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Abstract
This paper is a systematic literature review (SLR) investigating how intelligent

systems leverage learning-related information to adapt their behaviour. This paper is
done according to PRISMA guidelines, which ensures reproducibility. For this review,
we analysed 58 papers published after 2023. The review focused on types of inputs,
system objectives, and application domains. The systems in this survey adapt their
behaviour based on various inputs, such as facial expression, gestures, eye gaze, and
user preferences. These systems enhance the learning experience by increasing user
engagement and motivation. Many of these papers target the education domain, such as
STEM, but there are also papers focused on motor skills training or cognitive training.
Time constraints limited the scope of the review, particularly in identifying long-term
trends. But the result can be a solid base for future research into adaptive learning
and training platforms.

1 Introduction
Artificial intelligence (AI) has become an everyday occurrence in people’s lives. It ranges
from systems that can recommend your next favourite show to personalised healthcare ap-
plications. With the increased interest in personalised content came the need for human-
centred AI (HCAI) that understands personal nuances and adapts to each individual. One
way to make the experience unique to the individual is to create an application attuned to
their cognitive-affective processes. In this case, a cognitive-affective process is the interac-
tion between feeling and thinking and how it influences one’s behaviour. Some examples are
memory, attention, motivation, reasoning, and learning.

This study focuses on learning and how intelligent systems leverage it in their adaptation.
Learning is a person’s ability to acquire new information and change their behaviour over
time, based on said information. This ability is not limited to acquiring academic knowledge;
it also includes training and the development of skills. In the context of adaptive systems,
proposed models aid in learning and teaching by identifying the user’s state and adapting
the output based on it. This paper will call the state that influences the system’s adaptation
a learning state. This state can be determined by emotions, context, user behaviour, EEG
signals, learning style, or other inputs showing the user is engaged in the learning process
[1]. Some existing applications can identify the user’s learning state and adapt the content
accordingly. For example, intelligent tutoring systems [2] that monitor the user’s engagement
during a session and adjust the study material automatically, adaptive learning tools [3],
and other personalised teaching technologies.

Even though the need for adaptive systems in education has become more obvious, over
the years, the focus has been on identifying these learning states based on the different
factors that determine them. There is a lack of understanding of how learning states are
used in real-life adaptive applications. Literature reviews have been done on this topic, but
they do not cover the full scope of learning. One of the papers relevant reviews analyses
pedagogical tools [4] that mainly focus on user preferences. Also, this paper only includes
academic settings for learning, thus omitting training. Another study discusses technologies
that aid language learning [5], but it omits systems that provide help in other areas of
learning. This paper is meant to cover this gap and analyse all the adaptive systems that
make use of learning states, including systems that aid training. The full inclusion and
exclusion criteria will be discussed in section 2.1.

The scope of this survey is defined by introducing a research question and seven additional
sub-questions (SQ), which are shown in Table 1.
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Main research question:

How do intelligent systems use learning-related information to adapt their
behaviour?

Sub-question Motivation

SQ1: What forms of information related to
learning states has HCAI research used to
adapt intelligent systems?

Multiple types of inputs can denote a learning
state

SQ2: For what objectives has this information
been used?

Looking at abjectives might enable future re-
search to consider different uses

SQ3a: How has this information been used? There is no universal design for an adaptive
system. Knowing how the systems leverage
the input information could lead to a better
understanding of these platforms.

SQ3b: Are there any trends or patterns ob-
servable in this usage?

Any observed pattern regarding system adap-
tation

SQ4: In which application domains is this in-
formation used?

It is relevant to understand if the scope of this
research is more suited for a certain domain

SQ5a: What challenges exist in recent devel-
opments?

This might give an insight into the current
state of the art for this type of system

SQ5b: Are there any trends or patterns ob-
servable concerning these aspects?

Possible challenges might help with future de-
velopments.

Table 1: Sub-question that will help answer the main question and their motivation

The paper is constructed as follows: Chapter 2 details the methodology used for this
review. Chapter 3 shows the analysis results. Chapter 4 discusses the reproducibility of this
survey. The results are discussed in Chapter 5, considering the limitations of this research.
Chapter 6 presents the conclusion and future works.

2 Methodology
This chapter details how a systematic literature review (SLR) that follows the PRISMA [6]
guidelines is conducted. In an SLR, a search protocol needs to be created before analysing the
selected papers. This protocol includes creating the search query, selecting, and reviewing
the results. Section 2.1 details the first part of this protocol, which is defining the eligibility
criteria for a paper to be included in the survey. Then, section 2.2 identifies the key concepts
used to create the query. Section 2.3 shows the second part of the protocol, where the search
results are filtered based on eligibility, and the relevant papers are selected. Section 2.4
details how the data was extracted, and Section 2.5 gives an overview of the search results.
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2.1 Eligibility Criteria
A paper can be included or excluded from the review based on some criteria. In this review,
the following criteria were defined:

Inclusion Criteria

• The paper introduces an adaptive system. Papers that describe a system that adapts
its behaviour based on user input. (The scope of this paper)

• The system uses learning state information. Systems that leverage the learning process
by interpreting emotions, behaviours, gestures, EEG signal, learning styles, and other
learning-specific indicators. (The scope of this paper)

• The paper is from the Computer Science or Engineering field. (This survey is focused
on papers that design an adaptive systems)

Exclusion Criteria

• The paper is not written in English

• The paper is not published in an article of a conference

• The paper only describes a way to identify learning states. Papers that describe
systems that can determine whether a user is learning or not.

