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Abstract Artificial intelligence (AI) is a field of research that has attracted a lot of attention in the past few years due to its
rapid development and global reach. From integrating AI into everyday life, technology, and its use has drastically changed
along with the understanding of the world surrounding us. Its application ranges from automating mundane tasks to making
crucial AI-driven decisions in medicine, entertainment, finance, and even retail. One of the most positive and profound areas
of development in AI is in education because if developed further, it can change the ways education is rendered, enhance
the quality of education, and most importantly, tailor the learning process according to the needs of students all over the
world. AI is not a fad when it comes to educational learning but a very essential shift regarding how information is taught
and learned. The goal of this paper is to analyze several applications of Machine Learning (ML), a subfield of artificial
intelligence, in the context of education. In particular, we want to focus on the variety of ML by defining supervised learning,
unsupervised learning, reinforcement learning, and also deep learning, and their importance to the improved practice of
education. These techniques will be further explored in terms of real-life application in teaching and learning processes
through illustrative case studies. These case studies will illustrate how ML models aid in customizing learning, increasing
student participation, and enhancing collaboration. We also take a closer look at the educational datasets most commonly
cited in the literature, together with the evaluation metrics that researchers rely on when developing and validating ML-
based learning systems. Beyond reviewing current applications,, this paper also considers the broader technical, pedagogical,
ethical, and organizational questions that shape how ML can realistically be integrated into educational contexts. In addition,
we draw attention to several emerging directions in the field, such as multimodal learning analytics, explainable AI, and
hybrid approaches that bring together human and machine intelligence. By combining a synthesis of established ML methods
with a discussion of their limitations and the avenues they open for future work, This paper aims to provide a realistic and
balanced perspective on the actual contributions and limitations of machine learning in the evolution of education.
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1. Introduction

Currently, AI is changing how things are done in different industries by creating new ways to automate difficult
tasks and enhance human capabilities through data analysis innovation. In the education field, students’ use of
educational platforms produces massive data sets [1]. This data can range from students’ academic performance to
how they engage with various learning technologies. As it stands now, AI is becoming increasingly important in
processing such data, and other approaches via which refined solutions to meet the student’s learning requirements
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can be devised effectively and efficiently.It also supports teachers in improving their pedagogical practices. AI
have also the ability to automate administrative tasks, thereby fostering more efficient and effective educational
environments [2].

ML, a key subfield of AI, is particularly well-suited to take advantage of these datasets. It uses algorithms
qualified to learn from the data. This article aims to examine the potential of ML in the field of education across
its different categories: supervised, unsupervised, reinforcement, and deep learning. In a non-exhaustive manner,
we illustrate how these models are transforming the educational experience. The applications are diverse, ranging
from predicting student success (supervised learning) to identifying similar learning styles (unsupervised learning),
creating interactive tutoring systems that adapt to students (reinforcement learning), and analyzing educational
content (deep learning). We also dive into popular datasets that support ML research in education, explaining their
strengths and limitations, and looking at the metrics that help us measure how well these ML models perform in
real-world settings.

Beyond presenting a survey of current applications, this article also takes a step back to consider the technical,
pedagogical, ethical, and organizational challenges that influence how ML can realistically be integrated into
educational environments. Questions related to data quality, algorithmic bias, model transparency, teacher training,
and infrastructure capacity still represent major hurdles for an adoption that is both dependable and fair. We also
highlight a number of emerging trends — such as multimodal learning analytics, explainable AI, and hybrid
frameworks that bring together human and machine intelligence — which are beginning to reshape research
priorities and anticipated directions in the field. The core contribution of this review is to provide a perspective
that is both coherent and nuanced. It does so by bringing together: (1) an overview of ML techniques and the ways
in which they are used in educational contexts; (2) a contextualized synthesis of the datasets and evaluation metrics
commonly employed in ML-based research; (3) a critical examination of the challenges and limitations that the
field continues to face; and (4) a reflection on the research paths that are now emerging for the years ahead. By
doing so, this work aims to enrich current discussions on how ML can meaningfully contribute to transforming
educational practices.

2. Machine Learning Models in Education

Based on their learning approach and the type of problems they aim to solve; we can generally classify ML
algorithms into different categories. Supervised learning, unsupervised learning, reinforcement learning, and deep
learning are some of the several types of ML algorithms that we use in this overview. In the ongoing section, we
illustrate the applications of ML in education according to each category with studies found in the literature (see
Figure 1).

2.1. Supervised learning

Supervised learning algorithms are trained on a labelled dataset, where the input data matches the target output.
These algorithms aim to learn a mapping function that can correctly predict the output for new data. For this type
of algorithm, its applications in education are diverse. Student performance prediction, grading, and assessment
are the areas that have attracted the most researchers.

