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Abstract

Machine learning (ML) techniques in the Educational Data Mining (EDM) context enable the development of in-
creasingly efficient prediction models. This evolution benefits from the improvement of ML techniques, the current
massive collection of heterogeneous data, and the high availability of computational power. As a result, efficient
models are obtained; however, they are complex and challenging to comprehend. Therefore, the field of model inter-
pretability, also known as Explainable Artificial Intelligence (XAI) research, becomes a pivotal piece in consolidating
and giving credibility to the solutions developed in the EDM context. In this sense, we presented a systematic map-
ping to understand how studies in the area of EDM address interpretability, aiming to answer questions related to
the (i) interpretability context, (ii) interpretability methods, metrics, and objectives, (iii) education levels, (iv) edu-
cational data, and (v) ML techniques. To achieve this goal, we conducted a Systematic Literature Mapping (SLM),
which involved defining a research protocol with planning, conducting, and reporting phases. These phases included
defining research questions, establishing digital reference libraries, and establishing inclusion and exclusion criteria.
The findings indicate that, despite the peculiarities of each study, interpretability is frequently addressed as a post
hoc component rather than as a core objective of model design, limiting its systematic evaluation and comparative
analysis across models. There is a need for studies in which interpretability is a central objective, including the com-
parison of interpretability across models from different ML techniques, the exploration or proposal of interpretability
metrics (particularly agnostic ones), and the investigation of the relationship between interpretability and algorith-
mic fairness. Overall, this study offers a comprehensive perspective on the applicability of interpretability methods
in various educational contexts, synthesizes best practices and limitations in measuring and comparing model inter-
pretability, and highlights the importance of involving stakeholders in the development of transparent and effective
EDM applications.
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1 Introduction

Artificial intelligence (Al) has already become ubiquitous and is responsible for many decisions in
today’s society. Due to the wide availability of heterogeneous data and computational power, Ma-
chine Learning (ML) algorithms achieve increasingly better predictive performances. However,
most of the models generated have greater complexity and limitations such as opacity or lack
of transparency, which inherently characterizes black box models (D. V. Carvalho et al., 2019;
Linardatos et al., 2021).

Once the internal logic and inner workings of these black box models are hidden, humans
cannot interpret or understand the system’s reasoning and how decisions are made (Montavon
et al.,, 2017). Systems with those characteristics are complex to be trusted, especially in areas
where moral and fairness issues are involved (Linardatos et al., 2021). Regarding high-stakes
decisions, the stated problem is further compounded because entrusting essential decisions to a
system that cannot explain itself and cannot be explained by humans presents evident dangers
(Adadi & Berrada, 2018).

Research on explainable models is required in various fields, including transportation, health-
care, legal (criminal justice), military, cybersecurity, education, entertainment, government, and
image recognition, among others (Adadi & Berrada, 2018). Specifically, in the case of educa-
tion, several pitfalls arise from using black box models, including a lack of transparency, potential
for bias, limited interpretability, dependence on data quality, and difficulty adapting to changing
circumstances (Samek et al., 2019). To address those issues, Explainable Artificial Intelligence
(XAI) emerged as a field of study to create a suite of interpretable models and methods that
produce more explainable models while preserving high predictive performance levels (Adadi &
Berrada, 2018). Yet, interpretability in the ML context aims to prevent society from being harmed
or marginalized by the current generation of Al systems (Vieira & Digiampietri, 2022).

Interpretability and explainability are closely related concepts. Some authors usually dif-
ferentiate them. When humans can understand what a model has done, it is interpretable. When
considering that humans can explain and discover why certain attributes have a significant influ-
ence on the result, then the model is said to be explainable (Burkart & Huber, 2021). In the context
of this work, as well as in Molnar (2022), the terms interpretability and explainability will be used
interchangeably.

Different criteria can be used to classify methods and techniques for ML Interpretability.
Intrinsic versus post hoc is another example. These criteria distinguish whether interpretability is
achieved by restricting the complexity of the machine learning model (intrinsic) or by applying
methods that analyze the model after training (post hoc). Short decision trees (DT) or sparse
linear models, for example, are considered interpretable due to their simple structure. Post hoc
interpretability refers to the application of interpretability methods after a model has been trained
and evaluated. Permutation feature importance and the Global Surrogate Model are examples of
post hoc interpretability methods (Molnar, 2022).

Another criterion is model-specific versus model-agnostic. These classification criteria con-
sider which class of models the interpretability methods can be applied to. If an interpretability
method is based on the internal structure of a specific model or a class of models, then that method
1s model-specific. On the other hand, if the interpretability method can be applied to any class of
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models, then it is classified as model-agnostic (D. V. Carvalho et al., 2019; Molnar, 2022). In-
terpretability can also be classified according to its scope. In simple terms, this criterion can be
understood as follows. If the interpretability method delivers explanations for understanding the
model, it is a global interpretability. On the other hand, if the provided explanation is directly
related to a specific prediction, then the method is considered to have local interpretability. A
method can also be considered locally scoped if it explains specific predictions for a set of in-
stances (D. V. Carvalho et al., 2019; Molnar, 2022).

Al has been applied in various relevant domains, including healthcare (Schuch et al., 2023;
Zhang et al., 2023), finance (Ozbayoglu et al., 2020), criminal justice (Mandalapu et al., 2023),
and education (X. Liu et al., 2025; Queiroga et al., 2024). Within the educational domain, this
growing use of Al is particularly evident in the field of Educational Data Mining (EDM), which
explores statistical, Machine Learning (ML), and Data Mining (DM) algorithms applied to differ-
ent types of educational data (Romero & Ventura, 2010), through a cyclical knowledge discovery
process (Romero & Ventura, 2020), standing out as one of the main forms of big data analysis in
education (Xiao et al., 2022). EDM is the research area dedicated to developing methods for dis-
covering insights from various types of data derived from educational environments and utilizing
these methods to better understand students and the contexts in which they learn (R. S. J. d. Baker,
2010).

The methods used in EDM are similar to those in general data mining, with multiple ap-
proaches available for various applications. Among the most commonly used methods are cluster-
ing, association rule mining, regression, and classification (Bakhshinategh et al., 2018; Romero &
Ventura, 2010). Applications in the EDM field are diverse and can be categorized based on vari-
ous criteria (R. S. Baker & Yacef, 2009; Hegazi & Abugroon, 2016; Pefa-Ayala, 2014; Romero &
Ventura, 2010), including the end user, such as students, educators, administrators, and researchers
(Romero & Ventura, 2013). Performance prediction is among the most relevant applications, en-
abling early identification of the risk of failure or dropout in the learning process (Bakhshinategh
et al., 2018; Xiao et al., 2022), in a context where dropout in higher education is an international
issue that represents social, academic, and economic waste (R. L. L. Silva Filho et al., 2007).

In this context, this work aims to characterize the state of the art regarding the interpretabil-
ity of models in Educational Data Mining (EDM). To this end, it proposes a Systematic Literature
Mapping (SLM) to identify the key aspects related to (i) interpretability context, (ii) interpretabil-
ity methods, metrics, and objectives, (iii) education levels, (iv) educational data, and (v) ML
techniques. More specifically, beyond mapping these aspects, this study contributes by providing
insights into the practical applicability and theoretical implications of interpretability methods in
EDM, as follows:

* By relating interpretability methods to practical EDM applications, data types, and edu-
cation levels, this study provides a comprehensive view of how interpretability is effec-
tively addressed in different educational contexts, highlighting cases where interpretability
is treated as a core objective and where it remains secondary;

* By synthesizing studies that measure, compare, or analyze the interpretability of different
models and techniques, including both intrinsically interpretable and post hoc approaches,
this work identifies best practices and limitations, pointing to the need for systematic com-
parison and the development of interpretability metrics, particularly for agnostic methods;
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* By examining the objectives and motivations behind the use of interpretability methods,
this study reinforces the importance of stakeholder involvement and discusses how inter-
pretability interacts with other desiderata in EDM, such as fairness, thereby contributing to
the design of transparent, accountable, and context-aware educational systems.

The paper is organized as follows. Section 2 describes another review related to Inter-
pretability. Continuing, Section 3 presents the Research Protocol (RP) for this systematic map-
ping, including the planning and conduction phases. Section 4 presents the results to answer the
proposed research questions. Lastly, Section 5 presents the discussion and future directions, while
Section 6 presents the final considerations.

2 Related Work

This section presents some secondary studies that have explored the theme of interpretability,
comprising eight non-systematic reviews (nSLR) and seven systematic literature reviews (SLR).
None of them, however, focused on interpretability analysis in the context of Educational Data
Mining, as this mapping proposes and as highlighted at the end of the section.

The review of Linardatos et al. (2021) serves as a reference point for both theorists and
practitioners, as it presents a taxonomy of ML interpretability methods and the best use cases
for each approach. In this context, healthcare, finance, computer vision, and natural language
processing are among the most frequently discussed domains. Under the proposed taxonomy,
four major categories were identified: (i) methods for explaining complex black-box models, (ii)
methods for creating white-box models, (iii) methods that promote fairness and mitigate discrim-
ination, and (iv) methods for analyzing the sensitivity of model predictions. The study highlights
the significant growth of the sensitivity analysis field, the lack of combinatorial approaches for
explaining deep neural networks, and the absence of formal metrics to assess the performance of
interpretability methods. Finally, the findings show that despite numerous academic studies on
interpretability, these techniques are rarely a significant part of machine learning workflows.

Another study is presented by D. V. Carvalho et al. (2019), covering machine learning in-
terpretability with a focus on methods and metrics. That is an extensive survey with an excellent
theoretical foundation for interpretability. Properties and human-friendly characteristics for indi-
vidual explanations are presented. Three main levels of experiments are proposed for evaluating
interpretability. Quantitative and qualitative indicators for interpretability are also presented. Fi-
nally, it’s highlighted that this research field needs to focus more on comparing existing explana-
tion methods instead of just creating new ones.

The study by Langer et al. (2021) reinforces and extends the focus on human stakeholders as
well as on the development and evaluation of explainability approaches, proposing that when tack-
ling explainability, research needs to pay more attention to stakeholders’ specific desiderata, such
as interests, goals, expectations, needs, and demands regarding Al-based systems. It introduces
a conceptual model that explicitly relates the satisfaction of stakeholders’ desiderata with the ex-
plainability concepts (i) explainability approach, (i1) explanatory information, (iii) stakeholders’
understanding, (iv) desiderata satisfaction, and (v) context. Five classes of stakeholders are con-
sidered: users, developers, affected parties, deployers, and regulators. Additionally, the review
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identifies various desiderata, including acceptance, effectiveness, fairness, and legal compliance,
among others. It concludes that, as Al-based systems increasingly influence decision-making pro-
cesses and societal contexts, stakeholders’ desiderata continue to expand. While XAl research has
shifted toward human stakeholders, it still lacks a comprehensive view of all stakeholder needs in
socially relevant contexts.