• The paper models a user’s learning state. (This excludes systems that are not adaptive)

• The paper does not mention the use of learning-related information; it only describes
how the system may adapt its behaviour. Papers that do not explicitly mention
learning. (This excludes papers that do not leverage learning-related information)

• The paper is a literature review or a survey. (Including reviews would prevent accurate
data extraction)

2.2 Search Strategy
In this research, we are looking for papers describing an adaptive system that uses inputs
depicting learning states. To create the query, four key concepts were identified: adaptive
system, user modelling, learning, and education. These concepts were expanded into
broader and narrower terms that were used in different iterations of the search query. Addi-
tionally, to the key concepts, we added the term review to filter out other literature reviews
and surveys. The terms will be searched in the title, abstract, and keywords. Table 1 shows
an overview of the terms used in the final query.

Adaptive System

Under this term, we included multiple dedicated systems such as adaptive learning, per-
sonalised learning, personalised system, individual, dynamic system, and personalised tools.
Considering the learning component of this survey, we also included terms like intelligent
tutoring systems, educational tools, and e-learning systems.

3



User Modelling

This concept was included to ensure that the described systems are focused on user inter-
action. Terms like user, participant, student, teacher, trainee, person, and child describe
it.

Learning

This is the most crucial concept besides the adaptive system. Under this term, we included
all the terms that can depict a learning state, such as emotion, boredom, frustration, moti-
vation, attention, anxiety, engagement, eye movement, body movement, and concentration.

Education

We introduced this concept to narrow the search to adaptive systems that aid in the learning
process. The following terms were included: tutor, educator, teaching, classroom, and
pedagogy. Additionally, by using terms like training and coaching, we ensured that the
learning scope included developing skills.

Keyword Category Search Terms
adaptive system adapt*, dynamic*
user modelling user*, student*, participant*, teacher child*
learning learn* affect, learn* state, emotion*, bored, anxiety, frustration,

concentrat*
education educat*, tutor*, train*, coach*, e-learn*
review review, survey, compar*

Table 2: Search keyword categories and associated terms

2.3 Selection process
The papers for the review were collected in June 2025, from three databases: Scopus1,
Web of Science2, and IEEE Xplore3. The initial search returned 5401 papers. The original
amount of paper was not feasible because the proposed survey was conducted in nine weeks.
A time-based feasibility criterion was introduced to resolve this issue. After only selecting
papers published after 2023, the total amount was 1751. Furthermore, after filtering out the
duplicates, the set used for the next step comprised 1587 papers.

After selecting the initial group of papers, they were assessed based on the eligibility
criteria and manually filtered on title and abstract. If it is clear from the title that a paper
is unsuitable for this review, it is excluded. Otherwise, the abstract is checked. The paper
is excluded if the abstract indicates that it does not meet the eligibility criteria.

After the title and abstract filtering, 95 papers were found suitable for the study. If the
full text for the documents can be retrieved, they go into the next filtering step, where the
full text is assessed. If, from reading the paper, it is clear that it does not fit the study
requirements, the paper is excluded; otherwise, relevant data is extracted and included in
the results.

1https://www.scopus.com
2https://www.webofscience.com/
3https://ieeexplore.ieee.org
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2.4 Data extraction and synthesis
We need to decide what data to extract to properly assess the papers’ content and ensure
that the research questions are answered. Table 3 shows the data extracted from each paper
and how this relates to the sub-questions.

Information SQs
What type of system is described?
What type of input does the system have? 1
What does the system measure? 1
How is the input interpreted? 1
How does the system adapt? 2
What is the motivation for building the system? 3a
For which domain was the system created? 4
What kind of challenges does the system face? 5a

Table 3: Extracted data

Depending on the extracted data, the papers are grouped for analysis and for identifying
relevant patterns, which could answer SQ3b and SQ5b.

Figure 1: Adapted PRISMA diagram
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2.5 Search results
The overview of the search results is presented in Figure 1, which was created by adapting
the standard PRISMA diagram [6]. After applying the search protocol with the feasibility
and eligibility criteria, the review included 58 papers.

3 Results
This section shows the results compiled after extracting data from 58 papers. Section 3.1
presents an overview of the types of inputs the systems accept. Section 3.2 shows the different
system types and why a system is included in its group. Section 3.3 gives an overview of
the domains for which these systems were developed. Sections 3.4 and 3.5 discuss objectives
and challenges, respectively.

3.1 Input types
The analysed system responds to four types of inputs: audio, biosignals, text, and video.
These inputs are often combined to give a more accurate reading of the learning state. These
inputs are interpreted differently depending on what the system tries to achieve. The ma-
jority of the systems use video inputs. These systems measure facial expressions ([7], [8]),
which are mapped to relevant emotions like frustration, confusion, or boredom. In some
cases, eye gaze is detected and used to determine the reading comprehension [9]. Addi-
tionally, some systems focused on skills training trace gestures ([10], [11]). Audio inputs
are used for systems with dialogue functions [12], but also for recording speech patterns
for language learning [13]. Text inputs are mostly questionnaires used to asses the initial
state of the user ([14], [15]), or direct feedback given by the user after completing a task [8].
When dealing with bosignals, systems predominantly use EEG signals to determine the
user’s engagement [16]. One unique paper measures the blood oxygen saturation when the
user performs physical activities [17]. Table 4 shows how the systems are grouped in input
categories.