2.1.1. Student Performance Prediction

Student success prediction is one of the most widespread applications of MLin the educational sector, as
attested to by the volume of research studies available in scientific databases [3]. Instructors use predictive
analytics to identify students with a high risk of failure or withdrawal. MLcan help identify students who are on
the verge of having academic trouble and intervene promptly by analyzing patterns of attendance, assignment
submission, and testing [4]. Besides improving the retention aspect of learning, this proactive method boosts
overall academic performance, as the problems are addressed well in advance before things take a turn for the
worse [5].
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Figure 1. Applications of ML in Education.

A study [6] was conducted on the academic achievement grades of 1854 students who took the Turkish
Language-I course at a public university in Turkey during the fall semester of 2019–2020. To forecast the final
exam grades of undergraduate students, the study suggested the use of ML algorithms such as Random Forests
(RF), nearest neighbor (NN), support vector machines (SVM), Logistic Regression (LR), Naı̈ve Bayes (NB), and k-
nearest neighbors (KNN). Three factors were used to compute and compare the algorithms’ performances: faculty
data, department data, and midterm test grades. According to the findings, the suggested model’s classification
accuracy ranged from 70 to 75%.

To predict success or failure in mathematics tests and to anticipate necessary improvements in learning, the
authors in [7] developed predictive models based on five classifiers, such as LR, KNN, SVM, decision trees (DT),
and RF. The study was applied to trends in international mathematics and science study (TIMSS) 2019 data from
Morocco, taking into account a variety of student characteristics, such as academic and personal performance.

Another research [8] employed an LR model to predict students’ academic performance and examine the factors
influencing this performance. This research uses data from a survey conducted among secondary school students
in math courses, consisting of a total of 33 indicators. The dataset used is publicly available on Kaggle under the
name ”Student Performance Dataset.” The results indicate that the LR model is reliable and demonstrates accurate
prediction (pass or fail), achieving 95.8% accuracy, 96.7% precision, 95.1% recall, and an F1 score of 95.8%.
According to the authors, this research enables schools to identify students’ learning difficulties and implement
supportive measures to help them.

The performance of students who passed the high school entrance exam in 81 provinces of Turkey in 2019 was
examined based on various socio-economic factors [9]. Support vector regression, RF, DT, and beta regression
models were used to predict high school entrance examination success rates. According to the study, it is
recommended to use both beta regression and RF models simultaneously to assess students’ success rates.

2.1.2. Grading students

ML also streamlines administrative tasks, reducing the burden on educators and allowing them to focus
more on teaching. Automated grading systems, for example, can handle objective assessments efficiently,
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providing instant feedback to students and freeing up instructors to concentrate on more complex, subjective
evaluations [10].

To optimize the overall performance of assessment methods and facilitate the grading process, the authors in
[11] implemented various ML algorithms to automatically grade students’ assignments. The research explored
programming exercises and written responses. The ML algorithms used include NB, DT, RF, SVM, LR, KNN, and
Ensemble Methods (EMs).

These pertinent features were extracted from the assignments, and models were trained on a varied set of
examples. Research [12] in this same area proposed a very effective, fair, and intelligent grading system for
evaluating English compositions, based on an improved version of the Adaboost algorithm. Results indicate that
the new AdaBoost/CT algorithm offers a highly accurate grading of English compositions and allows pinpointing
the weaknesses of each student.

2.1.3. Student assessment

Many studies have provided evidence supporting the possibility of automatic knowledge assessment. For
example, a study [13] addressed the assessment of student performance via machine-learning approaches. Based
on a dataset from an online learning environment, the study developed an evaluation model and identified the
most relevant features for knowledge classification by using classifiers such as SVM, RF, DT, gradient boosting
machine (GBM), linear regression, Gaussian Nave Bayes (GNB), and multilayer perceptron (MLP). The results
indicate that the GBM classifier outperformed the classifiers with 98% accuracy, 99% prediction precision, and
97% recall.

2.2. Unsupervised Learning

Unsupervised learning algorithms have significant applications in education, particularly for clustering. These
methods enable educators to discover characteristics from unlabeled data without any prior knowledge of the
expected output. We outline below the key applications of unsupervised learning in educational contexts.

2.2.1. Student Grouping and Clustering

An approach based on unsupervised clustering was proposed to help the Malaysian government reduce
dropout rates among students from the lowest income class who have access to higher education institutions [14].
In this approach, three specific types of ML models (K-Means, Balanced Iterative Reducing and Clustering using
Hierarchies (BIRCH), and Density-Based Spatial Clustering of Applications with Noise (DBSCAN)) were used
to analyze and classify the academic performance of students. The dataset used in this study contains information
on 117, 069 undergraduate students, with 16 attributes from 20 public higher education institutions, including
continuous variables (grades, accumulated credits) and categorical variables (discipline, program). The observed
results showed that the optimized k-means, with K-Means++ initialization, achieved the best performance in
terms of intra-cluster cohesion and inter-cluster separation, and produced five groups of students based on their
academic performance.