The study by Khosravi et al. (2022) makes contributions by addressing the specific chal-
lenges and mechanisms of XAl in education, proposing an XAl in Education (XAI-ED) frame-
work that draws on the fields of Al, Human-Computer Interaction, and the Cognitive and Learning
Sciences. Regarding stakeholders, for example, it highlights that providing explanations solely for
system engineers or data scientists is not sufficient, as human factors are essential for the effective
communication of explanations in any context. Understanding and trust in Al depend on the peo-
ple involved. Additionally, four case studies are presented to illustrate the application of XAI-ED,
including an adaptive learning system, feedback within a writing analytics tool, and data narratives
through teamwork analysis in educational healthcare systems.

The Rachha and Seyam (2023) work addressed the Explainable Artificial Intelligence (XAI)
in education. One of its contributions is summarizing the explainability techniques used in vari-
ous domains, identifying gaps, and considering their potential usefulness in education. The survey
presents some discussions as follows: the need for a unified framework for XAl in Education; the
need for established principles and guidelines for Human-in-the-loop XAl systems; the need for a
holistic consideration of incorporating multiple disciplines in XAl design; the need for Identifica-
tion of associated risk and mitigation; future directions for educators, policymakers, researchers,
and developers.

Yet in the nSLR group, there are brief reviews. According to S. Chen et al. (2023), the prac-
tical implementation of EDM in the context of EDM has fallen short of desired outcomes due to
challenges such as data fragmentation, a lack of interpretability in analyses, and usability issues.
In this regard, it proposes a collaboration-centric strategy for EDM application design, encom-
passing improvements at three levels: a unified data platform that aggregates multi-source data,
interpretable data analysis middleware, and customizable front-end services tailored to multiple
roles. Pantazatos et al. (2024) presents a brief review that proposes the application of XAl in the
context of network management education, enhancing the learning experience by improving trans-
parency and empowering instructors and students in the field of IT infrastructure management. A
discussion about the means and applications of XAl in various fields is presented, including educa-
tion. Tousside et al. (2022) reviews the current state of explainability in modern EDM approaches,
including discussion about the advantages of its use, as well as the EDM Approaches addressing
or lacking explainability. Additionally, propose some XAI methods that could be incorporated
into specific state-of-the-art EDM approaches.

The following reviews are systematic literature reviews, and since their methodology is
closer to the mapping study proposed here, we present Table 1 to highlight (i) their base search
string and (ii) whether the review focuses on Education. Next, each of these reviews is described
individually.

The Vieira and Digiampietri (2022) review focused on post-hoc interpretability in Machine
Learning, independent of the research area. In this regard, certain restrictions were applied during
the selection process. The papers must use tabular and labeled data and propose a model-agnostic
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Table 1: Related work identified as Systematic Literature Reviews.

Focus on

Work Search String Scope Education

Title, abstract, and keyword fields.
((“black-box” OR “black box’’) AND
Vieira and Digiampietri (2022) (“machine learning” OR “predict*” OR “model*” OR “classif*”) No

AND (“explainable” OR “explainability” OR “interpretability’’)
AND (“agnostic” OR “post-hoc”” OR “post hoc™))
Title and abstract fields.

(framework of interpretability of machine learning”’) OR (“tool of interpretability in
machine learning”) OR (“tools of explainability of machine learning models”) OR
(“framework of explainability of machine learning”’) OR (“interpretable machine
learning tool””) OR (“interpretable machine learning”) OR (“explainable machine
learning tools”) OR (“explainable frameworks of machine learning”) OR
(“explainability of machine learning models”’) OR (“performance of framework of
interpretability machine learning”’) OR (“machine learning interpretability techniques™)
OR (“decipherable machine learning”) OR (“understandable machine learning”) OR
(“explicable machine learning”)

(xai OR explanation OR understandab®* OR
intelligib* OR comprehensib* OR interpretab* OR
explainab* OR transparen®) AND fair* AND (ai OR
“artificial intelligence” OR “machine learning”)

Web of Science
(TI=(explain* deep learning or interpre* deep
learning or reliab* deep learning)) OR AK=(explain* deep
learning or interpre* deep learning or reliab* deep learning)

Example for Web of Science
TI=(student* OR academic) AND (predict* OR model*)

Alamri and Alharbi (2021) AND (performance OR grade) Yes®
TS=(white-box OR Interpretable OR understandable
OR explainable OR expressiviness OR Rule*)

- ML AND student performance OR
EDM AND student performance
- Academic performance AND Deaf
Raji et al. (2023) - ML AND students with Hearing Impairment OR Yes™*
EDM AND students with Hearing Impairment
AND student performance prediction
- Open Dataset AND student performance
Keywords such as
"Educational Data Mining", "Student Performance Prediction”,
"Evaluations of Students", "Performance Analysis of Students",
and "Learning Curve Prediction”

Araujo (2021) No

Deck et al. (2024)

SAHIN et al. (2025) No

Pandian et al. (2024) Yes®

Legend: Yes" - student performance prediction, Yes™ - academic performance of deaf children.

approach. The goal is to identify the methods used for interpretability, their metrics, and the
challenges still to be addressed in the field. The searches were performed in June 2020, and after
the selection phase, 11 studies were accepted for analysis. According to the review, determining
the correct measurement criteria and metric for each case is challenging and remains an open
problem in the field.

The study by Araujo (2021) reviewed the use of interpretability frameworks in machine
learning, aiming to identify the most frequently adopted approaches, the ML algorithms used, and
the domains in which they were applied. The authors also sought to highlight research related
to the performance of these interpretability techniques. Among the analyzed frameworks, LIME
stood out with 19 occurrences, followed by SHAP with 3 occurrences. Regarding the application
domains, the most common areas were Health, Natural Language Processing (NLP), and Finance.
Notably, none of the selected works addressed interpretability in the context of Education. The

319



Carvalho et al. RBIE v.34 — 2026

review analyzed 26 studies published between 2017 and 2020, retrieved from IEEE', ACM Digital
Library?, and Science Direct?.

Deck et al. (2024) investigate the different relationships between explainability and algo-
rithmic fairness. The paper organizes and critically analyzes the claims found in recent literature
regarding the benefits of Explainable Artificial Intelligence (XAI) for fairness, including its role
in analyzing, reporting, and mitigating unfairness. From the perspective of domain application,
it provides a general review and aligns with stakeholders’ desiderata, as noted by Langer et al.
(2021). The study by SAHIiN et al. (2025) provides a comprehensive overview of state-of-the-
art methods and techniques for enhancing interpretability, explainability, and reliability in deep
learning models. Among its contributions are the proposal of a taxonomy of XAl methods and the
exploration of domain-specific applications of XAl methods, demonstrating how these techniques
are tailored to meet the unique requirements of diverse fields.

The study by Alamri and Alharbi (2021) presented a systematic review considering articles
that utilize explainable ML models in student performance prediction. The goal was to identify
the performance measures to be predicted, the predictors used to train the models, and the methods
used. Also, it aimed to identify evaluation metrics to assess the explainability of the models and
the methods that meet both requirements of high accuracy and explainability. As a result, none of
the selected studies has utilized any evaluation metric to assess the explainability of the models,
revealing a critical shortcoming of existing research in explainable student performance prediction
models. The search was applied in ISI Web of Science* and Google Scholar®, considering the
period from 2015 to 2020.

The review Raji et al. (2023) aims to shed light on the importance of research in the field
of deaf education utilizing ML techniques. Exploring the advantages of using explainable models
in this domain identifies that they are crucial for decision-making and for building stakeholders’
trust in the educational system. The study Pandian et al. (2024) conducts an exhaustive review
of previous research on the application of ML algorithms to predict the academic performance of
students in various educational environments. Although interpretability is not explicitly addressed
in the research questions, the study reveals that only 6% of the concerns identified in the limitations
of existing algorithms are related to interpretability.

The research proposed here differs from previous studies in several aspects: (i) it is a
Systematic Literature Mapping (SLM) focused on interpretability in Educational Data Mining
(EDM), (i1) there are no restrictions on the type or scope of interpretability methods, (iii) there
are no restrictions on the EDM application, (iv) there are no restrictions on the type of data used,
(v) it includes a research question to assess initiatives aimed at quantifying model interpretability,
(vi) it includes a research question to identify the objectives behind the use of interpretability, and
(vii) it verifies whether studies attempt to compare the interpretability of different models. Thus,
this review presents a relevant contribution to EDM in the field of explainability.

Ihttp://ieeexplore.ieee.org
Zhttp://portal.acm.org
3https://www.sciencedirect.com/
“http://www.isiknowledge.com
>https://scholar.google.com/
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3 Methodology

The present Section describes the Research Protocol (RP) for the proposed Systematic Literature
Mapping (SLM). This protocol is based on guidelines from Kitchenham and Charters (2007),
which is also widely used in Informatics in Education (Dermeval et al., 2020). The planning and
conduction phases were carried out with the support of the online tool Parsifal®.

3.1 Research Questions

The Research Questions (RQ) are the first step in the SLM. Aiming to characterize the state of
the art in the themes of Model Interpretability and EDM, the following Research Questions were
defined:

RQ1 - In which context was interpretability explored?

RQ2 - In which level of education were the studies applied?

RQ3 — What educational data were used?

RQ4 — What methods were used to obtain the models in the context of the EDM?

RQS5 — Which strategy (method or framework) was used to analyze the interpretability of the
models?

RQ6 — What metrics were used to assess the interpretability of a model?

RQ7 — What is the purpose or objective when addressing interpretability?

3.2 Digital Libraries and Search String

Primary studies were searched in ACM Digital Library’, IEEE Digital Library®, ISI Web of
Science’, Scopus'?, and SBC-OpenLib (SOL)!'!. These scientific bases enable advanced search
through “search strings”. These search strings are expressions that combine words of interest and
logical operators.

In that regard, the elaborated string uses terms related to EDM, Interpretability, and Ex-
plainability. Table 2 presents the final search string for each Digital Library. The desired terms
are defined from these expressions, where they should be found in the paper (Title, Abstract, or
Keywords), and finally, the Year of publication. This mapping study, therefore, is restricted to
studies published from 2017 onwards!?. The search string for Scopus can be considered the base
string, as its format is concise and easy to understand.

Ohttps://parsif.al/

"http://portal.acm.org

8http://ieeexplore.ieee.org

“http://www.isiknowledge.com

Ohttp://www.scopus.com

https://sol.sbc.org.br/

121n the IEEE search, the Year of publication is manually filtered after the search string is applied.
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Table 2: Search Strings for each Digital Library.