Input type No. of
papers

Papers

Text 35 [7], [18], [19], [20], [21], [22], [23], [24], [25], [26], [27], [28],
[29], [30], [31], [32], [33], [34], [8], [35], [36], [37], [38], [13],
[14], [39], [15], [40], [41], [42], [43], [44], [45], [46], [47]

Video 31 [7], [18], [19], [12], [48], [49], [25], [26], [50], [17], [51], [34],
[52], [8], [35], [53], [38], [14], [54], [55], [9], [39], [15], [41],
[56], [10], [57], [58], [59], [60], [11]

Audio 16 [18], [12], [49], [26], [17], [51], [35], [53], [13], [9], [39], [40],
[56], [57], [58], [60]

Biosignal 8 [12], [49], [61], [62], [17], [34], [16], [55]

Table 4: Input types
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3.2 System types
The system types are diverse, but predominantly, the papers describe e-learning plat-
forms. This category encompasses systems that combine multiple functions, such as rec-
ommender systems, feedback loops, and real-time content changes ([52], [8], [39], [60]).
Recommender systems can also operate independently. In these cases, the systems are
less complex and have only one function. For example, break recommendations ([63], [46]) or
learning path suggestions ([43], [45]). Similar to recommender systems are chatbots, which
can give feedback and suggestions in a dialogue form. Another major category is serious
games, which are platforms with a game-based approach to displaying the content. They
usually adapt the difficulty ([10], [55]) or the game path ([22], [29]) to suit the user’s knowl-
edge level and progress. Similar to the serious games are the Extender Reality (XR)
environments, which immerse the user in a game-like simulation. These systems usually
train a skill. For example, [51] helps with training medical skills, and [56] and [58] let the
user practice their public speaking skills in a safe environment that helps reduce anxiety.
Additionally, some systems serve as assistive tools for people with cognitive or physical
impairments, such as hard-of-hearing people [11]. Other systems that have an assistive
function are robots. They can act as companions and help improve cognitive functions in
children [57] and the elderly [12]. Table 5 shows how the systems are grouped by type.

System type No. of
papers

Papers

E-learning platforms 17 [7], [20], [48], [25], [62], [28], [31], [52], [8], [16],
[13], [14], [9], [39], [15], [60], [11]

Serious games 10 [22], [29], [32], [33], [37], [54], [55], [44], [10],
[47]

XR environments 9 [49], [61], [51], [34], [35], [64], [56], [58], [59]
Recommender systems 7 [63], [18], [19], [21], [43], [45], [46]
Assistive tools 4 [23], [50], [40], [17]
Robots 3 [12], [53], [57]
Chatbots 3 [30], [36], [38]
Others 5 [24], [26], [27], [41], [42]

Table 5: Types of systems

3.3 Domain distribution
The papers included in the review described systems for a range of educational and training
domains. However, the majority did not specify the subject area, implying they are suited
for multiple disciplines. Some systems defining their subject area were created with STEM
education in mind. The subjects range from mathematics [20] to programming ([23], [24],
[36]). These systems provide feedback and try to enhance the learning outcome and en-
gagement. Another significant group focuses on language learning, using audio and text
inputs, and adapts to the user’s progress and knowledge. Alternative education systems
include platforms focusing on non-traditional learning contexts. They focus on users who
need additional support, such as students with Inattentive Attention Deficit Hyperactivity
Disorder [25]. The training-focused systems were split into two groups. Skills training
platforms that help with motor skills, such as assembly work [59] and other physical activi-
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ties, and social and cognitive training platforms provide tools for improving behaviours
[10], and emotion regulation [40]. Table 6 shows how the systems are grouped by their
application domain.

Domain No. of
papers

Papers

Education 23 [63], [18], [?], [21], [22], [26], [62], [30], [52], [8],
[16], [53], [38], [14], [64], [39], [41], [42], [43],
[44], [45], [46], [47]

Skill training 9 [61], [50], [17], [51], [54], [55], [56], [58], [59]
STEM education 8 [7], [20], [23], [24], [29], [32], [33], [36]
Language learning 8 [49], [27], [28], [31], [37], [13], [9]
Social and cognitive train-
ing

5 [12], [34], [40], [10], [57]

Alternative education 5 [25], [15], [60], [11], [48]

Table 6: Domains distribution

3.4 Objectives
The overall objective of these systems is to enhance the learning experience. The systems
present different approaches to achieve this and have smaller objectives. A significant part of
the environment’s aim is to improve engagement and motivation in students ([19], [22], [30],
[33], [47]), while giving a personalised experience and addressing individual needs. Other
focuses are reducing anxiety in high-stress situations ([56], [13]), or simulating realistic
routines [10]. Another objective is to mimic face-to-face teaching in situations where it
is crucial to the development of the user ([16], [50]). While most systems are education-
focused, one unique system aims to support gait rehabilitation [61] by creating a game-like
environment where the user has to collect several batteries.