In the context of health education, some researchers [15] used K-means and a Hierarchical Clustering Algorithm
(HCA) to classify 310 students into different categories according to the Felder-Silverman learning styles model.
The experiments identified three significant clusters, validated using clustering quality indices such as the
silhouette score and the Davies–Bouldin index. The findings indicate that students can be partitioned into a
minimum of three groups in order to use educational methodologies that meet the needs of each cluster. According
to an investigation [16], data clustering was used to assess student performance. In this research, the speed at
which a user can process information was measured based on a comprehension text and a set of 9 comprehension
questions. The K-means algorithm was then applied to classify students into their respective groups. Intra-
cluster distances were minimized using the standard K-Means cost function, and the classification allowed the
identification of distinct performance profiles. In light of this classification, students’ performance can be enhanced.
An analysis [17] seeks to determine regions in Morocco where students are most vulnerable and in need of support.
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The students were grouped based on their social vulnerability using an unsupervised competitive learning method
based on K-Means algorithm and called the ”Centroid neural network”. This approach relies on an iterative update
of the centroids following Hebb’s rule, while normalizing the input vectors. The goal is to ensure the convergence
and stability of the clusters. The researchers used the PISA dataset, which provides detailed information about
each student, including their parents’ background, socioeconomic status, and school conditions. The results show
that social vulnerability negatively affects students’ cognitive development and ’Beni Mellal-Kh ´ enifra’ has the
highest level of social vulnerability. ´

2.2.2. Curriculum and Content Analysis

Analysis of curricula and educational content involves systematically examining programs, learning objectives,
and teaching materials to identify trends, gaps, and opportunities for improvement. Today, ML enables the
automation of this analysis at large scale and enhances understanding of the structure and themes of educational
programs. Study [18] provides a concrete example of this approach. The authors reviewed 166 AI ethics programs
from 105 universities worldwide. Their goal was to identify the major themes shaping these programs while also
shedding light on disciplinary silos. To do this, they used an artificial intelligence technique called Latent Dirichlet
Allocation (LDA), which can automatically detect recurring topics in course syllabi. Through this analysis, they
were able to classify the content by discipline (computer science, humanities, law) and by cognitive level, based
on Bloom’s taxonomy. They also compared the stated learning objectives with the teaching methods used. Their
findings revealed a three-part model called BAG (Build, Assess, Govern): technological design (Build), impact and
risk assessment (Assess), and governance and regulation (Govern). The study also highlighted notable differences
across disciplines and regions, as well as frequent gaps between what courses aim to teach and how they are
actually taught.

2.2.3. Anomaly Detection in Learning Patterns

Anomaly detection is considered one of the interesting applications of ML in the field of education. For
example, Demidova et al. [19] studied student behavior in an automated Python course using the Digital Teaching
Assistant (DTA) system. This system records detailed information about each submission, such as accuracy, time
spent, and strategies used. The researchers’ goal was to identify unusual behaviors and distinguish genuinely
motivated students from those whose patterns might suggest cheating or a heavy reliance on external solutions. To
analyze the programs, each solution was translated into a Markov chain, which represents the transitions between
different code structures. The researchers then measured similarities between solutions using the Jensen–Shannon
distance. Hierarchical agglomerative clustering with average linkage was applied to group similar programs. This
process made it possible to distinguish between two profiles: motivated students, who experimented with different
approaches, and suspicious students, whose work appeared repetitive or nearly identical. The study also examined
submission timelines, revealing unusual behaviors such as mass submissions or long periods of inactivity. By
combining these techniques—vectorization, similarity measurement, clustering, and temporal analysis—the
authors developed a multidimensional view of student behavior. These findings provide instructors with tools
to detect potential cheating early, deliver targeted support, and improve the design of programming exercises in
automated learning environments.

2.3. Reinforcement Learning (LR)

RL algorithms learn by interacting with an environment and receiving responses as rewards or punishments. RL
approaches using Q-learning and its variants have demonstrated viability for many years.

2.3.1. Intelligent Tutoring Systems

One study [20] examined how intelligent tutoring (ITS) systems might be modified to support autistic
students who frequently encounter particular learning and communication issues. Instead of using rigid methods
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based on established rules, they have adopted learning by RL, an approach that allows the system to automatically
modify its educational strategies through trial and error based on the learner’s responses. To put this idea into
practice, the researchers modeled the student using an artificial neural network (ANN). The system tested different
learning scenarios employing both the “typical” learner and the autistic learner models. The ITS stored the
student’s past responses. This helped determine the student’s current learning state. Then, it selected teaching
actions using a modified version of Q-learning. When tested on these simulated students, the autistic model
progressed more slowly and needed more practice, but it was still able to achieve performance levels similar
to the typical model. The study demonstrates the promise of RL in making tutoring systems more flexible and
personalized, especially for students with diverse learning needs. At the same time, the work is limited by the
fact that it was tested only in simulations, with simplified variables and a narrow definition of success focused on
immediate performance.

