use explicit 
methods (explicit: n = 35, hybrid: n = 11, implicit: n = 10), which might be related 
to the phenomenon that learning systems tend to lack initial user data, and the explicit 
method may be the most straightforward approach. Implicit methods may not be as 
precise or hampered by the issue that external sources like student databases may not 
always exist or disallow the retrieval of such information without the users noticing. 

4.5.3 Updating learner models 

While the initialisation step can help populate a learner model and use it to personalise 
a system with this initial information, such as demographic details, prior knowledge 
or learner preferences, it does not consider the nature of the changing learner. Most 
approaches acknowledge the fact that the process of learning is not static and refect 
this fact in creating a dynamic model (Tetzlaff et al. 2020) and therefore address the 
crucial aspect of updating the learner model in their research. 

A fairly unbalanced distribution can be seen if we look closely at the data sources 
commonly used for updating the learner model (cf. Fig. 17). The most common data 
source for the step of updating a learner model that could be identifed in the examined 
research papers is the combination of the system itself and assessment, i.e. tests or 
quizzes that are mostly integrated within a system (mostly adaptive learning systems 
(Al-Chalabi et al. 2021), personalised or recommendation systems (Lin et al. 2023) 
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or intelligent tutoring systems (Beyyoudh et al. 2018), but also other systems like 
ubiquitous learning environments (Ferreira et al. 2017), for instance). Secondly, a 
majority of the examined papers were found to update their learner models based on 
data from the system itself, such as action logs (Qiao and Hu 2018) and access or 
interaction data with educational resources or materials (Zhao 2021), deriving user 
patterns. 

Some approaches take into account multimodal data which is refected in the diverse 
combinations of collection techniques which include multiple sources such as sensors, 
cameras, and robotic technologies—refected by the groups including sensors & wear-
ables, observation source and others (Santos et al. 2014 and Neji et al. 2011 and Shen 
et al. 2009 cited by Bellarhmouch et al. 2022; Martinez-Maldonado et al. 2020 cited 
by Khosravi et al. 2022). For instance, Yang et al. (2022) include a multitude of data 
sources into the process of learner modelling, deriving preference data from a variety 
of inputs such as (social) interaction data, (learning) output data, and contextual data 
coming from the system as well as sensors or Martins et al. (2018), who draw on mul-
tiple distributed sources to derive learner characteristics such as robots as well as IoT 
sensor networks and further devices. Interestingly, we could not identify an increasing 
usage of such approaches through the selected period in the papers examined. 

In contrast to the initialisation step, the manner of collection for updating learner 
models was predominantly hybrid or implicit (hybrid: n = 60, implicit: n = 49, 
explicit: n = 6). The prevalence of implicit techniques is not surprising as many of 
the more state-of-the-art manners of collecting and analysing data are unobtrusive and 
do not need attention from the user, such as sensor-collected data or automatic system 
logs. Nevertheless, explicit methods are represented in a signifcant number of hybrid 
approaches, where automated collection is complemented by self-reporting—i.e. in 
the context of user feedback in negotiable or editable open learner models (OLM) (Kay 
et al. 2022; Ramírez Luelmo et al. 2020; Bull et al.  2016; Ginon 2016 and Van Labeke 
2007 and Bull and Pain 1995 cited by Bull 2020)—or third party reporting—i.e. via 
cognitive assessments of peers or instructors (Schulz et al. 2020; Al-Jadaa et al. 2017). 

4.5.4 Modelling approaches 

While the previous section examined the data sources and how the data is retrieved, this 
section takes a closer look at the second part of the research question, i.e. What is the 
overall modelling approach that was utilised? In total, 103 of the 127 relevant papers 
for RQ2 answer this question and utilise one of the modelling approaches presented 
in Sect. 4.4.5. Among those that specify an approach, the majority of 56% could be 
assigned to predictive modelling, followed by 32% of papers that include uncertainty 
modelling. Classification is used by 23%, ontology by 21% and clustering by 17%. 
Less frequent is the use of overlay modelling 12%, cognitive theories 11% and least, 
perturbation modelling and constraint-based modelling with 4% of the publications. 
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Fig. 18 Frequency of use of (combinations of) modelling approaches that appear more than once. Overall 
approach frequency—left histogram; Frequency of combination of approaches—top histogram. 

Figure 1814 demonstrates frequent combinations of approaches beyond these single-
approach numbers15 In particular, hybrid models seem to be popular (cf., for example, 
Sani and Aris (2014b)), and we could observe a high signifcance of combined 
approaches, often including predictive modelling, such as classification and predictive 
modelling (Bernard et al. 2022; Lwande et al. 2021; Abyaa et al. 2018; Ortigosa et al. 
2014a), uncertainty modelling and predictive modelling (Almeida et al. 2021; Faucon 
et al. 2020; Martins et al. 2018; Wagner et al. 2014) or  clustering and predictive mod-
elling (Dijkstra et al. 2023; Sun et al. 2018; Chatti et al. 2014). Other combinations 
are less frequently used and it becomes evident that more traditional approaches, such 
as overlay modelling (Greer and McCalla 1994) and cognitive theories, tend to appear 
in combination with other approaches such as uncertainty modelling (Chrysafadi and 
Virvou 2015; Liu et al. 2022 and Chrysafadi and Virvou 2012 mentioned by Liang 
et al. 2022) or  predictive modelling. Often, hybrid models can be found with such 
approaches. For instance, Chrysafadi and Virvou (2014) combine overlay modelling 
with other approaches like perturbation modelling, cognitive theories (OCC model) 
and uncertainty modelling (fuzzy logic). 

When we examine the usage of the modelling approaches throughout the last ten 
years as in Fig. 19, we see a rather consistent development for many approaches 
such as classification, clustering, ontology or cognitive theories. The signifcance of 
constraint-based modelling, overlay modelling, perturbation modelling, and—to a 

14 Combinations that appear only once have been excluded from the plot for the sake of readability. A 
complete version of the plot can be found in “Appendix Fig. 22”. 
15 Combinations that appear only once have been excluded from the diagram for the sake of readability. 
Therefore, the frequencies on the left-hand side histogram differ slightly from those presented above, and 
perturbation and constraint-based modelling are not included due to their appearance in unique combinations 
only. 
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Fig. 19 Modelling approaches over time (occurrences have been normalised as the count of papers per year 
varies. 

certain extent—uncertainty modelling has decreased, while predictive modelling has 
been highly common. Considering the work of Chrysafadi and Virvou (2013), who 
examined the modelling approaches that were utilised between 2002 and 2012, we can 
confrm some trends they have observed, which seem to continue in this last decade 
we have examined. Thus, the signifcance of the overlay and perturbation model has 
decreased throughout the years, while cognitive theories, for instance, appear to be 
a mostly constant modelling approach. Techniques they described to be more recent, 
such as Bayesian modelling—subsumed under uncertainty modelling in our work— 
and ontology both have been highly signifcant throughout recent years. 