3.5 Observed challenges
Most studies do not explicitly discuss the challenges of the system, and in the cases where
the limitations are acknowledged, they are addressed briefly. A pattern for the systems
that report their limitations is the narrow range of emotions that the system identifies ([14],
[55], [20]). For example, some systems only classify emotion into positive and negative,
overlooking the human behaviour nuances. Also, some papers consider the domain to be a
limitation and argue that the developed platforms could benefit from more flexibility and
adaptability in multiple subjects ([24], [14]). Other systems fail to account for cultural
backgrounds [13] and gender differences [22]. Additionally, some papers mention that their
system could benefit from a broader range of sensors ([53], [60]), or more complex interactions
mapping [7].

4 Discussion
There are multiple factors that influenced the results of this review. One of the most essential
points is the limited timeframe. This research was conducted over nine weeks, which directly
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facilitated the introduction of several feasibility constraints. One such constraint is the
reduced period during which the papers were collected. This limited the answer for SQ5b,
regarding trends and patterns. Even though multiple patterns were observed, we cannot
safely deduce whether time influences them. The final selection of papers may not fully
represent the full range of available literature on the topic. Additionally, the full text could
not be retrieved for some of the selected papers due to this time constraint. However, despite
the set limitation, the study still captured enough relevant information to answer all the
proposed sub-questions.

The results show that most adaptive systems leverage emotions in their adaptation,
using different techniques to identify emotional states specific to learning. Most emotion-
focused platforms use video inputs to determine the user’s state ([52], [53]), but some outliers
deduce these states from audio [60] or text-based inputs [30]. The emotional states that were
used the most were confusion, frustration, engagement, and boredom. In some cases, these
emotions were classified as negative and positive states ([38], [15]). Another observation
regarding the input type is that most systems use multimodal inputs (combination of audio,
biosignals, text and video) to increase their accuracy when classifying states. For example,
[8] uses facial expression and the user’s feedback to identify their emotional state. Not
emotionally aware systems use gestures or the user’s knowledge and experience to influence
the system’s adaptation.

Additionally, it is important to note how these systems approach adaptation. Some
systems adapt in real-time ([7], [49], [51], [59], [11]), adjusting the content [38] or the difficulty
of the task [34]. Other systems adapt cyclically; they wait until the user finishes the current
task, then use feedback and other collected data to adapt for the next task [22].

Another observation is that all the systems aim to provide personalised solutions for
learning and training, which was expected given the research’s learning-focused scope. Be-
cause many systems do not explicitly mention the subject they are built for, we can assume
they have the potential for flexibility and adaptation over various educational domains.
Across this range, most systems aim to enhance the learning (or training) experience and
offer individual actions for each user. And even the more unique systems, such as medical
training [51] and gait rehabilitation [61], can identify the user’s needs and adapt for each
personal instance.

Additionally, most systems that aim to train motor skills are XR environments or serious
games. This correlation can be attributed to the fact that it is easier to learn a skill when
there is an appropriate environment to practice. A good example is [56], where users can
freely practice public speaking. The platform allows them to choose the audience type and
the room size. Additionally, they get real-time feedback on their performance, which can
help correct mistakes.

5 Responsible Research
We presented the methodology and the process to ensure this review can be reproduced. The
methodology was described using the PRISMA guidelines, and the necessary information
was included. We detailed the approach for the search protocol and the retrieved results (as
of June 2025). Additionally, we included an explanation of the search terms and eligibility
and feasibility criteria. The number of papers at every stage of this research was reported,
as well as the search queries used to retrieve the papers (Appendix A)

It is also important to note that this research was conducted by a Computer Science
student with no significant background in psychology. This fact might lead to mistakes
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during the selection and filtering process. However, we tried to combat this using standard
practices and clear criteria for including papers.

Additionally, Grammarly4 was used for grammar checks and rephrasing to ensure the
text was clear and error-free. By reviewing every suggestion the tool made, the meaning,
nuances, and academic tone of the text were preserved.

6 Conclusions and Future Work
This study conducted a systematic literature review to investigate how adaptive systems
use learning-related information. We focused on the input types, system types, objectives,
motivations, and application domains. We followed the PRISMA guideline to ensure the
review is reproducible and transparent.

According to the methodology, the first step was to develop the search protocol for
collecting relevant papers. We identified and defined the four core terms: adaptive system,
user modelling, learning, and education. These concepts were expanded into relevant terms
that were later used to create the search query. The search was conducted over Scopus,
IEEE Xplorer, and Web of Science. Due to the timeframe of this research, we introduce
feasibility constraints, limiting the review to papers published after 2023. The final search
and filtering resulted in 58 papers that were analysed.

The results show that most systems using learning-related data were designed for ed-
ucation or training. In the educational context, most systems do not specify a particular
domain, thus indicating that these systems can be flexible and adapted to a wide range of
topics. In comparison, training systems focused on improving motor skills use XR environ-
ments or serious games to create an interactive learning environment. Also, the results show
that most papers use multimodal inputs, such as text, audio, video and biosignals to classify
the users’ states accurately.