Digital Library

Search String

ACM Digital Library

IEEE Digital Library

IST Web of Science

Scopus

SBC-OpenLib
(English and Portuguese)

( Title:(“educational data mining") OR Abstract:(“educational data mining") OR
Keyword:(“educational data mining") ) AND ( Title:(“explainable”) OR Ti-
tle:(“explainability") OR Title:(“interpretability") OR Title:(“interpretable”) OR
Title:(“explanation*") OR Abstract:(“explainable") OR Abstract:(“explainability") OR
Abstract:(“interpretability”) OR Abstract:(“interpretable”) OR Abstract:(“explanation*®")
OR  Keyword:(“explainable”) = OR  Keyword:(“explainability”)  OR  Key-
word:(“interpretability") OR Keyword:(“interpretable") OR Keyword:(“explanation*") )
AND [Publication Date: (01/01/2017 TO 12/31/2024)]

((“Document Title":“educational data mining") OR (“Abstract":“educational data
mining") OR (“Author Keywords":“educational data mining")) AND (“Doc-
ument Title":explainable OR “Document Title":explainability OR “Document
Title":interpretability OR “Document Title":interpretable OR “Document Ti-
tle":explanation* OR “Abstract":explainable OR “Abstract”:explainability OR “Ab-
stract":interpretability OR “Abstract":interpretable OR “Abstract":explanation* OR
“Author Keywords":explainable OR “Author Keywords":explainability OR “Author
Keywords":interpretability OR ‘“Author Keywords":interpretable OR “Author Key-
words":explanation*)

(TI=("educational data mining") OR AB=("educational data mining") OR
AK=("educational data mining")) AND (TI=(explainable OR explainability OR
interpretability OR interpretable OR explanation*) OR AB=(explainable OR explain-
ability OR interpretability OR interpretable OR explanation*) OR AK=(explainable OR
explainability OR interpretability OR interpretable OR explanation*)) AND DOP=(2017-
01-01/2024-12-31)

TITLE-ABS-KEY ( ( explainable OR explainability OR interpretability OR interpretable
OR explanation*) AND ( “educational data mining" ) ) AND PUBYEAR > 2016 AND
PUBYEAR < 2025

All ( ( explainable OR explainability OR interpretability OR interpretable OR explana-
tion*) AND ( educational data mining ) ) AND PUBYEAR > 2016 AND PUBYEAR <
2025, All ( ( explicavel OR explicabilidade OR interpretabilidade OR interpretdvel OR
explicacdo OR explicagdes ) E ( mineracdo de dados educacionais ) ) AND PUBYEAR
> 2016 AND PUBYEAR < 2025

3.3 Inclusion and Exclusion criteria

The next activity in the planning phase is to define Inclusion (IC) and Exclusion Criteria (EC),
which will be applied to all studies obtained from applying the search string. The Exclusion
Criteria are as follows: Duplicate papers (EC1); Short papers (EC2); Papers written in a language
other than English or Por’tuguese13 (EC3); Secondary studies (EC4); Books, technical reports,
and other forms of gray literature (EC5); Papers that do not address interpretability in the study
or the context of EDM (EC6); Paper not available (EC7). Moreover, the Inclusion Criterion is:
Addresses aspects of interpretability in the context of EDM (IC1).

130nly when SBC OpenLib is being consulted.
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3.4 Conduction

Once planned, the mapping moves on to the conduction phase. The plan defined in the previous
Sections is applied, and a set of studies is obtained. Finally, data are extracted from these studies to
respond to the proposed Research Questions. The conduction process was structured into several
stages. The first stage involves applying search strings to all scientific databases. This query is
up-to-date until December 2024. At this time, applying some exclusion criteria independently of
paper reading is possible. More specifically the EC1, EC2, EC3, EC5 and EC7 criteria.

In the second stage, the inclusion and exclusion criteria are applied, considering the Title
and Abstract of the papers. Lastly, in the third stage, the same criteria are used, considering the
full text of the documents. Table 3 presents the number of papers discarded for each exclusion
criterion and scientific base, and shows that 65 papers were obtained at the end of the third stage.
Table 4 presents this final list of documents. Half of the publications came from six countries
— China (12), the USA (6), Brazil (5), India (5), Canada (4), and Spain (4) — with China alone
representing 18% of all studies.

Table 3: Papers discarded during the conduction phase of SLM.

Base Initial search | EC1 | EC2 | EC3 | EC4 | ECS | EC6 | EC7 | Final
ACM 15 13 0 0 0 0 0 0
IEEE 42 38 2 0 0 0 1 0 1
ISI WoS 89 86 0 0 0 0 1 1 1
Scopus 165 5 7 1 11 8 60 13 60
SOL 4 1 0 0 0 0 0 0 3
315 143 9 1 11 8 64 14 65
Table 4: Final set of selected papers.
# | Citation Title
| Tsiakmaki and A Case Study of Interpretable Counterfactual Explanations for the Task of Predicting
Ragos (2021) Student Academic Performance
) Chau and Phung A Cumulative Increasing Kemelized Nearest-Neighbor Bagging Method for Early
(2021) Course-Level Study Performance Prediction
3 R. L. C. Silva Filho A data mining framework for reporting trends in the predictive contribution of factors
et al. (2023) related to educational achievement
4 12(%1 7V)V ang et al. A latent factor model for instructor content preference analysis
5 Suaza-Medina et al. A model for predicting academic performance on standardised tests for lagging regions
(2024) based on machine learning and Shapley additive explanations
6 Hooshyar et al. A Three-Layered Student Learning Model for Prediction of Failure Risk in Online
(2022) Learning
7 | Lu et al. (2024) Advanced Knowledge Tracing: Incorporating Process Data and Curricula Information
’ via an Attention-Based Framework for Accuracy and Interpretability
8 | Livieris et al. (2023) An Adv‘ar'lced Explainable and Interpretable ML-Based Framework for Educational
Data Mining
9 Gamez-Granados An algorithm based on fuzzy ordinal classification to predict students’ academic
et al. (2023) performance
Rangone et al. An Educational Data Mining Model based on Auto Machine Learning and Interpretable
10 . .
(2022) Machine Learning
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# | Citation Title
1 Cavus and Kuzilek An Effect Analysis of the Balancing Techniques on the Counterfactual Explanations of
(2024) Student Success Prediction Models
12 élovg;ha“ etal. An Explainable Model for Identifying At-Risk Student at Higher Education
13 | Pei and Xing (2022) | An Interpretable Pipeline for Identifying At-Risk Students
14 | Choi et al. (2024) An'alyzmg the Interpr§tab111ty of Machme Learning Prediction on Student Performance
Using SHapley Additive exPlanations
15 | Chou (2023) Apply. an Integrated Responsible Al Framework to Sustain the Assessment of Learning
Effectiveness
16 | Chou (2021) Apply explainable Al to sustain the assessment of learning effectiveness
17 Novillo Rangone Automation of an Educational Data Mining Model Applying Interpretable Machine
et al. (2022) Learning and Auto Machine Learning
18 | Alharbi (2022) Back to Basics: An Interpretable Multi-Class Grade Prediction Framework
19 (Zza(;l;i])au etal Balancing Performance and Explainability in Academic Dropout Prediction
20 | Quet al. (2022) Can We Predict Student Performance Based on Tabular and Textual Data?
. CatBoost - An Ensemble Machine Learning Model for Prediction and Classification of
21 | Joshi et al. (2021) .
Student Academic Performance
22 | Lallé et al. (2021) Comblnlpg data—qu\./en mgdels and expert knowledge for personalized support to foster
computational thinking skills
23 Arévalo-Cordovilla Comparative Analysis of Machine Learning Models for Predicting Student Success in
and Pefa (2024) Online Programming Courses: A Study Based on LMS Data and External Factors
24 é};)t;:l;n and Saygin Discovering prerequisite relations using large language models
25 | Puetal. (2022) Embedding cognitive framework with self-attention for interpretable knowledge tracing
26 | Parkavi et al. (2024) Enhaqomg personahzeq l‘earmng with explainable AI: A chaotic particle swarm
optimization-based decision support system
27 | Tslam et al. (2024) Er%ha.lncmg tertiary students’ programming skills with an explainable Educational Data
Mining approach
28 g;)uz};l;l nd Benoit Explainability through uncertainty: Trustworthy decision-making with neural networks
29 Guleria and Sood Explainable Al and machine learning: performance evaluation and explainability of
(2023) classifiers on educational data mining inspired career counseling
30 Q. Liu and Khalil Explainable Al in Learning Analytics: Improving Predictive Models and Advancing
(2024) Transparency Trust
31 Alonso and Casalino | Explainable Artificial Intelligence for Human-Centric Data Analysis in Virtual Learning
(2019) Environments
32 | Ghimire et al. (2024) Explz}lnable artificial 1ntelllgenc§-mach1ne learning models to estimate overall scores in
a tertiary preparatory general science course
33 Abdalkareem and Explainable Models for Predicting Academic Pathways for High School Students in
Min-Allah (2024) Saudi Arabia
34 | F. Liu et al. (2024) FDKT: Towards an Interpretable Deep Knowledge Tracing via Fuzzy Reasoning
35 Luo and Wang Feature Mining Algorithm for Student Academic Prediction Based on Interpretable
(2024) Deep Neural Network
36 | Q.Liuetal. (2018) Fuzzy cognitive diagnosis for modelling examinee performance
37 %ze(;;gg/ and Doleck Grade prediction of weekly assignments in MOOCS: mining video-viewing behavior
38 Nakagawa et al. Graph-based knowledge tracing: Modeling student proficiency using graph neural
(2021) network
39 | Lee (2023) Identifying Prerequisite Courses in Undergraduate Biology Using Machine Learning
40 Vultureanu-Albisi Improving Students’ Performance by Interpretable Explanations using Ensemble
and Badica (2021) Tree-Based Approaches
41 | Huang et al. (2024) Interpretable neuro-cognitive diagnostic approach incorporating multidimensional

features
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# | Citation Title
42 | Luetal. (2022) Interpreting Deep Learning Models for Knowledge Tracing
43 | E Liuetal. (2023) Interpret.lng Learner SuCCf?ss: Enhancing Knowledge Tracing with Attention-Based IRT
Models in Modern Education
44 | Colpo et al. (2024) Lessons learned frqm the stgdent dropout patterns on COVID-19 pandemic: An analysis
supported by machine learning
45 F. Chen and Cui LogCF: Deep collaborative filtering with process data for enhanced learning outcome
(2020) modeling
46 | Matetic (2019) Mining learning management system data using interpretable neural networks
Mining Sequential Learning Trajectories with Hidden Markov Models for Early
47 | Guptaetal. (2022) Prediction of At-Risk Students in E-Learning Environments
48 | Shen et al. (2023) Monitoring Student Progress for Learning Process-Consistent Knowledge Tracing
National student loans default risk prediction: A heterogeneous ensemble learning
49| Y. Wang etal. (2023) approach and the SHAP method
50 | Geng et al. (2023) Noise-Filtering Enhanced Deep Cognitive Diagnosis Model for Latent Skill Discovering
51 éa(;;l;)e tegem et al. Pass/Fail Prediction in Programming Courses
52 | Jang et al. (2022) Pract1(.:al early prediction of students’ performance using machine learning and
eXplainable Al
Kumar and Sharma Predicting Academic Performance of International Students Using Machine Learning
53 (2020) Techniques and Human Interpretable Explanations Using LIME—Case Study of an
Indian University
54 (Szlgggl)mann etal Predicting and Understanding Success in an Innovation-Based Learning Course
55 Lemay and Doleck Predicting completion of massive open online course (MOOC) assignments from video
(2022) viewing behavior
56 | Nnadi et al. (2024) Predlc.tlon of Students’ Adaptability Using Explainable Al in Educational Machine
Learning Models
57 Al-Jallad et al. Rule mining models for predicting dropout/ stopout and switcher at college using
(2019) satisfaction and SES features
53 Colak Oz et al. School dropout prediction and feature importance exploration in Malawi using
(2023) household panel data: machine learning approach
59 | Jeon et al. (2019) T1me-ser1es 1ps1ghts 1pt0 the process of passing or failing online university courses
using neural-induced interpretable student states
60 | Cohausz (2022) Towards Rea% Inter.pretablhty of Student Success Prediction Combining Methods of
XAI and Social Science
61 él(;/;;ﬁ):z-Garma etal Uncovering student profiles. An explainable cluster analysis approach to PISA 2022
62 | Hooper et al. (2023) Usmg Machine .Lfearmng in Veterinary Medical Education: An Introduction for
Veterinary Medicine Educators
63 C. Carvalho et al. Avaliacdo da interpretabilidade de modelos por meio da clusterizacdo de explicacdes no
(2023) contexto da predicdo de evasdo no ensino superior
64 | Gusmio et al. (2021) A gualldflde da educacdo para além do IDEB: Um estudo através de técnicas de
Mineragdo de Dados
65 Gama Neto et al. Mineragdo de Dados Aplicada a Predi¢do do Desempenho de Escolas e Técnicas de

(2021)

Interpretabilidade dos Modelos
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4 Report

This Section presents the SLM results, organized to answer the proposed research questions. Dis-
cussion regarding the findings and possible future work is addressed in Section 5. At the end of
some of the following sections, we present a few examples of practical implications. Although not
intended to be exhaustive, these cases highlight both strengths and limitations when addressing
interpretability in EDM.