4.5.5 Discussion of results 

To conclude this subsection, we collect some of the most striking aspects that emerged 
from the literature review. 

First, only 38 out of 127 papers (30%) fully address all aspects of RQ2, and if parts of 
RQ2 appear in papers, the information on the data sources or gathering is often sparse, 
and the results of such a major study thus have to remain on a rather abstract level 
as has become evident in Fig. 17. While the initialisation mostly draws on traditional 
data sources such as self-report or assessment, a variety of data sources was found 
to be used to update the learner models. What has become evident in the research is 
that data preprocessing as a major step between gathering the data and modelling is 
hardly addressed in detail, nor is the data’s precise nature, which, again, defes precise 
classifcation. For the modelling approaches, there is a rise in predictive modelling; 
other more traditional methods, such as overlay modelling or perturbation modelling, 
are not as commonly used as they had been around the early 2000s (Chrysafadi and 
Virvou 2013; Stash et al. 2006 and Alfonseca et al. 2006 and Papanikolaou et al. 2003 
cited by Alshammari et al. 2014). However, they are still utilised and are predominantly 
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combined with further approaches. Last, many of the examined approaches, such as 
ontology or cognitive theories, have been used constantly throughout the last decade. 

As introduced in this section, updating the learner model is the major step after 
initialising it. We have seen how the systems themselves, as well as assessments, 
are common approaches to populating such a learner model. For this purpose, many 
research papers utilise data related to knowledge and the cognitive aspect, as we have 
described in Sect. 4.4. However, we have not considered the changing nature of this 
data by phenomena such as forgetting, which will be addressed in the following section. 

4.6 RQ3: Ephemeral knowledge and forgetting 

Accordingly, a subsequent question is: How do learner models evolve during their 
lifetime concerning the learner’s ephemeral knowledge? (RQ3). Thus, this subsection 
addresses knowledge development over time and the important topic of forgetting. This 
process of forgetting has been explored in manifold ways, one of the most prominent 
ones being David Ausubel’s idea of subsumption, which attributes forgetting not to the 
loss of knowledge but to its meaningful integration into the learner’s existing cognitive 
structures, whereby overarching concepts and relationships are retained while specifc 
details fade (Ausubel et al. 1968). 

Of the 315 scientifc publications analysed that deal more intensively with learner 
models, only 25 (<8%) address the topic of knowledge development over time and, 
thus, the important topic of ephemeral knowledge and forgetting. This allows conclu-
sions to be drawn about the current state of research. Of the few scientifc publications 
that do address the topic, most are very superfcial and only touch on the subject. Three 
groups of publications can be roughly categorised: 

• Those that mention the importance of the topic but do not provide any details about 
its specifc implementation or cite any further references. 

• Those that refer to already known and proven approaches. 
• Those that do describe details of their implementations, including specifc param-

eter settings or assumptions. 

For example, the frst group points out that time (Martynov et al. 2023) is an impor-
tant factor in learning. Therefore, the temporal impact of previously learnt material 
must be modelled (Liang et al. 2022), as the elapsed time after the learner has learnt 
the knowledge increases the probability of forgetting the knowledge (Chrysafadi and 
Virvou 2015; Oeda and Shimizu 2021; Wang et al. 2021). 

On the other hand, some publications draw on already proven approaches and 
build on and reference them. For example, Oeda and Hasegawa (2023) Item Response 
Theory (IRT) is expanded to include the well-known Ebbinghaus Forgetting Curve 
(Ebbinghaus 1885) to take the topic of feeting knowledge into account. Similarly, 
Abyaa et al. (2017) mention spaced repetition algorithms, which can address the issue 
of forgetting through repeated quizzes. However, they also observe that forgetting 
is hardly addressed in related approaches. Pelánek (2016) made a case study about 
extending the Elo rating system with learning. Another common approach is to model 
the knowledge and temporal modelling using fuzzy rules so that the system can infer as 
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soon as the learner’s knowledge level decreases (Chrysafadi and Virvou 2014, 2015). 
Last, Bull (2020) describe that the aspect of forgetting can be addressed by interactive 
models in the context of open learner models that allow for user contribution; however, 
they do not provide further detailed information on the specifcs of this in their article. 

In contrast, some works describe how forgetting is addressed in more detail. They 
describe parameter settings and/or assumptions made in modelling the fading of knowl-
edge. For instance, Abdi et al. (2021) consider time lags by adjusting the model’s 
confdence parameter accordingly. Similarly, Qinghong et al. (2015) use a forgetting 
factor that gradually reduces the weight of older interests, ensuring the user model 
stays updated with the current ones. Last, Kurup et al. (2016), who use Bayesian 
knowledge tracing, assume that the forgotten skill is set to 0 after a student’s state of 
knowledge evolves from learned to unlearned. 

In summary, ephemeral knowledge has little representation in the analysed litera-
ture. The temporal aspect should also be considered for a digital twin of the learner that 
is as accurate and up to date as possible. This applies particularly to dynamic learner 
characteristics (cf. RQ1) that change over time. Alternatively, the learner would have 
to prove his current knowledge cyclically via assessments, for example, so that the 
learner model remains up to date. However, this is almost impossible due to the many 
different subject areas and would also be to the detriment of the learner, as they would 
not be able to acquire any new content during this time. 

In the future, this means that existing research would have to be examined more 
closely in a further step to evaluate the already known approaches and weigh up which 
realisation most closely resembles the nature of ephemeral knowledge. More concrete 
implementations must be discussed to incorporate the important topic of forgetting 
into the learner model. This was hardly described in suffcient detail in our analysed 
publications. 