This review can be a basis for additional work on the topic. Further research can be done
by removing the feasibility constraints and analysing a larger set of papers. Additionally,
including experts with backgrounds in education or psychology could enhance the data
interpretation when analysing the implications of the systems

References
[1] S. Lal, T. H. S. Eysink, H. A. Gijlers, B. P. Veldkamp, J. SteinrÃŒcke, and W. B.

Verwey. Explicit metrics for implicit emotions: investigating physiological and gaze
indices of learner emotions. Frontiers in Psychology, 15, December 2024.

[2] J. M. Harley, S. P. Lajoie, C. Frasson, and N. C. Hall. An integrated emotion-aware
framework for intelligent tutoring systems. In Lecture Notes in Computer Science (in-
cluding subseries Lecture Notes in Artificial Intelligence and Lecture Notes in Bioinfor-
matics), volume 9112, pages 616–619, 2015.

[3] D. Tsatsou et al. Adaptive learning based on affect sensing. In Lecture Notes in Com-
puter Science (including subseries Lecture Notes in Artificial Intelligence and Lecture
Notes in Bioinformatics), volume 10948, pages 475–479, 2018.

4https://app.grammarly.com/

10

https://app.grammarly.com/


[4] A. I. Septiana, K. Mutijarsa, B. L. Putro, and Y. Rosmansyah. Emotion-related peda-
gogical agent: A systematic literature review. IEEE Access, 12:36645–36656, 2024.

[5] H. Buddha, L. Shuib, N. Idris, and C. I. Eke. Technology-assisted language learning
systems: A systematic literature review. IEEE Access, 12:33449–33472, 2024.

[6] Matthew J. Page, Joanne E. McKenzie, Patrick M. Bossuyt, Isabelle Boutron,
Tammy C. Hoffmann, Cynthia D. Mulrow, and David Moher. The prisma 2020 state-
ment: an updated guideline for reporting systematic reviews. BMJ, 372:n71, 2021.

[7] K. P. P. U. Ranasinghe, J. S. Ranasinghe, D. C. Wickramarachchi, W. P. D. B.
Karunarathna, S. Rajapaksha, and V. Jayasinghearachchi. A comprehensive approach
to enhancing science practical education using ai, ml, image processing, and nlp for
secondary education. In 2024 3rd International Conference on Automation, Computing
and Renewable Systems (ICACRS), pages 965–972.

[8] S. Sharma, M. Raj, M. M. Ali, K. Sharma, A. Singh, and S. Singh. Design of struc-
ture using an adaptive generative ai system for customised eduction for individuals.
In Proceedings - International Conference on Computing, Power, and Communication
Technologies, IC2PCT 2024, pages 276–280. Export Date: 04 June 2025.

[9] Z. Svetleff. Exploring personalized ai-driven literacy programs for esl learners: Insights
from neuromarketing. In Lecture Notes in Computer Science, volume 15618 LNCS,
pages 99–106. Export Date: 04 June 2025.

[10] M. Jahadakbar and M. Z. Yao. The routine: Enhancing special needs education through
ai-personalized embodied learning in virtual environments. In Proceedings - 2025 IEEE
International Conference on Artificial Intelligence and eXtended and Virtual Reality,
AIxVR 2025, pages 176–182. Export Date: 04 June 2025.

[11] J. M. D. G. K. M. D, G. A. I. P. D, S. N. N. H, W. W. M. R. T. I. W. D, D. R.
Wijendra, and S. Kasthuriarachchi. Visual kids: Interactive learning application for
hearing-impaired primary school kids in sri lanka. In 2023 5th International Conference
on Advancements in Computing (ICAC), pages 846–851.

[12] E. Zedda and F. Paterno. A proposal for adapting robot behaviours using fuzzy q-
learning in cognitive serious game scenarios. 3794, 2024. Export Date: 04 June 2025.

[13] R. Shadiev, Y. Feng, R. Zhussupova, and F. Altinay. Effects of speech-enabled corrective
feedback technology on efl speaking skills, anxiety and confidence. Computer Assisted
Language Learning, 2024. Export Date: 04 June 2025.

[14] Adil Boughida, Mohamed Nadjib Kouahla, and Yacine Lafifi. emolearnadapt: A new
approach for an emotion-based adaptation in e-learning environments. EDUCATION
AND INFORMATION TECHNOLOGIES, 29(12):15269–15323, 2024.

[15] P. T. Sheejamol, G. V. S. Chetan Teja, B. Balaram, P. S. Rao, and A. Chacko. Mitr
- face emotion recognition based adaptive e- learning platform. In Proceedings of 2023
IEEE 9th International Women in Engineering (WIE) Conference on Electrical and
Computer Engineering, WIECON-ECE 2023, pages 253–257. Export Date: 04 June
2025.

11



[16] Hodam Kim, Younsoo Chae, Suhye Kim, and Chang-Hwan Im. Development of a
computer-aided education system inspired by face-to-face learning by incorporating eeg-
based neurofeedback into online video lectures. IEEE TRANSACTIONS ON LEARN-
ING TECHNOLOGIES, 16(1):78–91, 2023.

[17] Shuai Geng. Application of digital entertainment experience based on intelligent inter-
active system in personalized fitness training system. ENTERTAINMENT COMPUT-
ING, 52, 2025.