4.1 Interpretability context

This topic is related to the RQ1 question “In which context was interpretability explored?” and
the objective is to group selected works according to the problem they propose to solve.

Among the selected studies, performance prediction was the most reported application, with
forty-seven (72.3%) occurrences. In these cases, while some studies focus on identifying students
at risk of dropping out or failing, others classify students into different performance levels or
predict their grades in courses or exams. There are also cases of predicting school performance
in qualifying exams. Other categories were Knowledge Tracing (7), Cognitive Modeling (2),
Academic Pathways (1), Adaptability prediction (1), Career Counseling (1), Discovery of student
profiles (1), Instructor Preference (1), Latent Skill (1), Open Problem (1), Prerequisites (1), and
Student loan default (1). Table 5 identifies the interpretability context of each study. All cases are
discussed in the following.

Table 5: List of papers according to the interpretability context. The ID is based on Table 4.

Interpretability context Papers IDs Total
1,2,3,5,6,8,9,10, 11, 12, 13, 14, 15, 16, 18, 19, 20,
Performance Prediction 21,22, 23, 26, 27, 28, 30, 31, 32, 35, 37, 39, 40, 44, 45, 47
46, 47, 51, 52, 53, 54, 55, 57, 58, 59, 60, 62, 63, 64, and 65

Knowledge Tracing 7,25, 34, 38, 42, 43, and 48 7
Cognitive Modeling 36, and 41 2
Academic Pathways 33 1
Adaptability prediction 56 1
Career counseling 29 1
Discovery of student profiles 61 1
Instructor Preference 4 1
Latent Skill 50 1
Open problem 17 1
Prerequisites 24 1
Student loan default 49 1

Some works presented particular contexts. The work by Guleria and Sood (2023) explored
the area of career counseling, while the study by J. Z. Wang et al. (2017) addressed instructors’
preferences when excluding questions from student assignments. Cognitive modeling of exam-
inees (Huang et al., 2024; Q. Liu et al., 2018) and Latent skill (Geng et al., 2023) were also
addressed. Another aspect was Knowledge tracing, considered by the studies F. Liu et al. (2024),
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F. Liu et al. (2023), Lu et al. (2024), Lu et al. (2022), Nakagawa et al. (2021), Pu et al. (2022), and
Shen et al. (2023).

Personalized support to foster computational thinking skills was addressed by Lallé et al.
(2021), and prediction in programming learning was part of the studies by Arévalo-Cordovilla and
Pefia (2024), Choi et al. (2024), and Islam et al. (2024). Meanwhile, student success in innovation-
based learning, with training for engineers, was analyzed by Singelmann et al. (2020). Problems
such as predicting academic paths, including those in computer science and engineering, health,
business, religion, and general science, were addressed by Abdalkareem and Min-Allah (2024).
Meanwhile, student classification into adaptability levels is presented in Nnadi et al. (2024).

The use of academic data was also useful for predicting the risk of student loan default, as
reported by Y. Wang et al. (2023). In the context of course curricula, Aytekin and Saygin (2025)
explored the automatic detection of prerequisite relationships between concepts. The discovery
of student profiles was addressed by Alvarez-Garcia et al. (2024), while models for various prob-
lems, including dropout, procrastination, breakdown, and student performance, were presented by
Rangone et al. (2022).

Examples of student performance prediction are the studies by Cavus and Kuzilek (2024),
Chau and Phung (2021), and Tsiakmaki and Ragos (2021). While R. L. C. Silva Filho et al. (2023)
proposes a framework to reveal relevant contextual features for predicting educational outcomes,
Qu et al. (2022) utilizes tabular and textual data. Prediction in MOOC courses was addressed by
Lemay and Doleck (2020, 2022) and Thuy and Benoit (2024), while performance classification
into multiple categories can be found in the works of Joshi et al. (2021) and Vultureanu-Albisi and
Bédica (2021). Grade prediction for the next academic period was also a case study in Alharbi
(2022).

Student performance prediction was also studied in a general science preparatory course
for higher education (Ghimire et al., 2024), in the prediction of success in obtaining a degree
in biology (Lee, 2023), and in predicting student performance in a veterinary course. Student
performance in underdeveloped regions was addressed by Suaza-Medina et al. (2024). Other
studies focusing on student performance prediction are presented by Alonso and Casalino (2019),
F. Chen and Cui (2020), Chou (2021), Gamez-Granados et al. (2023), Jeon et al. (2019), Kumar
and Sharma (2020), Q. Liu and Khalil (2024), Livieris et al. (2023), Luo and Wang (2024), Matetic
(2019), and Parkavi et al. (2024).

Colpo et al. (2024) addressed performance prediction by identifying the main dropout pat-
terns and how these patterns compared before and during the COVID-19 pandemic. Studies fo-
cused on at-risk or dropout prediction were also conducted by Al-Jallad et al. (2019), Alwarthan
et al. (2022), Chou (2023), Cohausz (2022), Colak Oz et al. (2023), Colpo et al. (2024), Gupta
et al. (2022), Hooshyar et al. (2022), Jang et al. (2022), Pei and Xing (2022), Van Petegem et al.
(2023), and Zanellati et al. (2024). Finally, we can highlight two cases of school performance
prediction in Brazil, as in Gama Neto et al. (2021) regarding the Sao Paulo State School Perfor-
mance Assessment System (SARESP) and in Gusmao et al. (2021) regarding the Basic Education
Development Index (IDEB).
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4.2 Level of Education

This topic is related to the RQ2 question “In which level of education were the studies applied?”.
To answer this question, we tried to classify the studies into basic education, higher education,
and postgraduate categories. In situations where the level of education is not explicitly stated in
the article text, an attempt was made to make this deduction based on information from the dataset
itself.

The analysis shows that Undergraduate courses represent the most explored level of educa-
tion in the selected studies. Forty (40) studies examined Undergraduate courses, either alone or
in combination with another level such as Graduate courses, corresponding to 61.5% of the stud-
ies. Basic Education appears in twenty-two (22) studies, indicating a consistent presence across
EDM applications. In contrast, Graduate courses appear in only a few cases, either in isolation or
combined with other levels, demonstrating limited exploration at this level.

To better understand how educational levels are distributed across Interpretability contexts,
Table 6 relates Level of education to Interpretability context. The results indicate that Performance
Prediction — the predominant context — is mainly associated with Undergraduate courses, al-
though it also includes applications in Basic Education and in combined levels. Knowledge Trac-
ing frequently involves Basic Education, either exclusively or in combination with Undergraduate
courses, while other contexts such as Cognitive Modeling, Academic Pathways, Adaptability pre-
diction, Discovery of student profiles, and Latent Skill are also restricted to Basic Education. Con-
texts such as Prerequisites and Student loan default appear exclusively in Undergraduate courses,
and Career counseling is classified under All levels.

Applications in EDM are strongly concentrated in Undergraduate courses within the Perfor-
mance Prediction context, whereas Basic Education is more represented in Knowledge Tracing
and other specialized contexts. Graduate courses remain marginal in the analyzed literature.

Table 6: Relationship between interpretability context and the level of education. The ID is based on Table 4.

Interpretability context Level of education Papers IDs Total
Undergraduate courses 1,2,6,9,10, 11, 12, 13, 14, 15, 16, 18, 19, 20, 23, 26,
27,28, 31,37, 44, 39, 46, 47, 51, 54, 55, 57, 60, 62, and 63
Basic Education 3,5, 21, 22, 35, 40, 45, 58, 64, and 65
Performance Prediction Others 32 47
Undergraduate and Graduate courses 52,53, and 59
Basic Education and Undergraduate courses 8
Graduate courses 30
Basic Education 7, 34, and 48
Knowledge Tracing Others 25, 38, and 42 7
Basic Education and Undergraduate courses 43
Cognitive Modeling Basic Education 36 and 41 2
Academic Pathways Basic Education 33 1
Adaptability prediction Basic Education 56 1
Career counseling All levels 29 1
Discovery of student profiles | Basic Education 61 1
Instructor Preference Others 4 1
Latent Skill Basic Education 50 1
Open problem Undergraduate and Graduate courses 17 1
Prerequisites Undergraduate courses 24 1
Student loan default Undergraduate courses 49 1
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4.3 Educational Data

This topic is related to the RQ3 question “What educational data were used?””. The purpose is to
identify and list the primary sources used in the studies and group papers based on these findings.
Virtual learning environments, academic record systems, and surveys are among the identified
sources. Table 7 presents the relationship between the educational data, the interpretability con-
text, and the level of education.

Learning Management Systems (LMS) and other specialized platforms used for online
courses or training stand out in the virtual environment category. In these environments, the
data are diverse and may include behavior patterns such as interactions in discussion forums, quiz
attempts, task submissions, reading, and consumption of resources, including videos.

Academic management systems or academic records also allow for the retrieval of various
information. The first group includes the student’s academic performance data, which is related,
for example, to grades, averages, and previous achievements. These systems, in a complementary
way, often also store demographic and socio-economic information about the student.

Another identified source is research or surveys, which enable the collection of well-targeted
data for research. This group may also include academic performance, demographic, and socio-
economic information. Next, the studies are analyzed with regard to this topic.

Table 7: Relationship between educational data, interpretability context, and level of education. The ID is based on Table 4.