4.7 Summary and overview 

From the perspective of RQ1, it can be summarised that there is no detailed descrip-
tion of an ideal learner model. Most publications list a few possible attributes without 
describing how these are modelled in detail and where the data for them comes from 
in detail. Unfortunately, this does not allow for a direct implementation based on the 
publications because none of them provide a ready-made data or learner model via a 
research data management system. Other authors also see the problem of learner mod-
elling as a challenge, as it is based on the combination of different disciplines such 
as educational science, psychology and information technology (Abyaa et al. 2019 
cited by Zanellati et al. 2024). Therefore, for example, Abyaa et al. (2019) propose to 
develop an ideal learner model through the following three steps: (1) identifying and 
selecting the attributes of the learner that infuence their learning; (2) considering the 
psychological states of the learner during their learning process; (3) selecting the most 
appropriate technologies that enable accurate modelling of each selected attribute. 
These attributes16 just mentioned have been studied individually in this publication. 
Based on the detailed analysis, we have designed a taxonomy for categorising indi-

16 Attributes are referred to as components in this publication. 
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vidual possible components to make it easier for designers and developers to start 
constructing a learner model. 

Regarding RQ2, we found that few papers explicitly address all parts of the mod-
elling process, including details such as data sources, the nature of the data, data 
collection, preprocessing and modelling approach. While detailing every step may 
not be necessary for all papers, specifying such details would enhance transparency 
in the feld. Since pipelines are likely to become more complex with the popularity 
of approaches rooted in data analytics, we encourage future authors to address these 
aspects more thoroughly. 

To adapt the learner model as faithfully as possible to the real learner, knowledge 
with all its facets must be considered. In addition to acquiring knowledge, this also 
includes the topic of forgetting: ephemeral knowledge. It has already been scientifcally 
proven that knowledge does not remain constant over time but changes. From this point 
of view, the temporal aspect must also be considered. As we saw in Sect. 4.6 on RQ3, 
this topic is (still) underrepresented in science. This can be derived from the small 
number of mentions of the concept of forgetting and the even smaller number of 
papers that deal with the topic (even if only superfcially). The topic will require more 
attention to make major scientifc progress in the future. 

Last, to provide an overview of the publications that were analysed in this work, 
we collected the metadata of the papers as described in Sect. 3.5, as well as their 
relevance for each respective research question, which is visualised by the tables in 
the Appendix. To highlight recent papers, we have sorted the papers according to 
recency. As we acknowledge that surveys usually have a larger scope and tend to 
have more references than other works, we labelled surveys explicitly as such in the 
overview. 

As demonstrated in Sect. 4.1, the topic of learner models has become increasingly 
important in recent years, also regarding the shift of teaching to the digital space due 
to the pandemic. This can also be seen in the number of published articles. This makes 
it all the more important to present and compare an overview of the various options for 
creating a learner model. For this purpose, we have created a digital repository, which 
we have made available via a research information system (Böck and Ochs 2025). It 
contains all the information needed to reproduce this systematic literature research in a 
traceable way. In addition, further (interactive) forms of presentation of the processed 
data are available in the repository, such as a rule-based classifer , which can be used 
to classify a new attribute into the taxonomy of this work, which may help fnd related 
approaches. Therefore, this repository is intended as an introductory aid for designers 
and developers of learner models to help them construct them according to their needs 
and requirements. 

5 Discussion 

After examining the results extracted for each research question in the SLR, this section 
extends these fndings by frst discussing the purposes and applications of learner 
models and second, by examining the challenges and opportunities that emerge from 
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analysing this large body of current literature. Both sections take a larger perspective 
on the topic and aim to derive research opportunities for future work. 

5.1 Purpose of use and applications 

As we have seen throughout the SLR, learner models appear in diverse forms and 
play a crucial role in various subfelds of individual learning and adaptive systems 
in education. Learner models have been an important part of various related—and 
intersecting—research communities such as Intelligent Tutoring Systems (ITS) or 
Artifcial Intelligence in Education (AIED), among others. The relationship between 
these two subfelds illustrates this intersection. While ITS largely focus on modelling 
the students’ knowledge or cognitive state (Greer and McCalla 1994), AIED aims 
at integrating various techniques of AI into educational processes or systems, which 
results in diverse possibilities of student support (Khosravi et al. 2022). Such support 
can enhance ITS with functionalities such as AI-generated feedback, personalised 
learning recommendations or the automatic prediction of possible learning outcomes. 
Innovative developments in AIED may reinforce innovations in ITS, and innovation 
in the learner modelling feld contributes to both of these research areas, as well as 
others. While their appearance in different communities of adaptive learning systems 
shows their multi-faceted relevance in research, learner models are highly relevant for 
diverse applications across different levels of contexts in practice. 

Levels of Application—Micro, Meso, Macro. Learner models are relevant across 
diverse educational contexts and levels: 
• Micro level: At the micro level, learner models facilitate individualisation by 

providing tailored insights into each learner’s progress and needs. 
• Meso level: At the meso level, these models inform instructional design, allowing 

educators to make course-based adjustments that enhance the learning experience. 
• Macro level: At the macro level, learner models can infuence institutional strate-

gies and curriculum design. 
Due to our focus on individual student modelling rather than cohorts of students, as 
they are usually considered in learning analytics (cf. Sect. 2), our research is mostly 
related to the micro level. Future research should delve into specifc modelling prac-
tices relevant to each application, particularly highlighting areas that have not been 
thoroughly examined, such as the following. 

Open Learner Models and Learning Analytics Dashboards. An extension to 
the learner models we have considered and a signifcant advancement in the feld is 
the open learner model. Open learner models are visual representations of machine-
readable representations of learner models and their components (Bull and Kay 2010). 
They aim to support the learner in learning in various ways (Bull and Kay 2007) by  
giving them a tool for self-refection in different ways. In addition to only visualising 
the personal data, some models also offer the option of interacting with it and, for 
example, negotiating with the model if—in the learner’s opinion—there are inadequa-
cies in the data (Bull et al. 2016; Bull and Kay 2010). Thereby, OLM give learners 
ownership of their individual data and progress. A common tool closely related to 
these OLM are Learning Analytics Dashboards (LAD) (Bodily et al. 2018). LAD 
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provide a clear and user-friendly presentation of learning data through transparent 
data visualisations, which would often be diffcult to access or confusing without such 
representations. LAD, however, are based on a static representation of behavioural 
metrics from interaction data and not—as with learner models—on modelling knowl-
edge and other individual characteristics of the learner (Bodily et al. 2018; Kay and 
Bull 2015). 