[18] J. C. Salazar, J. Aguilar, J. Monsalve-Pulido, and E. Montoya. A generic architecture
of an affective recommender system for e-learning environments. Universal Access in
the Information Society, 23(3):1115–1134, 2024. Export Date: 04 June 2025.

[19] R. Saleem and M. Aslam. A multi-faceted deep learning approach for student engage-
ment insights and adaptive content recommendations. IEEE Access, 13:69236–69256,
2025. Export Date: 04 June 2025.

[20] A. Gomes and M. E. Bigotte de Almeida. A personalised support centre for mathematics
in engineering adapted to students’ preferences, knowledge and needs. In 2023 IEEE
Global Engineering Education Conference (EDUCON), pages 1–8.

[21] Haipeng Wan and Shengquan Yu. A recommendation system based on an adaptive
learning cognitive map model and its effects. INTERACTIVE LEARNING ENVI-
RONMENTS, 31(3):1821–1839, 2023.

[22] Alkinoos-Ioannis Zourmpakis, Michail Kalogiannakis, and Stamatios Papadakis. Adap-
tive gamification in science education: An analysis of the impact of implementation
and adapted game elements on students’ motivation. COMPUTERS, 12(7), 2023.

[23] D. Felipe Gomez Aristizabal, R. Herrero Alvarez, G. Miranda, and C. Leon. Adaptive
learning in computational thinking: The role of emotional feedback in programming
contests training. pages 1–10, 2025.

[24] D. Lohr, M. Berges, A. Chugh, and M. Striewe. Adaptive learning systems in pro-
gramming education: A prototype for enhanced formative feedback. In Lecture Notes
in Informatics (LNI), Proceedings - Series of the Gesellschaft fur Informatik (GI), vol-
ume P-356, pages 549–554. Export Date: 04 June 2025.

[25] O. Thawalampola, D. Jayasuriya, S. Kariyawasam, M. Makawita, D. Wijendra, and
J. Joseph. Adaptive learning tool to enhance educational outcomes for students with
inattentive attention deficit hyperactivity disorder (adhd). In 2024 6th International
Conference on Advancements in Computing, ICAC 2024, pages 462–467. Export Date:
04 June 2025.

[26] E. Woodruff. Ai detection of human understanding in a gen-ai tutor. AI (Switzerland),
5(2):898–921, 2024. Export Date: 04 June 2025.

[27] H. Xiao. An adaptive learning path optimization model for advanced english learners.
Applied Mathematics and Nonlinear Sciences, 9(1), 2024. Export Date: 04 June 2025.

[28] T. Zhu. An intelligent guide application for english online education based on deep
learning. Journal of Advanced Computational Intelligence and Intelligent Informatics,
29(3):489–499, 2025. Export Date: 04 June 2025.

12



[29] Z. Ren and L. Yang. Application of emotion recognition in the design strategy of
gamified courses. In Proceedings - 2024 10th International Conference on Systems and
Informatics, ICSAI 2024. Export Date: 04 June 2025.

[30] Q. El Maazouzi, A. Retbi, and S. Bennani. Chatbot integrated with sentiment anlaysis:
Application to e-learning. In 2023 International Conference on Digital Age Techno-
logical Advances for Sustainable Development (ICDATA), pages 162–167.

[31] Qianxi Wu, Weidong Ji, and Guohui Zhou. Clkt: Optimizing cognitive load manage-
ment in knowledge tracing. COGNITIVE COMPUTATION, 17(2), 2025.

[32] L. Y. Pfluger, W. F. Brabander, S. Vogt, and S. Gobel. Collaborative knowledge
development: An exploration of knowledge space theory in multiplayer learning games.
In Lecture Notes in Computer Science (including subseries Lecture Notes in Artificial
Intelligence and Lecture Notes in Bioinformatics), volume 15259 LNCS, pages 228–243.
Export Date: 04 June 2025.

[33] R. Hare, Y. Tang, and C. Zhu. Combining gamification and intelligent tutoring systems
for engineering education. In Proceedings - Frontiers in Education Conference, FIE.
Export Date: 04 June 2025.

[34] M. Chu, J. Qu, T. Zou, Q. Li, L. Bu, and Y. Shen. Design and evaluation of ar-
based adaptive human-computer interaction cognitive training. International Journal
of Human Computer Studies, 199, 2025. Export Date: 04 June 2025.

[35] J. Liu. Development of interactive english e-learning video entertainment teaching en-
vironment based on virtual reality and game teaching emotion analysis. Entertainment
Computing, 52, 2025. Export Date: 04 June 2025.

[36] Lina Yang, Xinjie Sun, Hui Li, Ran Xu, and Xuqin Wei. Difficulty aware programming
knowledge tracing via large language models. SCIENTIFIC REPORTS, 15(1), 2025.

[37] Gwo-Jen Hwang and Di Zhang. Effects of an adaptive computer agent-based digital
game on efl students’ english learning outcomes. ETRD-EDUCATIONAL TECHNOL-
OGY RESEARCH AND DEVELOPMENT, 72(6):3271–3294, 2024.

[38] H. L. Liu, C. F. Lai, and H. C. K. Lin. Effects of facial recognition and text semantic
recognition on affective tutoring system. Journal of Internet Technology, 25(6):807–814,
2024. Export Date: 04 June 2025.