Educational data Interpretability context Level of education Papers IDs Total
Performance Prediction Undergraduate courses 1,6,9,11, 15, 16, 28, 31, 37, 46, 47, 51, 54, and 55 14
Performance Prediction Graduate courses 30 1
Performance Prediction Undergraduate and Graduate courses 52 and 59 2
Virtual environments Performance Prediction Basic Education 22 and 45 2
Knowledge Tracing Basic Education 7, 34, and 48 3
Knowledge Tracing Basic Education and Undergraduate courses 43 1
Instructor Preference Others 4 1
Performance Prediction Undergraduate courses 10, 18, 19, 27, 39, 57, 60, 62, and 63 9
Performance Prediction Basic Education 3 1
Academic records Performance Prediction Undergraduate and Graduate courses 53 1
Student loan default Undergraduate courses 49 1
Academic Pathways Basic Education 33 1
Adaptability prediction Basic Education 56 1
Performance Prediction Undergraduate courses 2,12, 13, 14, 20, 23, and 44 7
Virtual environments and academic records | Performance Prediction Basic Education 21 and 40 2
Performance Prediction Basic Education and Undergraduate courses 8 1
Performance Prediction Basic Education 5, 64, and 65 3
Performance Prediction Others 32 1
Answering exams Cognitive Modeling Basic Educat?on 36 1
Latent Skill Basic Education 50 1
Discovery of student profiles | Basic Education 61 1
Knowledge Tracing Others 25, 38, and 42 3
Performance Prediction Basic Education 35 1
Questionnaires Performance Prediction Undergraduate courses 26 1
Cognitive Modeling Basic Education 41 1
Dynamic (including survey) Open problem Undergraduate and Graduate courses 17 1
Household data Performance Prediction Basic Education 58 1
Placement data Career counseling All levels 29 1
Prerequisites Prerequisites Undergraduate courses 24 1

In the work group that only considered data from virtual environments, the study by Gupta et
al. (2022) used the OULA public dataset, which has a sufficient number of LWAs and 22 modules
from STEM and Social Sciences. The target attribute was mapped to at-risk and safe classes,
obtaining a binary classification problem.

Hooshyar et al. (2022) used LMS data, which was classified into content access, engage-
ment, and review behavior. Examples of content access include course views, resource views,
downloads, and URL views, among others. Regarding engagement, we can mention viewing dis-
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cussions in forums and adding to or commenting on discussions. Finally, regarding behavior in
assessments, examples are views or quiz participation.

Jang et al. (2022) carried out online courses using the LMS system (Blackboard), where stu-
dents could watch videos, download reading materials, submit assignments, participate in active
discussions, and take exams. The number of students per course ranged from 65 to 380, totaling
940. Thirteen practical characteristics were considered: 12 related to online behavior and 1 to
evaluation.

The two works by Lemay and Doleck (2020) and Lemay and Doleck (2022) utilized data
from virtual environments, focusing on student behavior while watching videos. In this case,
characteristics such as reproductions, pauses, searches, and changes in the reproduction rate were
taken into account.

Tsiakmaki and Ragos (2021) used log data from a one-semester course supported by online
resources and activities over the Moodle learning platform. For the case study, a compulsory
lecture course, “Physical Chemistry I,” was selected and conducted during the spring semester of
the 2017-2018 academic year at Aristotle University of Thessaloniki in Greece. A total of 282
students attended this course.

The studies Chou (2021, 2023) conducted experiments using a dataset collected from an
LMS system comprising 1,040 anonymized students across various study levels. The data pertains
to their online activities and academic results, comprising 16 variables.

Matetic (2019) work with a dataset related to a programming course obtained from Moodle.
It contains 408 instances for five generations of students and five attributes: the total number of
scores the students received within the lectures, the total number of scores the students received
on two quizzes, the total number of scores the students received in labs, the total number of views
of the video lectures, target attribute (pass/fail).

The study by J. Z. Wang et al. (2017) collected instructors’ preferences for excluding ques-
tions from being given to learners in their class via OpenStax Tutor [13], a personalized learning
and teaching platform. The OULAD (Open University Learning Analytics Dataset) was used by
Cavus and Kuzilek (2024) and Gamez-Granados et al. (2023). This dataset contains information
about seven independent courses from different domains. The data used includes demographic
information, registration information, assessment information, and Virtual Learning Environment
(VLE) log information.

The ASSISTments online learning platform is presented in several studies that focus exclu-
sively on virtual environments, as in F. Liu et al. (2024), F. Liu et al. (2023), and Lu et al. (2024).
ASSISTments is widely used at various levels of K-12 education, including information about
students’ interactions with exercises, knowledge components (skills), and scores.

Student-course records from HarvardX and MITx massive open online courses (MOOCs),
encompassing a diverse range of topics, processed clickstream activities, and student demograph-
ics, are utilized by Thuy and Benoit (2024). Another MOOC dataset used is from a Norwegian
Open edX platform with the help of the learning analytics tool, OXALIC. Q. Liu and Khalil (2024)
utilized four categories of data, including course statistics, course interaction-related data, course
video-related data, and time spent on the platform.
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A custom online learning management system (LMS) was developed for students to track
their learning objectives and deliverables. In this case, Singelmann et al. (2020) utilized both
quantitative and textual data to represent eight objectives and 32 deliverables for 28 students over
a semester.

Other works, not less important, also focused on data from virtual environments (Alonso
& Casalino, 2019; F. Chen & Cui, 2020; Jeon et al., 2019; Lall€ et al., 2021; Shen et al., 2023;
Van Petegem et al., 2023).

Some works combined data from virtual environments with data from academic records,
which in practice involve, for example, demographic and socioeconomic data. Some examples
are Alwarthan et al. (2022), Chau and Phung (2021), Joshi et al. (2021), Pei and Xing (2022),
Qu et al. (2022), and Vultureanu-Albisi and Béadicd (2021). Here, the OULAD dataset is also
present, as addressed by Choi et al. (2024), and includes demographic data, behavioral metrics,
and academic achievements.

Livieris et al. (2023) used two real-world educational datasets. The first includes informa-
tion about 337 university students who attended an academic course using a Learning Content
Management System (LMS) in a blended learning environment. The second contains data about
3,716 students who attended mathematics courses in a secondary school. This dataset summarizes
information about the students’ performance from the first two out of three semesters, such as test
grades, final examination grades, oral grades, and semester grades.

Data from the Moodle Learning Management System (LMS) and external factors of 591
students enrolled in online object-oriented programming courses at the Universidad Estatal de
Milagro (UNEMI) were used by Arévalo-Cordovilla and Pefia (2024). The target class for at-risk
students was defined by a cutoff point in grade scores.

Colpo et al. (2024) used data from 3,371 undergraduate students from the Instituto Fed-
eral de Educacdo, Ciéncia e Tecnologia Farroupilha (IFFar) with distinction for the pre-pandemic
period (2019) and the period during the pandemic (2020). The data includes a Virtual Learn-
ing Environment (VLE), Academic, contextual, economic, interactional, social, and demographic
information.

On the other hand, some studies only considered data from academic records (Alharbi, 2022;
Al-Jallad et al., 2019; Kumar & Sharma, 2020; Rangone et al., 2022; R. L. C. Silva Filho et al.,
2023). The studies by Geng et al. (2023), Q. Liu et al. (2018), Lu et al. (2022), Nakagawa et al.
(2021), and Pu et al. (2022) used exam response data. Student placement data was used by Guleria
and Sood (2023). Whereas Colak Oz et al. (2023) used a set of variables obtained from household
data.

Some examples using university data can be provided. Zanellati et al. (2024) used a com-
prehensive dataset that includes demographic information, previous educational metrics, and real-
time academic performance indicators. The data refer to the first year of more than 40,000 students
from 110 courses of an Italian university. C. Carvalho et al. (2023) utilized a rich dataset com-
prising over 14,000 students from all undergraduate courses at the Federal University of Pelotas
to address the issue of school dropout in higher education. The data represent the pre-pandemic
period and include 41 attributes covering demographic information and academic performance.
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The dataset used by Islam et al. (2024) comprises 1,720 samples and encompasses data from
Computer Science and Engineering (CSE) students attending various universities in Bangladesh.
It encompasses a broad spectrum of information, including students’ proficiency in programming
languages, problem-solving experiences in online and onsite programming contests, computa-
tional skills, creativity, course results, and other technological experiences, resulting in 36 features
to predict students’ proficiency level.

The University of Beijing is another example. In Y. Wang et al. (2023), data attributes in-
clude basic student information, personal honors, grades (GPA) by semester, and loan information.
The data pertain to students who have applied for national student loans. Artificial and real-life
data were also used in the context of a computer science course at the University of Mannheim,
Germany, by Cohausz (2022).

Data containing demographic features of students from the 2nd grade of high school (grade
11) in the eastern province high schools of Saudi Arabia were used by Abdalkareem and Min-
Allah (2024). It includes demographic features of students, historical academic grades from the
first year of high school (grade 10), and historical academic grades, attendance, and behavior for
the same sample when they were in the ninth grade. The class label demonstrates the chosen
academic pathway for each learner.

Academic records were also used in the context of a bachelor’s degree in biology by Lee
(2023). The dataset includes demographic information for 569 students majoring in biology
(age, gender, and ethnicity), their ACT/SAT scores, the academic plan submitted in the first
semester (Fall 2015), the academic plan completed at graduation, and letter grades in freshman-
year courses. Only 21% of the students were able to earn a bachelor’s degree in biology in four
years.

Studying models aimed at classifying student adaptability levels, Nnadi et al. (2024) used a
dataset consisting of 1205 rows and 14 features: Gender, Age, Education Level, Institution Type,
IT Student, Location, Load-shedding, Financial Condition, Internet Type, Network Type, Class
Duration, Self Lms, Device, and the Adaptivity Level. The last is the target and represents the
adaptivity level (Low, Moderate, or High) of the student.

Hooper et al. (2023) used multiple choice questions and recording grades or exams, based
on three simulated datasets, each one containing 400 simulated student records. The study aims
to identify which records in the simulated veterinary student data will predict whether a student
will pass or fail a specific course.

The work of Novillo Rangone et al. (2022) enables users to select different types of data as
input, including the option to use a survey. Some studies are related to exams, such as the research
by Suaza-Medina et al. (2024), which applied tests at various stages of school to determine stu-
dents’ skills gained during the training process, and by Ghimire et al. (2024), who used tasks in
general science as predictors for final examination grades.

Alvarez-Garcia et al. (2024) used data collected through three PISA instruments. PISA was
also used by Huang et al. (2024) to assess mathematical literacy, as well as three other datasets,
including the ASSISTments dataset, which is a comprehensive collection of student interaction
data from the ASSISTments online tutoring platform.
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Gama Neto et al. (2021) used educational records from the Sao Paulo State Department
of Education (SEDUC-SP), including standardized test scores from SARESP in Portuguese and
Mathematics, along with contextual school data such as management history, teacher qualifica-
tions, and municipal indicators. Meanwhile, Gusmao et al. (2021) relied on the Microdata from
the 2017 Basic Education Census to predict whether schools in Sergipe would meet their pro-
jected IDEB targets, considering variables related to school infrastructure, teacher staffing, stu-
dent—teacher ratios, and employment arrangements.

The study by Aytekin and Saygin (2025) used data related to prerequisites between con-
cepts from three benchmark datasets, including data from Computer Science, Mathematics, and
Psychology.

Research using questionnaires was also found. Parkavi et al. (2024) did a significant real-
time analysis by collecting the responses from the student’s community with a self-evaluated ques-
tionnaire, categorized into different sections, including 22 attributes of the knowledge domain, 21
corresponding to the skill domain, and 23 focusing on the attitude domain.

Luo and Wang (2024) uses student questionnaire data from the 2014-2015 China Education
Panel Survey (CEPS), which was conducted by Renmin University of China, focusing on 10,279
junior high students, who were initially sampled during the baseline survey, including their life
details, growth experiences, and hobbies.