Tool for Instructors. However, OLM and LAD cannot only serve learners but 
also their instructors. These tools empower instructors to tailor teaching strategies or 
implement targeted learning interventions by providing insights into students’ learning 
states. In this way, instructors gain access to relevant learner data, typically presented in 
pseudonymised or aggregated forms, to uphold data protection standards, specifcally 
on the macro level. One typical example of how such insights may be used is dropout 
prevention, where a major challenge is identifying trends such as increasing dropout 
rates without compromising student data privacy in the intervention. Observing the 
decreasing performance of students in a course, instructors can develop strategies 
to address these issues, such as implementing targeted resources and ensuring that 
individual student data remains protected and anonymised. The applications of OLM 
and LAD demonstrate that although the disciplines of learner modelling and learning 
analytics are delineated in theory, they tend to overlap in practical applications. 

Applications Beyond. As we have observed in the analysis of domains addressed 
in the publications, a signifcant proportion of the publications are not explicitly asso-
ciated with a specifc domain. Yet, in less frequent cases, we also saw that learner 
models show potential for use beyond academic or educational contexts such as work-
force training (Hansen et al. 2017), adult learning (Corredor et al. 2023; Abyaa et al. 
2017, 2016) or lifelong learning (Ramírez Luelmo et al. 2020; Nurjanah 2018). These 
applications may introduce further challenges that were only marginally considered 
in the scope of this work with a focus on higher education. Future research should not 
hesitate to explore these less examined application areas, acknowledging the manifold 
applications of learning and the importance of individualisation in education. 

5.2 Challenges and opportunities 

To complement and extend our observations in the SLR, this subsection discusses 
some crucial challenges and opportunities related to the examined topic, highlighting 
further research opportunities for future work. 

Privacy and Data Sovereignty. First, data privacy and data sovereignty are crucial 
aspects in learner modelling, as learner models can hold signifcant amounts of often 
sensitive data. Privacy regulations such as the GDPR (EU) or CCPA (US) have sig-
nifcantly impacted the feld by establishing provisions that protect individuals’ data 
and enforce user control (e.g. through user consent) in data collection and storage, 
for instance. However, the notion of privacy has been a part of this strand of research 
for several years before these acts were established. A prominent example is provided 
by Anwar (2021), who offers an overview of mechanisms that support privacy and 
trust in online learning based on prior work with Jim Greer. Their work introduces 
different privacy mechanisms, such as identity management and privacy preference 
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settings. We observed some of these mechanisms in the research we examined. Many 
researchers rely on identity management, facilitating students’ pseudonymity within 
their systems. In these cases, privacy measures are often mentioned only marginally, 
presumably because they are already established in the system architecture that the 
user model is part of. Similarly, user consent is seldom explicitly mentioned, possibly 
because it typically occurs during onboarding and is not perceived as central to the 
research presented. More explicitly, we observed research where users can set privacy 
preferences (Tang et al. 2020), to choose between different privacy modes for activity 
recording within a collaborative learning environment. More specialised approaches 
like federated learning are also present in the examined literature, where the users’ 
data resides locally on the client (Liu et al. 2023). Privacy is often a major concern in 
the context of multimodal approaches within ubiquitous systems—possibly because 
modern multimodal approaches, in particular, may rely on sensors and similar tech-
nologies to process contextual data or affective data. Here, we found that privacy 
concerns may lead the decision in favour of sensor-free approaches (Rahman et al. 
2023) to circumvent these issues. Although implicit implementations of privacy regu-
lations, such as using identity management or eliciting only necessary learner details, 
could be observed, we believe data privacy and sovereignty may need to be addressed 
more explicitly. Conscious, privacy-related decisions could be conveyed more clearly 
so that privacy mechanisms become more prominent when designing user models or 
adaptive systems. 

Ethical Considerations and Interpretability. The second aspect—ethics—is 
closely tied to the topic of privacy and data sovereignty and was thus already touched 
upon to a certain degree through the ideas of user control and user consent, for instance. 
The development of adaptive systems is increasingly guided by further concepts 
such as the FATE principles—fairness, accountability, transparency and ethics (Woolf 
2022). These principles address crucial ethical questions such as how to ensure fair-
ness in algorithms, who is to be held accountable for model outcomes, how to reduce 
biases and how to make complex models more transparent to learners so they can 
understand the decisions that these models make. 

The growing relevance of predictive models, as observed in this article, highlights 
the increasing importance of model transparency and interpretability. We adopt Miller 
(2019) defnition of interpretability, who equates it with explainability and defnes it 
as the understandability of a model’s or an agent’s decisions by humans. This under-
standability or interpretability is crucial for fostering learners’ trust in the model or 
the adaptive system (Mannekote et al. 2024; Zapata-Rivera and Arslan 2024). Recent 
research demonstrates a clear interest in this topic of interpretability. For example, 
Khosravi et al. (2022) introduce a framework (XAI-ED) aimed at developing trust-
worthy and explainable AI tools for educational purposes. Oeda and Hasegawa (2023) 
focus on Item Response Theory (IRT) with interpretability as their primary motiva-
tion. The growing interest in the topic is especially prominent in the context of OLM 
research. OLM are often developed to enhance model transparency and improve the 
models’ understandability. In the case of editable models, OLM also aim to increase 
user control over the model’s information. Given their pioneer role in this area, OLM 
may serve as a conceptual guide for creating interpretable models in related felds 
(Conati et al. 2018). Looking ahead, we expect the topic of FATE to remain prominent 
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in research. In particular, the T (transparency) aspect will continue to be a relevant 
topic regarding the increasing complexity of learner models and the prevalence of 
artifcial intelligence in the feld. 