[39] L. Zheng. Intelligent language acquisition model for online student interaction with ed-
ucators using 6g-cyber enhanced wireless network. Wireless Personal Communications,
2024. Export Date: 04 June 2025.

[40] I. Ferri-Molla, J. Linares-Pellicer, C. Aliaga-Torro, and J. Izquierdo-Domenech. Multi-
agent ai system for adaptive cognitive training in elderly care. In International Con-
ference on Agents and Artificial Intelligence, volume 1, pages 937–947. Export Date:
04 June 2025.

[41] R. Hare and Y. Tang. Ontology-driven reinforcement learning for personalized student
support. In 2024 IEEE International Conference on Systems, Man, and Cybernetics
(SMC), pages 2555–2560.

13



[42] Y. Li. Research on adaptive learning path optimization algorithm for public english
based on natural language processing. In 2025 Asia-Europe Conference on Cybersecu-
rity, Internet of Things and Soft Computing (CITSC), pages 496–502.

[43] S. Amin, M. I. Uddin, A. A. Alarood, W. K. Mashwani, A. Alzahrani, and A. O.
Alzahrani. Smart e-learning framework for personalized adaptive learning and sequen-
tial path recommendations using reinforcement learning. IEEE Access, 11:89769–89790,
2023.

[44] Y. Fang, T. Li, L. Huynh, K. Christhilf, R. D. Roscoe, and D. S. McNamara. Stealth
literacy assessments via educational games. Computers, 12(7), 2023. Export Date: 04
June 2025.

[45] W. Deng, L. Wang, and X. Deng. Strategies for optimizing personalized learning path-
ways with artificial intelligence assistance. International Journal of Advanced Computer
Science and Applications, 15(6):605–616, 2024. Export Date: 04 June 2025.

[46] T. Sargazi Moghadam, A. Darejeh, M. Delaramifar, and S. Mashayekh. Toward an arti-
ficial intelligence-based decision framework for developing adaptive e-learning systems
to impact learnersâ emotions. Interactive Learning Environments, 32(7):3665–3685,
2024. Export Date: 04 June 2025.

[47] H. Gharbaoui, K. Mansouri, and F. Poirier. Unleashing the potential of personal-
ized gamification and social learning: An adaptive approach to motivation and success
improvement. In Colloquium in Information Science and Technology, CIST, pages 436–
441. Export Date: 04 June 2025.

[48] F. Z. Lhafra and O. Abdoun. Adaptive e-learning to improve communicative skills of
learners with autism spectrum disorder using eye tracking and machine learning. In
Lecture Notes in Networks and Systems, volume 838 LNNS, pages 311–317. Export
Date: 04 June 2025.

[49] A. Nassani, J. Blake, and J. Villegas. Adaptive learning companions: Enhancing edu-
cation with biosignal-driven digital human. In Conference on Human Factors in Com-
puting Systems - Proceedings. Export Date: 04 June 2025.

[50] C. W. Kao, W. H. Wu, and C. S. Huang. Ai-enhanced assistive tools with hand skeleton
analysis in online arts education. In 2024 IEEE 6th Eurasia Conference on Biomedical
Engineering, Healthcare and Sustainability (ECBIOS), pages 6–9.

[51] W. Xiong and Y. Peng. Design and development of a mixed reality teaching systems
for iv cannulation and clinical instruction. Computer Animation and Virtual Worlds,
35(3), 2024. Export Date: 04 June 2025.

[52] M. Liu and W. Wang. Design and implementation of an emotion-aware learning system
based on facial expression recognition. In Proceedings of 2024 3rd International Con-
ference on Artificial Intelligence and Education, ICAIE 2024, pages 154–159. Export
Date: 04 June 2025.

[53] M. Kraus, D. Betancourt, and W. Minker. Does it affect you? social and learning
implications of using cognitive-affective state recognition for proactive human-robot
tutoring. In IEEE International Workshop on Robot and Human Communication, RO-
MAN, pages 928–935. Export Date: 04 June 2025.

14



[54] L. Alizadehsaravi, S. Drauksas, J. K. Moore, R. Happee, and L. Marchal-Crespo. En-
hancing motor learning in cycling tasks: The role of model predictive control and train-
ing sequence. In 2024 10th IEEE RAS/EMBS International Conference for Biomedical
Robotics and Biomechatronics (BioRob), pages 728–733.

[55] R. Han, B. G. Lee, D. Towey, Y. Yao, and M. Pike. Exploring emotional responses
with dynamic difficulty adjustment adaptation in immersive virtual reality exergam-
ing. In 2024 IEEE 48th Annual Computers, Software, and Applications Conference
(COMPSAC), pages 621–627.

[56] N. Jinga, A. M. Anghel, F. Moldoveanu, A. Moldoveanu, A. Morar, and L. Petrescu.
Overcoming fear and improving public speaking skills through adaptive vr training.
Electronics (Switzerland), 13(11), 2024. Export Date: 04 June 2025.

[57] M. R. Chougala, B. S, A. S. Bhayyar, A. Bhandarkar, and P. N. Pavithra. Totcare-
bot: A comprehensive approach towards enhancing early childhood education through
robotics. In 2024 5th International Conference on Circuits, Control, Communication
and Computing (I4C), pages 137–142.