Before closing this section, we present a few examples of practical implications related to
educational data, without intending to be exhaustive, and with a focus on recent work. These are
small examples that can be strengths or limitations.

* Suaza-Medina et al. (2024): The proposed methodology applies to the educational system
of any country as long as it considers the structure of the standardised test and the database
to determine the variables that influence academic performance (strength);

* Livieris etal. (2023): A limitation of this work is that the proposed framework was evaluated
only on two real-world datasets, containing a limited number of attributes, with the scope
of predicting the students’ performance on the examinations (limitation);

» Cavus and Kuzilek (2024): Investigates the relationship between data balancing techniques
and counterfactual explanations. RQ1: What is the most appropriate method for generating
the counterfactual explanations after balancing? RQ?2: How do balancing techniques affect
the counterfactual explanations of student success prediction models? (strength);

* Choi et al. (2024): the OULAD dataset is specific to the online learning environment, which
may limit its generalizability to other contexts (limitation);

e Arévalo-Cordovilla and Pefia (2024): Limitation of the dataset. The data were collected
from a single institution and focused on a specific course, which may have limited the
generalization of the findings (limitation);

» Aytekin and Saygin (2025): Availability: The training data used for fine-tuning LLMs
(Large Language Models) has been made available to other researchers (strength);
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 Parkavi et al. (2024): tiny sample size of participants makes it difficult to fully explain a few
aspects (limitation);

* Ghimire et al. (2024), Lee (2023), Q. Liu and Khalil (2024), and Singelmann et al. (2020):
Limitation of the dataset (limitation);

* Huang et al. (2024): adaptation to different educational contexts. The MFNCD model
demonstrated superior performance in four diverse datasets, suggesting good adaptability
(strength);

* Alvarez-Garcia et al. (2024): Potential for scalability (strength);
* Hooper et al. (2023): simulated data with few attributes (limitation);
* Gama Neto et al. (2021): combines different data sources to obtain predictor attributes

(strength).

4.4 Methods
This topic is related to the RQ4 question “What were the methods used to obtain the models in
the context of the EDM?”. Naturally, the papers present different approaches.

Some works propose to explore an EDM problem by applying methods already known in the
literature. However, others present their methods. Among the works that present their methods,
some compare the results with existing algorithms in the literature. Likewise, not all algorithms
or methods used were evaluated for interpretability. In some cases, the studies make it clear that
they considered interpretability in their proposed method or some specific method.

40
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5Q;\Q

Techniques

Figure 1: Techniques used to obtain the models at EDM.

334



Carvalho et al. RBIE v.34 — 2026

Figure 1 presents the algorithms and techniques most frequently used in obtaining DEM
models. It is noticed that Random Forest (RF), Artificial Neural Networks (ANN), Decision Tree
(DT), Support Vector Machines (SVM), XGBoost (XGB), Logistic Regression (LR), Naive Bayes
(NB), and K-Nearest Neighbors (KNN) are among the most used techniques. In the following, we
present a few examples of practical implications related to ML methods used to obtain models,
without intending to be exhaustive or prioritize recent work. These are small examples that can be
strengths or limitations.

* Luetal. (2024): The proposed model is technically complex, but interpretability is a focus
to allow targeted interventions. The code, models, and predictions are available under an
OSF repository (strength);

* Gamez-Granados et al. (2023): Adaptation to different educational contexts: the model
was tested in seven different distance higher education courses, suggesting potential for
adaptation within this educational level and modality (strength);

* Cavus and Kuzilek (2024): Investigates how the model generation process influences the
counterfactual explanations generated (strength);

* Arévalo-Cordovilla and Pefia (2024): Uses feature importance, which is not available for all
models (limitation);

» Aytekin and Saygin (2025): The only study that used LLM in the context of this mapping
(strength);

* Thuy2024330: Limited to a specific type of machine learning model (artificial neural net-
works) (limitation);

* Ghimire et al. (2024): Presents a discussion about model limitations (strength);

* Hooper et al. (2023): The results show how decisions made by veterinary educators during
ML model creation may impact which type of records are shown to be most important
(strength).

4.5 Strategy to analyze the interpretability

This topic is related to the RQ5 question “Which strategy (method or framework) was used to
analyze the interpretability of the models?”. As detailed in Section 1, the interpretability of models
can be classified by different criteria. In this sense, the selected articles will be presented below,
grouped by similarity of the strategies used to explore interpretability. Some articles may be
mentioned more than once because they use multiple interpretability methods.

Table 8 presents the main interpretability methods mentioned in the selected studies, priori-
tizing those that appear in two or more studies. Agnostic and local scope interpretability methods
were applied in several of the selected works. We can see there is a prevalence in using SHAP
and LIME. Other approaches, such as Intrinsic interpretability, Feature importance / Permutation,
ALE, PDP, and Counterfactual explanations, are also related. In a complementary way, Table 9
shows the methods or strategies that have been mentioned only once.
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Table 8: List of papers according to the method used for interpretability. The ID is based on Table 4.

Method Papers IDs Total
3,5,8,10, 12, 14, 15, 17, 19, 20, 21,
SHAP 26, 30, 32, 33, 49, 52, 56, 58, 61, 62, and 65 22
LIME 6,8, 12,13, 15, 16, 26, 27, 30, 32, 40, 46, 53, 56, 60, and 63 16
Intrinsic interpretability 2,10, 15, 16, 18, 29, 34, 44, 48, 51, 54, and 57 12
Feature importance / Permutation 3,17, 23,33, 39, 44, and 64 7
Counterfactual explanations 1, 11, 56, 60, and 65 5
ALE 3,17, 30, and 56 4
PDP 10, 15, 17, and 30 4
Function Interaction 10 and 17 2
Fuzzy 9 and 36 2
Model grafting 15 and 16 2

Relating Tables 8 and 9 to the level of education and to the educational data, we obtain
Table 10. This table allows us to observe the primary applications of interpretability methods
across different levels of education and types of educational data. For visualization purposes, we
included columns for the two most frequently used methods (SHAP and LIME) and one additional
column grouping the remaining methods. Among studies using SHAP, undergraduate courses
account for 50%, while basic education represents approximately 41%. Regarding educational
data, academic records account for 32%, virtual environments combined with academic records
represent 23%, answering exams account for 18%, and virtual environments alone represent 14%.
For studies using LIME, undergraduate courses represent approximately 69%, and basic education
accounts for about 19%, with the remaining studies distributed across other educational levels. In
terms of educational data, virtual environments account for 31%, academic records also represent
31%, and the combination of virtual environments and academic records accounts for 25%.

Additionally, Table 11 is obtained by relating Table 5 to Tables 8 and 9. This table allows the
analysis of the distribution of interpretability methods across different interpretability contexts.

Beyond SHAP and LIME, several studies employed additional interpretability strategies.
Among global explanation techniques, the Partial Dependence Plot (PDP) (Chou, 2023; Q. Liu
& Khalil, 2024; Novillo Rangone et al., 2022; Rangone et al., 2022), the Accumulated Local
Effects (ALE) plot (Q. Liu & Khalil, 2024; Nnadi et al., 2024; Novillo Rangone et al., 2022;
R. L. C. Silva Filho et al., 2023), and function interaction analysis (Novillo Rangone et al., 2022;
Rangone et al., 2022) were identified. Regarding local and model-agnostic approaches, counter-
factual explanations were adopted in several studies (Cavus & Kuzilek, 2024; Nnadi et al., 2024;
Tsiakmaki & Ragos, 2021). Additionally, Cohausz (2022) proposed an extension of LIME, re-
ferred to as Minimally Counterfactual LIME (MC-LIME), aimed at improving the generation of
counterfactual explanations.

The other works vary in their characteristics. Alwarthan et al. (2022) used a global inter-
pretability method known as a surrogate global model, and Novillo Rangone et al. (2022) used
local surrogate models. The ExpliClas tool, which allows local and global interpretability for
some specific models in WEKA, was used in Alonso and Casalino (2019).
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Table 9: List of papers for other methods. The ID is based on Table 4.

Method Papers IDs
Bloom’s Taxonomy 4
Attention weights and keys from the Transformer Encoder 7
Global surrogate model 12
Local surrogate 17
Grouped permutation importance (GPI) 19
Attention map (AM) 19
FUMA rules and interviews 22
Teach LLMs to provide explanatory output 24
Word Mover’s Distance (WMD) 25
Word Rotator’ Similarity (WRS) 25
ELI5 27
Grey Wolf Optimization (GWO) 27
SHAPASH 27
Uncertainty estimation (local and model-specific XAI method) 28
ExpliClas 31
Feature importance based on regularization strength (ANN) 35
Partial least squares structural equation modeling (PLS-SEM) 37
Visualizing how knowledge state changes over time 38
Break-down 39
Degree of Agreement (DOA) analysis 41
Cognitive feature correlation 41
Layer-wise relevance propagation (LRP) into KT 42
Item Response Theory (IRT) model integration 43
Collaborative filtering (CF) 45
Garson’s algorithm 46
Lek’s profile method 46
HMM model with post-model analysis 47
Box plots and kernel density function plots. 50
Generalized structured component analysis (GSCA) 55
Anchors 56
Click2State and Latent Dirichlet Allocation 59
Gini importance (or mean decrease Gini) 62

Specific interpretability methods for neural networks, such as Garson’s algorithm (Garson,
1991) and Lek’s profiling method (Lek et al., 1996), were used by the study by Matetic (2019). In
the context of artificial neural networks, Luo and Wang (2024) utilized feature importance based
on regularization strength, and Lu et al. (2022) employed the LRP method to achieve local and
post-hoc interpretability in DLKT models. Jeon et al. (2019) maximized the interpretability of
results, limiting the number of topics in a Recurrent Neural Network (RNN), using Click2State
and Latent Dirichlet Allocation - LDA. Based on a graph neural network (GNN), the study by
Nakagawa et al. (2021) considers interpretability by visualizing how the model predicts changes
in student knowledge over time and evaluating the interpretability of its predictions.

In some studies, interpretability was explored, considering specific characteristics of the
models. In studies Alharbi (2022) and Al-Jallad et al. (2019), models based on rules were em-
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Table 10: Relationship between educational data, level of education, and interpretability methods (SHAP, LIME, and Others).

Educational Data Level SHAP LIME Others
Basic Education - - 7,22,34,43,45,48
Graduate courses 30 30 30
Virtual environments Others - - 4
Undergraduate and Graduate 52 - 59
Undergraduate courses 15 6,15,16,46 | 1,9, 11, 16, 28, 31, 37, 46, 47, 51, 54, 55
Basic Education 3, 33,56 56 3, 33,56
Academic records Undergraduate and Graduate - 53 -
Undergraduate courses 10, 19, 49, 62 217, 60, 63 10, 18, 23, 27, 39, 57, 60, 62
Virtual env. + Academic records Basic Education 8,21 8,40 _
Undergraduate courses 12, 14, 20 12,13 2,23,44
Answering exams Basic Education 5,61, 65 - 36, 50, 64, 65
Others 32 32 25,38, 42
Questionnaires Basic Education - - 35,41
Undergraduate courses 26 26 -
Dynamic (including survey) Undergraduate and Graduate 17 - 17
Household data Basic Education 58 - -
Placement data All levels - - 29
Prerequisites Undergraduate courses - - 24

ployed, whereas in Van Petegem et al. (2023), the specific characteristics of the logistic regression
model were analyzed. Another example is the study by Gupta et al. (2022), which considers the
characteristics of HMM models.