Interoperability & Reuse. Another important aspect of learner models is their 
ability to facilitate personalised recommendations. When launching a recommenda-
tion platform that incorporates learner models, the cold-start problem arises, as there 
may be insuffcient authentic user data to populate the learner model. This lack of data 
hinders the generation of suitable initial recommendations and the effective testing 
of the system. Generating synthetic, authentic learner model data could enhance the 
shareability and reusability of these models, which in turn would promote more repro-
ducible open science. However, our review has revealed a limited number of synthetic, 
authentic learner model data. Those we found were utilised for experiments to validate 
the approaches and were generated either using Item Response Theory (IRT) (Oeda 
and Hasegawa 2023; Oeda and Shimizu 2021) or by simulating interactions among 
diverse user profles (Martins et al. 2018). Beyond synthetic data, common learner 
datasets are referenced in multiple instances—Minn, for instance, names some of the 
most common ones in the context of knowledge assessment (Minn 2022). Improving 
interoperability can also occur on the data acquisition level where standards such as 
xAPI aim to facilitate educational data sharing, particularly in the MOOC context, 
e.g. (Ramírez Luelmo et al. 2020). At the model level, shared ontologies (Rahayu 
et al. 2022) could be identifed. However, relying on standardised approaches or the 
provision of interoperable solutions remains uncommon in the literature we reviewed, 
although the issue had already prevailed a decade ago (Desmarais and Baker 2011). 
Mostly, it is in the context of open learner modelling where we could identify such 
efforts (Conejo et al. 2012 and Kay 2008 and Dolog and Schäfer 2005 and Zapata-
Rivera and Greer 2001 cited by Bull 2020). Also, none of the considerable number of 
papers reviewed contained any operational models that were implemented concretely 
in the form of software programs or programming libraries that can be executed, 
shared and reused. Given the potential of current learner models, we believe there is 
signifcant opportunity for growth in this area moving forward. 

6 Current research 

As research and development in the feld of learner models has continued to evolve after 
our specifc analysis period, numerous publications have emerged in 2024. Applying 
our methodology from Sect. 3 to these publications, this results in further hits—IEEE 
Xplore (701), ACM Digital Library (81), Elsevier ScienceDirect (409), pedocs (0) as 
of 01/12/2024. Since this new data would require further processing time, we have 
decided to select a set of works that have been cited frequently in the short period that 
ft and extend our research based on their titles and abstracts. We use them to indicate 
further development throughout the year. 

At frst glance, some trends persist in these new works. As indicated by examining 
the data gathering and modelling process for RQ2, data-intensive approaches such as 
artifcial intelligence or data mining have become highly prevalent in the feld. This 
applies to the modelling process in general and the application level, such as course 
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recommendation systems (Narimani and Barberà 2024). Similarly, the increased use 
of large language models (LLMs) has created new possibilities, including creating 
and updating learner models. Mannekote et al. highlight this potential but also empha-
sise the signifcant challenges of interpretability and explainability (Mannekote et al. 
2024), which we already addressed in the discussion section. Nevertheless, they see 
the combination of LLMs in interaction with learner models as a promising approach 
and suggest starting with the initialisation of a learner model without LLMs and pass-
ing its inferences to the LLM as an additional component of prompts. This strategy 
is already being tested with GenAI models such as LLMs (Zhang et al. 2024a men-
tioned by Mannekote et al. 2024). Other possible applications for integrating LLMs 
in the feld of ITS include generating feedback for learners (Stamper et al. 2024) and 
improving the prediction of learning performance (Zhang et al. 2024a). In addition, 
numerous surveys deal with LLMs in dialogue systems (Yi et al. 2024; Wang et al. 
2023). 

Another emerging focus is incorporating multiple learner characteristics (and/or 
data) into the learner models. For instance, Narimani and Barberà (2024) emphasise 
the importance of avoiding oversimplifcation of learners by incorporating multiple 
learner data (e.g. learner actions) into the learner model rather than relying on single 
components. Wang et al. (2025) extend this idea of multiple learner characteristics to 
the adaptation level. They observe that existing adaptive e-learning systems tend to 
use single learner characteristics—mostly learning style and knowledge level—and 
promote the inclusion of multiple learner characteristics to improve adaptability. 

While examining several learner characteristics within a model is a central topic in 
recent research, the detailed examination of individual components (e.g. knowledge) 
remains relevant. For instance, Zanellati et al. (2024) conducted a survey on hybrid 
models for knowledge tracing, building on the detailed classifcation of knowledge by 
von Rueden et al. (von Rueden et al. 2023 cited by Zanellati et al. 2024), which iden-
tifes three main sources of knowledge, i.e. scientifc knowledge, world knowledge 
and expert knowledge. Purely data-driven knowledge modelling approaches, such 
as hidden Markov models, factor analysis models, learning factor analysis and deep 
learning-based models, can be extended by integrating alternative sources of knowl-
edge into the data (e.g. learning context) (Zanellati et al. 2024). This in-depth research 
should be carried out for all analysed components of learner models individually and 
in combination to uncover causal relationships between the components. However, not 
only the individual components must be considered when designing and developing 
learner models, but also the purpose and the target audience. 

A valuable path in recent research is the more detailed exploration of stakeholder 
involvement in learner modelling and the development of adaptive systems. Alajlani 
et al. (2024) reviewed stakeholder involvement across several stages of adaptive system 
development, including how learners, educators, developers and academic researchers 
are involved in the design, development and testing phase of the development of an 
adaptive system. They identifed gaps in the involvement of learners during the devel-
opment phase and of educators during the design phase, for example, and emphasised 
the need for further evaluation of the effectiveness of including the respective stake-
holders to verify if the inclusion is advantageous. 
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Ongoing work also studies the application of learner models in specifc contexts 
such as pedagogical agents. Zhang et al. (2024b) highlight that learner characteristics 
can infuence the effectiveness of pedagogical agents and should, therefore, be con-
sidered when designing a pedagogical agent. For example, Heidig and Clarebout’s 
model (Heidig and Clarebout 2011 mentioned by Zhang et al. 2024b) includes learner 
characteristics across various dimensions, including cognitive factors such as prior 
knowledge, academic competencies such as GPA scores, emotional factors such as 
boredom, pride, joy and shame, motivational factors such as interest, achievement 
motivation, self-effcac y and metacognitive factors such as self-regulation. 

7 Conclusion and outlook 

Throughout this work, we have explored the varied terminology, forms and struc-
tures associated with learner models. These variations refect the richness of learner 
modelling approaches but hinder the accessibility and understanding of this particular 
research feld. This creates the need for analysis as well as categorisation of existing 
approaches. For this purpose, we systematically developed an extensive taxonomy 
built on a large collection of relevant literature to structure the data and simplify 
access for learner model designers and developers so they can create learner models 
more easily. This includes providing information on how the individual components 
of learner models are modelled and where the necessary data for the initialisation and 
updating come from. By providing this comprehensive systematic overview spanning 
the last decade (2014–2023), we aim to advance the state of research and facilitate the 
design and development of future learner models. 