[58] M. Igras-Cybulska, D. Hekiert, A. Cybulski, S. Tadeja, M. Witkowski, K. Nakonieczny,
I. Augustyn, J. Jasinski, D. Hemmerling, T. Skrzek, S. Kacprzak, M. Kaczorowska,
J. Juros, M. Warzeszka, E. Migaczewska, F. Malawski, P. Slomka, R. Salamon, A. Szu-
miec, K. Kornacka, B. BlaszczyÅski, K. BlaszczyÅska, R. Sterna, M. Makowiec, and
M. Majdak. Towards multimodal vr trainer of voice emission and public speaking -
work-in-progress. In 2023 IEEE Conference on Virtual Reality and 3D User Interfaces
Abstracts and Workshops (VRW), pages 355–359.

[59] P. Vanneste, K. Dekeyser, L. A. P. Ullauri, D. Debeer, F. Cornillie, F. Depaepe, A. Raes,
W. Van den Noortgate, and S. Said-Metwaly. Towards tailored cognitive support in
augmented reality assembly work instructions. Journal of Computer Assisted Learning,
40(2):797–811, 2024. Export Date: 04 June 2025.

[60] P. Aishani, S. Arush, and M. Vivek. Unsight: Bridging the educational gap for blind
learners. In 2024 ITU Kaleidoscope: Innovation and Digital Transformation for a
Sustainable World (ITU K), pages 1–8.

[61] J. Rodriguez, C. Del-Valle-Soto, and J. Gonzalez-Sanchez. Affect-driven vr environment
for increasing muscle activity in assisted gait rehabilitation. IEEE Access, 12:81593–
81607, 2024. Export Date: 04 June 2025.

[62] A. Chrysanthakopoulou, E. Dritsas, M. Trigka, and P. Mylonas. An eeg-based applica-
tion for real-time mental state recognition in adaptive e-learning environment. In 2023
18th International Workshop on Semantic and Social Media Adaptation and Personal-
ization, SMAP 2023. Export Date: 04 June 2025.

[63] A. Darejeh, T. S. Moghadam, M. Delaramifar, and S. Mashayekh. A framework for ai-
powered decision making in developing adaptive e-learning systems to impact learners’
emotional responses. In 11th International and the 17th National Conference on E-
Learning and E-Teaching, ICeLeT 2024. Export Date: 04 June 2025.

[64] F. Sarshartehrani, E. Mohammadrezaei, M. Behravan, and D. Gracanin. Enhancing
e-learning experience through embodied ai tutors in immersive virtual environments:

15



A multifaceted approach for personalized educational adaptation. In Lecture Notes
in Computer Science (including subseries Lecture Notes in Artificial Intelligence and
Lecture Notes in Bioinformatics), volume 14727 LNCS, pages 272–287. Export Date:
04 June 2025.

A Full queries for database search

A.1 Scopus
( TITLE-ABS-KEY ( "learn* affect" OR "learn* state" OR "emotion*" OR "bored" OR
"anxiety" OR "frustration" OR "concentrat*" ) AND TITLE-ABS-KEY ( "adapt*" OR
"dynamic*" ) AND TITLE-ABS-KEY ( "educat*" OR "tutor*" OR "train*" OR "coach*"
OR "e-learn*" ) AND TITLE-ABS-KEY ( "user*" OR "student*" OR "participant*" OR
"teacher" OR "child*" ) AND NOT TITLE-ABS-KEY ( "review" OR "survey" OR "com-
par*" ) ) AND PUBYEAR > 2022 AND PUBYEAR < 2026 AND ( LIMIT-TO ( DOCTYPE
, "cp" ) OR LIMIT-TO ( DOCTYPE , "ar" ) ) AND ( LIMIT-TO ( LANGUAGE , "English"
) ) AND ( LIMIT-TO ( SUBJAREA , "COMP" ) )

A.2 IEEE Xplorer
("All Metadata":"learn* affect" OR "All Metadata":"learn* state" OR "All Metadata":"emotion*"
OR "All Metadata":"bored" OR "All Metadata":"anxiety" OR "All Metadata":"frustration"
OR "All Metadata":"concentrat*") AND ("All Metadata":"adapt*" OR "All Metadata":"dynamic*")
AND ("All Metadata":"educat*" OR "All Metadata":"tutor*" OR "All Metadata":"train*"
OR "All Metadata":"coach*" OR "All Metadata":"e-learn*") AND ("All Metadata":"user*"
OR "All Metadata":"student*" OR "All Metadata":"participant*" OR "All Metadata":"teacher"
OR "All Metadata":"child*") NOT ("All Metadata":"review" OR "All Metadata":"survey"
OR "All Metadata":"compar*")

A.3 Web of Science
(((((TS=(learn* affect OR learn* state OR emotion* OR bored OR anxiety OR frustration
OR concentrat*)) AND TS=(adaptive system OR dynamic system)) AND TS=(educat* OR
tutor* OR e-learn* OR train* OR coach*)) AND TS=(user* OR student* OR participant*
OR teacher OR child*)) NOT TS=(review OR survey OR compar*))
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