The work by J. Z. Wang et al. (2017) improved the interpretability of their latent factor
model using Bloom’s taxonomy (Armstrong, 2010; Krathwohl, 2002). Also, in the context of
latent factor, F. Chen and Cui (2020) sought interpretability using a model based on collaborative
filtering. Two studies assessed the understanding of their models using explanatory analysis. In
Lemay and Doleck (2020), the PLS-SEM approach (Henseler et al., 2016) was applied, while
in the study Lemay and Doleck (2022), a generalized analysis of GSCA structured components
(Hwang & Takane, 2004) was performed.

The study by Lallé et al. (2021) used a different strategy. Interviews were conducted with
experienced instructors to assess the interpretability of a set of rules generated by the FUMA
framework. The research by Chau and Phung (2021) proposed a prediction method based on
the KNN algorithm. In this case, the interpretability inferred from the KNN is extended to your
prediction model. R. L. C. Silva Filho et al. (2023) proposed metrics based on the ALE method
and compared them with Permutation Feature Importance (PFI) and SHAP.

Chou (2021) proposes a method of its own to assess interpretability. His method is based on
a technique (Model Grafting) that combines DT, DNN, and LIME, from which both global and
local interpretations are obtained. The approach enables users to select a desired trade-off between
model accuracy and interpretability. Building on Chou (2021), the study Chou (2023) developed a
trustworthy and trusted Al framework. The framework was developed and implemented with three
main modules: explainable artificial intelligence, safeguard and auditing, and adversarial training.
PDP, LIME, and SHAP were also used to provide additional supplementary interpretation for the
deep-learning-based DNN model.

Pu et al. (2022) used Word Mover’s Distance (WMD) and Word Rotator’s Similarity (WRS)
to compare the similarity of the knowledge state between ground-truth obtained from different
models. The approach utilized by Q. Liu et al. (2018) was visualizing the cognitive diagnosis
results in its fuzzy cognitive diagnosis framework (FuzzyCDF). Shen et al. (2023) conducted
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Table 11: Relationship between interpretability context and interpretability methods. The IDs are based on Table 4.

Interpretability Context Method Paper IDs
SHAP 3,5,8,10, 12, 14, 15, 19, 20, 21, 26, 30, 32, 52, 58, 62, 65
LIME 6, 8, 12, 13, 15, 16, 26, 27, 30, 32, 40, 46, 53, 60, 63

Intrinsic interpretability

2,10, 15, 16, 18, 44, 51, 54, 57

Feature importance / Permutation 3,23, 39, 44, 64
Counterfactual explanations 1, 11, 60, 65
ALE 3,30
PDP 10, 15, 30
Function Interaction 10
Fuzzy 9
Model grafting 15,16
Global surrogate model 12
Grouped permutation importance (GPI) 19
Attention map (AM) 19
FUMA rules and interviews 22
. ELIS 27
Performance Prediction Grey Wolf Optimization (GWO) 27
SHAPASH 27
Uncertainty estimation 28
ExpliClas 31
Feature importance (ANN regularization) 35
PLS-SEM 37
Break-down 39
Collaborative filtering (CF) 45
Garson’s algorithm 46
Lek’s profile method 46
HMM with post-model analysis 47
GSCA 55
Anchors 56
Click2State and LDA 59
Gini importance 62
Attention weights (Transformer) 7
Word Mover’s Distance (WMD) 25
Word Rotator’s Similarity (WRS) 25
Knowledge Tracing Intrinsic interpretability 34,48
Visualization of knowledge state changes 38
LRP 42
IRT model integration 43
Fuzzy 36
Cognitive Modeling Degree of Agreement (DOA) analysis 41
Cognitive feature correlation 41
Academic Pathways SHAP 33
Feature importance / Permutation 33
Adaptability prediction SHAP 56
LIME 56
Counterfactual explanations 56
ALE 56
Anchors 56
Career counseling Intrinsic interpretability 29
Discovery of student profiles | SHAP 61
Instructor Preference Bloom’s Taxonomy 4
Latent Skill Box plots and kernel density plots 50
Open problem SHAP 17
Feature importance / Permutation 17
ALE 17
PDP 17
Function Interaction 17
Local surrogate 17
Prerequisites Teach LLMs to provide explanatory output 24
Student loan default SHAP 49
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extensive experiments to show the interpretability of both Learning Process-consistent Knowledge
Tracing (LPKT) and LPKT-S. Geng et al. (2023) assessed the interpretability of the enhanced deep
cognitive diagnosis model (EDCDM) by showing the distribution of students’ skill states through
box plots and kernel density function plots.

In the following, we present a few examples of practical implications related to interpretabil-
ity methods, without intending to be exhaustive, and with a focus on recent work. These are small
examples that can be strengths or limitations.

* Colpo et al. (2024): Analyzes interpretability for different moments (before and during the
COVID-19 pandemic) (strength);

» Zanellati et al. (2024): Compares different post hoc explainability techniques (strength);

* Hooper et al. (2023): The discussion focuses on how the different approaches to handling
missing data and the different interpretability techniques (Gini versus SHAP) provide dis-
tinct insights into the importance of features for the Random Forest model (strength);

* Arévalo-Cordovilla and Pefia (2024): Only considers interpretability using feature impor-
tance, which is not available for all models. Does not perform further analysis or compar-
isons (limitation);

» Parkavi et al. (2024): Does not delve into the analysis of the results obtained by the inter-
pretability methods (limitation);

* Abdalkareem and Min-Allah (2024): The SHAP values were calculated only for the Ran-
dom Forest model in this study. Application of interpretability methods in a very limited
way (limitation);

* Lee (2023): Applied only to one of the models (Random Forest) (limitation);

* Alvarez-Garcia et al. (2024): Interpretability applied only to part of the experiments (limi-
tation);

* Kumar and Sharma (2020): The study only applies the LIME method, without much detail,
to two samples. One sample with satisfactory performance and another with unsatisfactory
performance. A very brief analysis of the two main features involved is made (limitation).

» C. Carvalho et al. (2023): It goes beyond the simple use of explanatory methods, seeking
to analyze a set of explanations with the aim of comparing prediction models in terms of
interpretability (strength).

4.6 Maetrics to assess interpretability

This topic is related to the RQ6 question “What metrics were used to assess the interpretability of
a model?”. The proposal is to identify studies that have initiatives to measure the interpretability
of models, allowing us to differentiate between models and determine which one is more inter-
pretable than another. Few studies, however, presented these characteristics. Interpretability, for
the most part, was considered only as a way of explaining the model or specific predictions.
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Few studies have attempted to measure the interpretability of machine learning models. The
work of Alharbi (2022) proposed measuring interpretability using a complexity metric. The study
mentions that in rule-based models, some metrics have been proposed to measure the interpretabil-
ity of models, for example, in Garcia et al. (2009) and Nauck (2003). In this sense, to increase
the interpretability of the model, Alharbi (2022) limited the number of rules per class, justified by
the fact that humans can deal with a maximum of 7+2 cognitive entities at the same time (Miller,
1956). The results demonstrate the ability to obtain models with high prediction accuracy and
interpretability, compared to black box models.

Al-Jallad et al. (2019) used interpretable methods such as J48, BFTree, LADTree, Ran-
domTree, Simple-CART, REP-tree, JRip, Ridor, and PART. As part of the evaluation, it proposed
an interpretability measure based on the size and complexity of the rules. For each experiment, the
interpretability measurements of each model are presented, along with an analysis of the effects
of the preprocessing step on these measurements. The results demonstrate that the J48 algorithm
stood out for its ability to apply an appropriate trade-off between accuracy and interpretability.

The study by C. Carvalho et al. (2023) proposes an interpretability metric called agreement
percentage. The proposal involves analyzing a set of LIME explanations using unsupervised ML
to find the core explanations that best describe the behavior of the original model. Subsequently,
predictions from the model are compared with predictions based on the core explanations, allow-
ing for the identification of regions where the model’s response aligns with the core explanations
that represent the same model. This approach enables the differentiation of models based on
aspects of interpretability.

The work by Nakagawa et al. (2021) is based on the Graph Neural Network (GNN) tech-
nique. It proposed to evaluate interpretability based on two points directly related to the model
update. The first is to evaluate whether the model updates only the concept related to the answered
concept in each time interval. The second is whether the update is reasonable with the given graph
structure. In this work, a brief analysis of these aspects is presented; simultaneously, it aims to
justify the better interpretability of the GNN model for others.

Following another strategy, the work of Lallé et al. (2021) proposed evaluating interpretabil-
ity through instructor interviews. The rules mined by the FUMA framework were presented to
instructors, who were asked to interpret them based on their experience and expertise. Results
pointed to the high interpretability of the rules generated by FUMA. In particular, the interview
results showed substantial agreement between FUMA and experienced instructors, and the in-
structors provided ideas for adaptive feedback on low-performance rules.

Chou (2021, 2023) proposed assessing interpretability based on a grafting technique, com-
bining ML and interpretability methods. The approach allows users to select the desired trade-off
between accuracy and interpretability for the model. Gdmez-Granados et al. (2023) assesses the
interpretability of FlexNSLVOrd in a qualitative way, comparing it to other rule-based models.
The main aspects considered were the simplicity and representativeness of the rules, as well as
the average number of generated rules, where a few rules are generally associated with greater
interpretability. Cavus and Kuzilek (2024) have assessed essential properties for counterfactual
explanations, such as sparsity, minimality, validity, proximity, and plausibility.

Aytekin and Saygin (2025) used their own domain knowledge to manually create explana-
tions and compare them to the explanations of Fine-tuned LLM, with the evaluation based on
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the validity and similarity of the explanations. The LLM explanation information was checked,
and a similarity score was generated. The interpretability assessment by F. Liu et al. (2024) was
mainly qualitative, based on the presentation and explanation of fuzzy rules, hidden semantics,
and visualizations of results. The comparison of interpretability between models was conducted
descriptively, highlighting the lack of intrinsic interpretability in most deep learning-based KT
models and presenting FDKT as an approach that explicitly seeks to improve this aspect.

In summary, this section highlighted eleven studies that have presented initiatives to measure
the interpretability of models, representing 17% of the selected articles. As can be seen in Table 12
five studies do so, focusing on rules (Alharbi, 2022; Al-Jallad et al., 2019; Gdmez-Granados et al.,
2023), including interviews (Lallé et al., 2021) and fuzzy rules (F. Liu et al., 2024). A specific
work considers models based on Graph Neural Network (GNN) (Nakagawa et al., 2021).

Four studies address the use of agnostic interpretability methods, using either the grafting
technique (Chou, 2021, 2023), counterfactual explanations (Cavus & Kuzilek, 2024), or clusters
of LIME explanations (C. Carvalho et al., 2023). Finally, a study using LLMs assessed model
interpretability using domain knowledge to evaluate the validity and similarity of the explanations
(Aytekin & Saygin, 2025).

Table 12: Relationship between metrics to assess interpretability, interpretability context, educational data, and level of education. The ID is based
on Table 4.