Last, there are inherent limitations to this survey. Although the methodological 
foundation of this work was constructed carefully, systematically, and guided by senior 
researchers as described in Sect. 3, this research is based on a selection of papers from 
the current literature on learner modelling, which, by nature, is not representative of the 
entire body of literature on the topic. Since our goal was to provide a comprehensive 
contribution that allows for systematic access to the feld, and we have, therefore, 
integrated numerous approaches into this work, it is impractical to provide an in-
depth analysis of each paper within the scope of this article. Nevertheless, we have 
attempted to highlight the diversity of the papers as comprehensively as possible in 
the scope of this work and to the best of our knowledge. We will further provide the 
data on which this work is based (Böck and Ochs 2025) as it is impossible to convey 
the details of every approach in this article. 

We would like to conclude by pointing out three critical aspects that came to our 
attention during the analysis. We propose these aspects as foundational directions for 
future research. 

In-Depth Analysis of Learner Models. Learner models have often been explored 
only superfcially , with limited attention to their specifc characteristics and 
interrelationships—possibly because the focus is frequently on other aspects such 
as constructing an adaptive learning system, where learner models serve as a means 
to an end. Therefore, learner models require more in-depth analysis. In addition to the 
possible learner characteristics listed in the literature, the analysed publications pro-
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vide little information about the infuence and signifcance of the individual attributes. 
For research, as well as for the development of learner models, it is essential to demon-
strate and substantiate causal relationships between individual learner characteristics 
(Abyaa et al. 2019) and learning outcomes, as well as their combinations and the 
resulting added value and synergies. This would signifcantly simplify the creation 
of new learner models. However, the analysis would need to be validated in several 
large-scale studies. 

Requirement Specifcation. We have not encountered any publication during the 
analysis that deals with a detailed list and justifcation of the technical and non-
technical requirements. Clearly defned requirements for what a learner model has 
to achieve are based on the fact that there is no generally valid defnition for learner 
models, and the scope of what belongs to it and what an accessory is not generally 
defned. Following our detailed defnition (cf. Sect. 2), the next logical step would be 
a requirements analysis. The issue of stakeholders also needs to be considered in more 
detail as to whether it relates exclusively to learners and teachers or whether there are 
other authorised stakeholders, such as parents, administrative bodies or peers. 

Expansion of Research Areas. Many aspects central to the research on learner 
models remain underrepresented in the literature. This includes the various research 
areas outside of computer science and specialised didactics. Future investigations 
should continue to address challenges such as data privacy and sovereignty, ethics and 
interpretability of models, and interoperability and reuse of learner data. 

By addressing these challenges, researchers can enhance the applicability and effec-
tiveness of learner models in various educational contexts. It is imperative that these 
challenges and research opportunities are investigated systematically and that the 
fndings are validated through robust research methodologies. Conducting controlled 
evaluations in the feld of learner modelling (Pelánek 2015) and adaptive systems is a 
crucial step for future studies, as the results may be highly insightful and inform further 
development (Shute and Zapata-Rivera 2012). Thereby, the feld of learner modelling 
and its diverse applications in adaptive learning environments will be advanced. 

Appendix A 

Overview of all analysed publications—systematic literature review 

Overview of all analysed publications—first iteration 

See Table 7. 
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Table 7 Overview of all analysed publications—frst iteration 

References Metadata Research Questions 
Survey #Ref #Cited Domain RQ1 RQ2 RQ3 

2023 

Sun et al. (2023) × 32 6 Higher Education � � × 
Miranda et al. (2023) × 30 0 Higher Education � � × 
Lin and Wang (2023) × 13 0 Not Specifed � � × 
Ayari et al. (2023) × 40 – Not Specifed � � × 
Kakizaki and Oeda (2023) × 8 0 Not Specifed � � × 
Oeda and Hasegawa (2023) × 14 0 Not Specifed × × � 
Vildjiounaite et al. (2023) � 35 4 Adult Learning � � × 
Pratiwi et al. (2023) × 30 0 School � � × 
Corredor et al. (2023) × 13 0 Adult Learning � � × 
Hu (2023) × 20 0 Higher Education � � × 
Rahman et al. (2023) � 60 0 Not Specifed � � × 
Martynov et al. (2023) × 13 0 Adult Learning � � � 
Lin et al. (2023) × 11 0 Not Specifed � � × 
Gautam et al. (2023) × 37 0 Higher Education � � × 
Dijkstra et al. (2023) × 40 6 School � � × 
Liu et al. (2023) × 110 3 Not Specifed � � × 
Ganesan et al. (2023) × 10 2 Higher Education � � × 
2022 

Thohiroh and Nurjanah (2022) × 15 0 Higher Education � � × 
Bernard et al. (2022) × 64 10 Not Specifed � � × 
Sun et al. (2022b) × 22 2 Not Specifed � � × 
Sun et al. (2022a) × 25 1 Prof. Training � × × 
Oeda and Kakizaki (2022) × 9 0 Not Specifed � � × 
Pucheta et al. (2022) � 13 0 Higher Education � � × 
Chrysafadi et al. (2022) × 46 19 Not Specifed � � × 
Yang et al. (2022) × 14 4 Not Specifed � � × 
Pustovalova et al. (2022) × 19 3 Higher Education � � × 
Khosravi et al. (2022) � 164 289 Not Specifed � � × 
Bellarhmouch et al. (2022) � 39 0 Not Specifed � � × 
Kay et al. (2022) × 97 28 Not Specifed � � × 
Kaliwal and Deshpande (2022) × 14 1 Not Specifed � � × 
Alatrash et al. (2022) × 55 6 Not Specifed � � × 
Ezaldeen et al. (2022) × 32 7 Not Specifed � � × 
Liang et al. (2022) � 98 13 Not Specifed � � � 
Minn (2022) � 102 72 Not Specifed × � × 
Rahayu et al. (2022) � 88 95 Not Specifed � × × 
2021 

Tang et al. (2021) � 42 1 Not Specifed � × × 
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Table 7 continued 

References Metadata Research Questions 
Survey #Ref #Cited Domain RQ1 RQ2 RQ3 

Tetzlaff et al. (2020) × 84 142 Not Specifed � × × 
Gasmi et al. (2021) × 18 1 Not Specifed � � × 
Almeida et al. (2021) × 11 1 Not Specifed � � × 
Almeida et al. (2021) × 21 0 Not Specifed � � × 
Lei and Mendes (2021) � 36 6 Higher Education � � × 
Oeda and Shimizu (2021) × 14 2 Not Specifed � � � 
Zhao (2021) × 5 3 Not Specifed � � × 
Lwande et al. (2021) × 41 85 Higher Education � � × 
Al-Chalabi et al. (2021) × 19 8 Higher Education � � × 
Wang et al. (2021) × 12 2 School � � � 
Abdi et al. (2021) × 29 13 Not Specifed � � � 
Li and He (2021) × 10 11 Higher Education � � × 
Miraz et al.  (2021) � 172 98 Not Specifed � � × 
2020 

Vo et al. (2021) × 68 12 Not Specifed � � × 
Chrysafadi et al. (2020) × 37 30 Higher Education � � × 
Jing et al. (2020a) × 28 22 School � � × 
Jing et al. (2020b) × 73 6 Not Specifed � � × 
Luxing (2020) × 5 1 School � � × 
Tang et al. (2020) × 28 0 Not Specifed � � × 
Cully and Demiris (2020) × 62 22 School � � × 
Qiu et al. (2020) × 5 2 School � × × 
Schulz et al. (2020) × 15 2 School � � × 
Rowe and Lester (2020) × 40 50 School � � × 
Ramírez Luelmo et al. (2020) × 43 6 Lifelong Learning � � × 
Hooshyar et al. (2020) � 82 141 Higher Education � � × 
Bull (2020) � 171 84 Not Specifed � � � 
Faucon et al. (2020) × 37 4 School � � × 
Tacoma et al. (2020) × 47 11 Higher Education � � × 
Taufk & Nurjanah (2019) × 13 1 Not Specifed � × × 
Yuan and Yang (2019) × 15 1 Not Specifed � × × 
Al-Shabandar et al. (2019) × 52 41 Higher Education � � × 
Zhang and Cheng (2019) × 17 6 Higher Education × � � 
Saurabh et al. (2019) × 32 1 Not Specifed � � × 
Schmidmaier et al. (2019) × 17 4 Not Specifed � � × 
2019 

Ochukut and Oboko (2019) � 32 15 Not Specifed � × × 
Ahmadaliev et al. (2019) × 14 5 Not Specifed � � × 
Ennouamani and Mahani (2019) � 24 4 Not Specifed � � × 
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Table 7 continued 

References Metadata Research Questions 
Survey #Ref #Cited Domain RQ1 RQ2 RQ3 

David et al. (2019) × 8 23 Not Specifed � � × 
2018 

Afni Normadhi et al. (2019) � 120 193 Not Specifed � � × 
Minn et al. (2018a) × 23 15 Not Specifed � � × 
Minn et al. (2018b) × 12 21 Not Specifed � × × 
Martins et al. (2018) × 26 7 Not Specifed � � × 
Abyaa et al. (2018) × 13 13 Not Specifed � � × 
Zhao et al. (2018) × 14 0 Not Specifed � � × 
Raj and Renumol (2018) × 27 19 Not Specifed � � × 
Almeida et al. (2018) � 30 1 Higher Education � � × 
Alday (2018) × 9 4 Not Specifed � � � 
Papadimitriou et al. (2018) × 17 3 Not Specifed � � � 
Qiao and Hu (2018) × 18 10 Higher Education � � × 
Barria-Pineda et al. (2018) × 25 20 Higher Education � × × 
Emerson et al. (2018) × 47 21 Higher Education � � × 
Jun-min et al. (2018) × 7 4 Not Specifed � × × 
Lu et al. (2018) × 40 4 Not Specifed � � × 
Yago et al. (2018) × 60 39 Not Specifed � � × 
Yang and Li (2018) × 32 216 Higher Education � × × 
Ding et al. (2018) × 19 14 Higher Education � � × 
Beyyoudh et al. (2018) × 23 8 Not Specifed � � × 
Akharraz et al. (2018) × 42 15 Not Specifed � × × 
Nurjanah (2018) × 15 13 Not Specifed � × × 
Aissaoui et al. (2018) × 21 99 Not Specifed � × × 
Sun et al. (2018) × 58 95 Not Specifed � � × 
Kavitha et al. (2018) × 7 8 Not Specifed � � � 
2017 

Fei Zhou et al. (2017) × 11 7 Not Specifed � � × 
Janati et al. (2017) × 34 51 Not Specifed × � × 
Al-Abri et al.  (2017) × 28 8 Not Specifed × � × 
Abyaa et al. (2017) × 25 9 Adult Learning � � � 
Ferreira et al. (2017) × 36 9 Higher Education � � × 
Chaturvedi and Ezeife (2017) × 20 8 Higher Education � � × 
Zhu et al. (2017) × 6 6 Not Specifed � � × 
Ferreira et al. (2017) × 17 9 Higher Education � � × 
Mejia et al. (2017) × 8 16 Higher Education � � × 
He et al. (2017) × 10 15 Higher Education � × × 
Huang et al. (2017) × 18 8 Not Specifed � � × 
Yi et al. (2017a) × 11 3 Higher Education × � × 
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Table 7 continued 

References Metadata Research Questions 
Survey #Ref #Cited Domain RQ1 RQ2 RQ3 

Yi et al. (2017b) × 10 12 Not Specifed � � × 
Kotova (2017) × 13 15 Not Specifed � � × 
Meenakshi et al. (2017) × 14 18 Not Specifed � � × 
Maravanyika et al. (2017) � 28 52 Not Specifed � � × 
Ouf et al. (2017) � 114 154 Not Specifed � � × 
Andaloussi et al. (2017) � 70 14 Not Specifed � � × 
Zhao et al. (2017) × 11 2 Not Specifed � × × 
Al-Jadaa et al. (2017) × 14 6 School � � × 
Hansen et al. (2017) × 7 3 Adult Learning × � � 
Barria-Pineda et al. (2017) � 5 16 Higher Education � � × 
2016 