Measure of interpretability Interpretability context | Educational data Level of education Paper ID
Complexity of rules Academic records Performance Prediction | Undergraduate courses | 18
Complexity of rules Academic records Performance Prediction | Undergraduate courses | 57
Simplicity and quantity of rules Virtual environments Performance Prediction | Undergraduate courses | 9
Interpreting rules through interviews with instructors Virtual environments Performance Prediction | Basic Education 22
Qualitative analysis of fuzzy rules Virtual environments Performance Prediction | Graduate courses 30
GNN model update Answering exams Knowledge Tracing Others 38
Grafting Technique (accuracy—interpretability trade-off selection) | Virtual environments Performance Prediction | Undergraduate courses | 16
Grafting Technique (accuracy—interpretability trade-off selection) | Virtual environments Performance Prediction | Undergraduate courses | 15
Properties for counterfactual explanations Virtual environments Performance Prediction | Undergraduate courses | 11
Agreement percentage - Clusters of LIME explanations Academic records Performance Prediction | Undergraduate courses | 63
Validity and similarity using domain knowledge and LLMs Prerequisites Prerequisites Undergraduate courses | 24

4.7 Objective when addressing interpretability

This topic is related to the RQ7 question “What is the purpose or objective when addressing
interpretability?”. The proposal is to identify the reasons or objectives behind the use of inter-
pretability. Are the authors aiming to understand the model’s decisions to enhance transparency?
Improve stakeholder trust? Analyze or mitigate unfairness?

Categorizing these objectives can be highly subjective and dependent on author declara-
tions, involving different classes of stakeholders and desiderata such as acceptance, effectiveness,
fairness, transparency, trust, legal compliance, and many others (Langer et al., 2021). For this
research question, we will focus on fairness, as recent research has linked it to interpretability
(Deck et al., 2024). In the following, we present general aspects of some studies to exemplify
objectives when addressing interpretability. This list is not exhaustive, representing only a part of
the selected works. Later, a highlight will be made on cases related to algorithmic fairness.

First, we can mention some cases in summary form, with a simple objective of improving
model transparency (Abdalkareem & Min-Allah, 2024; Choi et al., 2024; Colak Oz et al., 2023;
Huang et al., 2024; Islam et al., 2024; Luo & Wang, 2024; Parkavi et al., 2024).
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In other cases, we can highlight the intention to identify the reasons for the detection of
prerequisites (Aytekin & Saygin, 2025), understand the impact of each variable on the model
decision (Arévalo-Cordovilla & Pefia, 2024; Nnadi et al., 2024), identify key dropout patterns
and how these patterns compared before and during the pandemic (Colpo et al., 2024), clusters
explicability (Alvarez-Garcia et al., 2024), assess the concordance between model decisions and
explanations (C. Carvalho et al., 2023), and other related to the influence of predictors (Lee, 2023;
Singelmann et al., 2020; Suaza-Medina et al., 2024; Y. Wang et al., 2023).

There are also examples where the author demonstrates attention with respect to stakehold-
ers. Lu et al. (2024) makes the model more accessible to researchers and educators, enabling
them to enhance pedagogical practices and support for students in online learning environments.
Gamez-Granados et al. (2023) utilized interpretability with the primary objective of providing un-
derstandable results that can be easily understood by teachers, whereas Cavus and Kuzilek (2024)
seeks to establish trust from students and teachers, aiming for features such as stability and robust-
ness. Other studies also fit into these cases, such as Ghimire et al. (2024), F. Liu et al. (2024), F.
Liu et al. (2023), and Q. Liu and Khalil (2024), including facilitating communication with stake-
holders (Hooper et al., 2023), issuing alerts (Qu et al., 2022), and achieving interpretability as a
basis for constructing personalized interventions (Cohausz, 2022).

Specifically regarding fairness, there are a few cases that can be highlighted due to their
relationship with interpretability:

* Livieris et al. (2023): mention fairness and bias. The adoption of SHAP ensures that the
importance scores are fair and unbiased, while the adoption of LIME provides a flexible,
fast, and reliable technique for interpreting individual predictions.

» Zanellati et al. (2024): Interpretability techniques are applied to increase confidence, and a
fairness analysis was conducted to make models more effective and equitable. The study
expands the use of deep learning in educational data mining, achieving high accuracy while
improving model transparency and fairness;

* Tsiakmaki and Ragos (2021): The main objective is to demonstrate the practical useful-
ness of understandable learning models in educational environments, and a deep machine
learning model with a fair predictive performance was created;

In the following, we present a few examples of practical implications related to interpretabil-
ity objectives, without intending to be exhaustive, and with a focus on recent work. These are small
examples that can be strengths or limitations:

» Zanellati et al. (2024): In addition to predictive performance, it emphasizes the ethical
integrity of models, especially fairness (strength);

* Thuy and Benoit (2024): The framework incorporates the involvement of human experts in
the decision process through classification with rejection for uncertain observations (strength);

* Q. Liu and Khalil (2024): The study does not investigate the reception of XAl feedback by
stakeholders (limitation);

* Y. Wang et al. (2023): It includes policy recommendations to help university administrators
and bank staff intervene early to reduce the risk of default by university students (strength)
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5 Discussion and future directions

This Section discusses the findings and potential future work, with a focus on the interpretability
field. The main interest of this mapping was the aspect of model interpretability in the EDM
context. The selected studies are presented in various contexts, including the problems addressed,
education levels, data types, machine learning techniques, objectives, and strategies employed
to address interpretability. Despite the diversity of contexts and approaches, the analysis reveals
structural patterns that allow for a broader reflection on how interpretability has been positioned
within EDM research.

Given the increasing prominence of explainable artificial intelligence (XAI) in recent years
(Adadi & Berrada, 2018; Linardatos et al., 2021; SAHiN et al., 2025), one might expect inter-
pretability to be a primary design objective in EDM studies. However, the results of this mapping
suggest that interpretability is frequently treated as a complementary analysis step rather than
as a core methodological concern. This finding is consistent with broader observations that in-
terpretability techniques are still rarely integrated as a central component of machine learning
workflows (Linardatos et al., 2021). The predominance of performance prediction studies and the
widespread use of post hoc methods indicate that model transparency is often pursued after model
development rather than integrated into model design.

The findings also reveal structural relationships between EDM contexts and interpretability
choices. Knowledge Tracing studies, for example, tend to rely on model-specific explanations
such as attention mechanisms or IRT-based analyses, whereas Performance Prediction studies
predominantly employ model-agnostic techniques. This suggests that interpretability strategies
are frequently influenced by model architecture rather than by stakeholder needs or educational
objectives.

Consistent with the previously identified gap, very few studies propose evaluating inter-
pretability through formal metrics. This gap corroborates previous findings that highlight the ab-
sence or difficulty of defining appropriate metrics for evaluating interpretability methods (Alamri
& Alharbi, 2021; D. V. Carvalho et al., 2019; Vieira & Digiampietri, 2022), raising concerns about
how interpretability claims are substantiated in EDM research.

These structural patterns are reflected in the operational practices observed in the analyzed
studies. Typically, reports are limited to using an interpretability method. Some research focuses
on prediction performance and presents a closing Section showing that it is possible to interpret
the obtained models. In other cases, interpretability is mentioned as part of the work, but only
some details are presented. Therefore, from this aspect, interpretability is not the central objective
in many studies.

In cases where the study considers several ML techniques, it is not always clear whether
interpretability has been applied to all of them. No analysis compares the interpretability be-
tween models obtained for different ML techniques. From this perspective, future research should
prioritize the comparison and differentiation of models based on their interpretability.

Very few studies propose evaluating interpretability from the perspective of an interpretabil-
ity metric. Some cases involving this approach were for intrinsically interpretable models or those
that required human intervention, and only one case used an agnostic method. Exploring inter-
pretability metrics is considered relevant to support the decision to choose models.
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Fairness is an important stakeholder concern in terms of interpretability; however, very few
studies explore the relationship between fairness and interpretability. Additionally, stakeholders
must be involved in the process.

After identifying the limitations described above, we present specific points that should be
addressed in future work on interpretability in EDM. Whenever possible, studies from this map-
ping are cited to illustrate initiatives that align with, or show progress toward, these recommenda-
tions.

Studies should focus on interpretability in EDM, rather than treating it as a secondary aspect
of model evaluation. It can be addressed, for example, by identifying patterns and trade-offs
(Chou, 2021, 2023), by comparing prediction models in terms of interpretability (C. Carvalho et
al., 2023), by analyzing the interpretability for different moments (before and during the COVID-
19 pandemic) (Colpo et al., 2024), or by comparing different post hoc explainability techniques
(Zanellati et al., 2024).

Studies should develop and apply interpretability metrics that enable the quantification of
differences between models, thereby providing a stronger basis for model selection. This can
be addressed by analyzing the complexity of rules in intrinsically interpretable models (Alharbi,
2022; Al-Jallad et al., 2019), but it should prioritize the quantification of interpretability for black-
box models based on agnostic methods (C. Carvalho et al., 2023; Chou, 2023). Domain knowl-
edge can also be used to evaluate the validity and similarity of the explanations (Aytekin & Saygin,
2025), as well as interviews with experienced instructors to assess interpretability (Lallé et al.,
2021).

Studies should investigate how different stages of the EDM pipeline impact interpretabil-
ity, ensuring that methodological choices do not compromise model transparency. This can be
achieved, for example, by examining the relationship between balancing techniques and expla-
nations (Cavus & Kuzilek, 2024), or the relationship between various approaches to handling
missing data and different interpretability techniques (Hooper et al., 2023).

Studies should address the relationship between fairness and interpretability. Although ini-
tiatives can be found in some way (Livieris et al., 2023; Tsiakmaki & Ragos, 2021; Zanellati et al.,
2024), it is necessary to go further, addressing fairness analysis, reporting, and mitigation in EDM
applications (Deck et al., 2024).

Studies should ensure that EDM application projects actively involve stakeholders through-
out the development process to align interpretability goals with practical needs, including correctly
understanding model explanations, and encouraging the creation of usage guides.

Ultimately, studies should investigate the implications of deploying EDM models in pro-
duction, particularly how future updates may impact interpretability and fairness.

6 Final considerations

This paper conducted a Systematic Literature Mapping (SLM) on model interpretability within
the context of Educational Data Mining (EDM). A research protocol was defined in accordance
with the guidelines of Kitchenham and Charters (2007), resulting in 65 selected studies.
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The study provides a structured overview of how interpretability has been addressed in
EDM, identifying methodological trends, practical implications, and research gaps. By mapping
interpretability methods, their applications, and their alignment with different educational con-
texts, this work offers insights that can guide both researchers and practitioners. However, some
limitations must be acknowledged.

The primary limitation of this mapping is that it focuses on studies that explicitly identify
themselves as part of the EDM field. Consequently, studies that employ interpretability methods
in educational contexts but do not fall within the EDM scope may not have been included.

By addressing the aspects discussed in the previous section, future research can advance
the field toward a more systematic and impactful understanding of interpretability in EDM. Such
efforts can foster transparency, trust, and fairness, support more informed decision-making by ed-
ucational institutions, enhance student support systems, and promote accountability in Al-driven
educational applications.
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