Bent et al. (2017) × 32 16 Not Specifed � � × 
Zhu et al. (2016) × 5 1 Prof. Training � � × 
Ripin et al. (2016) � 21 0 Higher Education � � × 
Ferreira et al. (2016) × 42 31 Higher Education � � × 
Cheng et al. (2016b) × 11 0 Higher Education � � × 
Elghouch et al. (2016) × 13 10 Higher Education � � × 
Abdo and Noureldien (2016) � 37 4 Not Specifed � × × 
Abyaa et al. (2016) × 16 12 Adult Learning � � × 
Paiva et al.  (2016) × 47 81 Not Specifed � � × 
Huang (2016) × 15 13 Higher Education � � � 
Huang et al. (2016) × 44 30 Not Specifed � � × 
Cheng et al. (2016a) × 12 0 Not Specifed � × × 
Ishak and Ahmad (2016) × 16 9 Not Specifed � � × 
Iqbal and Nurjanah (2016) × 16 1 Not Specifed � � × 
Hashemi and Herbert (2016) × 8 3 Not Specifed � � × 
Gooch et al. (2016) × 45 9 Not Specifed � � × 
Bull et al. (2016) × 46 89 Higher Education � � × 
Chaplot et al. (2016) × 6 32 Not Specifed � � � 
Pelánek (2016) � 44 202 Not Specifed � � � 
Kurup et al. (2016) � 13 8 Not Specifed � × � 
2015 

Aitdaoud et al. (2015) × 32 5 Higher Education � � × 
Guettat and Farhat (2015) × 31 9 Not Specifed � � × 
Khenissi and Essalmi (2015) × 22 8 Not Specifed � � × 
Chou et al. (2015b) � 59 56 Higher Education � � × 
Cocea and Magoulas (2015) × 92 16 Not Specifed � � × 
Wang et al. (2015) × 9 0 Not Specifed � � × 
Luna et al. (2015) × 33 68 School � � × 
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Table 7 continued 

References Metadata Research Questions 
Survey #Ref #Cited Domain RQ1 RQ2 RQ3 

Hu and Huang (2015) × 20 6 Higher Education � � × 
Qinghong et al. (2015) × 5 1 Not Specifed � � � 
Zielinski (2015) × 9 6 Not Specifed � � × 
Özyurt and Özyurt (2015) � 44 234 Not Specifed � � × 
Descalço and Carvalho (2015) × 19 5 Higher Education × � × 
Chou et al. (2015a) × 73 51 Not Specifed � � × 
Lucht et al. (2015) × 16 1 Not Specifed � � × 
Nedungadi and Remya (2015) × 19 29 Not Specifed � × � 
Jones et al. (2015) × 5 5 School � � × 
Chrysafadi and Virvou (2015) × 52 98 Not Specifed � � � 
Muldner and Burleson (2015) × 88 74 Not Specifed � � × 
2014 

Nguyen (2014a) × 2 6 Not Specifed � × × 
Nguyen (2014b) × 13 17 Not Specifed � � × 
Ait Adda and Amar (2014) × 19 2 Not Specifed × � × 
Mohamed et al. (2014) × 25 5 Not Specifed � � × 
Chaturvedi and Ezeife (2014) × 8 4 Higher Education × � × 
Aballay et al. (2014) × 3 5 Not Specifed � � × 
Thinakaran & Ali (2014) � 26 4 Not Specifed � × × 
Alotaibi and Bull (2014) × 6 0 Higher Education � � × 
Bull et al. (2014) × 10 21 Not Specifed � � × 
Chatti et al. (2014) × 8 13 Higher Education � � × 
Chrysafadi and Virvou (2014) × 33 10 Not Specifed � � � 
Khenissi et al. (2014) × 8 13 Not Specifed � � × 
Nesbit et al. (2014) � 32 74 Higher Education � � × 
Alshammari et al. (2014) � 60 66 Not Specifed � � × 
Al-Rajhi et al. (2014) × 20 17 Higher Education � � × 
Koedinger et al. (2014) × 23 9 Not Specifed � × × 
Garkavijs et al. (2014) × 3 2 Not Specifed � � × 
Swertz et al. (2014) × 13 6 Prof. Training × � × 
Seffrin et al. (2014) × 2 9 School � × × 
Wagner et al. (2014) × 37 110 Higher Education � � × 
Clemente et al. (2014) × 21 38 Not Specifed � × � 
Ortigosa et al. (2014b) × 57 792 Not Specifed � � × 
Sani and Aris (2014a) × 15 8 Not Specifed � � × 
Sani and Aris (2014b) � 59 27 Not Specifed � � × 
Peña-Ayala et al. (2014) × 36 96 Not Specifed � � × 
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Overview of analysed publications—second iteration (reporting date 01/12/2024) 

See Table 8. 

Table 8 Overview of analysed publications—second iteration (reporting date 01/12/2024) 

References Metadata Research Questions 
Survey #Ref #Cited Domain RQ1 RQ2 RQ3 

Karuru et al. (2024) × 11 12 Higher Education � × × 
Abdennour et al. (2023) × 38 – Not Specifed � � × 
Cheung et al. (2023) × – – Not Specifed � � × 
Abyaa et al. (2019) � 187 133 Not Specifed � � × 
Mawas et al. (2018) × 18 30 Not Specifed � � × 
Crow et al. (2018) � 29 242 Not Specifed � � × 
Bodily et al. (2018) × 56 231 Not Specifed � � × 
Tarus et al. (2017) × 68 330 Not Specifed � � × 
Hlioui et al. (2016) � 45 13 Not Specifed � � × 
Bull and Kay (2016) × 110 232 Not Specifed � � × 
Rani et al. (2015) × 52 212 Not Specifed × � × 
Nakic et al.  (2015) � 111 152 Not Specifed � � × 
Cook et al. (2015) × 27 37 Lifelong Learning × � × 
Yudelson et al. (2013) × 8 675 Not Specifed × � × 
Grubišić et al.  (2013) × 25 38 Not Specifed × � × 
Chrysafadi and Virvou (2013) � 159 471 Not Specifed � � × 
Jeremić et al. (2012) × 52 136 Not Specifed � � × 
Desmarais and Baker (2011) � 136 594 Not Specifed � � × 
Guangbing and Graf (2010) × 16 47 Not Specifed � � × 
Bull and Kay (2010) × 53 335 Not Specifed × � × 
Reformat and Golmohammadi (2009) × 23 12 Not Specifed × � � 
Brusilovsky and Millán (2007) × 210 1552 Not Specifed � � × 
Gil-Olarte Márquez et al. (2006) × 55 711 School × � × 
Wenger (1987) × – 3408 Not Specifed � � � 
Woolf and McDonald (1984) × 4 217 Not Specifed � × × 
Rich (1979) × 14 1844 Not Specifed � � × 
Ausubel et al. (1968) × 1443 22676 Not Specifed × × � 

Overview of Complete UpSet Plots 

UpSet plots without any thresholds that flter out minor occurrences. 
See Figs. 20, 21 and 22. 
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