2.3.2. Game-Based Learning

Gamification is widely used to make learning more engaging, but traditional mechanisms (points, badges,
or leaderboards) often focus on immediate rewards, without ensuring that learners actually develop lasting skills.
One study [21] addresses this challenge by using RL to design rewards that not only motivate in the short term
but also guide learners toward long-term educational goals. In their approach, learning is modeled as a Markov
decision process. Each state represents the learner’s current skill profile, each action corresponds to a possible
learning activity, and rewards are dynamically adjusted based on their expected impact on acquiring target skills.
This adaptive “reward shaping” turns rewards into real strategic guides. It encourages immediate motivation. At
the same time, it directs learning toward coherent and sustainable skill development. Simulations conducted by the
authors show that this method works better than simple gamification strategies, which often favor fun but poorly
structured activities.

2.3.3. Adaptive learning system

Personalized learning is a common application of MLwithin education. Typical teaching systems mostly
contend with the fact that everyone inside them learns in the same mold ignoring the specific needs of individual
students. ML recognizes the data from performance metrics, level of engagement, and personal learning preference
of a student and retrospects for the possible adaptation of behavioral and learning activities to individual students
[22]. Adaptive learning systems like DreamBox and Knewton for example, apply MLalgorithms to change the
difficulty of exercises during actual learning experiences so that students are continuously challenged yet capable
of reaching their respective levels of mastery [23].

Analyzing the effect of RL-supported adaptive learning systems on learners’ performance was the aim of another
work [24]. In this way, the personalized adaptive knowledge extraction strategy (PAKES) was proposed, indicating
personalized pedagogical sequences depending on the specific needs of each learner. It includes monitoring the
knowledge states of the learners with a cognitive diagnostic model and conducting the Q-learning algorithm to
optimize the learning path. Experimental results establish that PAKES attained a learning progress score of 62%,
optimizing the balance between learner control and system control. The earlier cited study [25], under the guise
of another research work, presented a reinforcement learning-based adaptive e-learning system utilizing multi-
agent technology. The target goal was to design a system that would provide personalized recommendations about
learning paths for students. The system considered, besides students’ learning styles, their knowledge level, and
possibly some disabilities, like hearing impairment, visual impairment, and dyslexia, to match the type of learning
sequence with their needs. The method relies on a set of autonomous agents and uses the Q-learning algorithm to
adjust the learning paths. The results show that this approach improves the system’s performance by making the
adaptation process more flexible.

2.4. Deep learning

Currently, deep learning is used in many fields and has the potential to revolutionize education.
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2.4.1. Natural Language Processing (NLP) for Educational Content Analysis

The authors in [26] proposed an advanced multimodal neural network algorithm for efficient feature extraction
in natural language processing, particularly for word segmentation in English. This approach is based on a deep
neural network composed of independent subnetworks for each data modality, allowing textual, syntactic, and
semantic information to be processed separately. It adopts a hybrid model combining bidirectional gated recurrent
units (BI-GRU), which can efficiently capture long- distance dependencies through simplified state update and
reset mechanisms, and a conditional random field (CRF) that models dependencies between successive labels
to improve the consistency of sequential annotation. Compared to BI-LSTM, the BI-GRU has fewer parameters
and faster computations, which contributes to the model’s faster computation. The extracted representations are
low-dimensional yet discriminative, facilitating classification, segmentation, and other linguistic tasks.

2.4.2. Engage Detection in e-learning

Bhardwaj et al. [27] propose a deep learning–based approach to assess student engagement in e- learning
environments by analyzing real-time facial emotions (anger, joy, sadness, fear, disgust, surprise) and body
postures. They use advanced CNNs, including Xception and NASNetMobile, as well as a hybrid model combining
both, to extract relevant facial and behavioral features. Video data are complemented by surveys to calculate each
student’s Mean Engagement Score (MES). Model performance is evaluated using precision, recall, F1-score, and
accuracy, reaching up to 89.3show that hybrid models effectively capture complex engagement cues, enabling
automated systems for real-time monitoring and adaptive interventions in online courses.

In the context of e-learning, engagement detection can also be approached through the automatic analysis of
students’ textual feedback, allowing the inference of teaching quality and the perceived involvement of instructors.
Li [28] proposes a model combining Particle Swarm Optimization (PSO), an attention mechanism, and a Long
Short-Term Memory (LSTM) network to classify textual evaluations of online technical physical education courses.
Student evaluations are first preprocessed and then fed into the LSTM to capture the temporal and contextual
dependencies of sentences. The attention mechanism assigns weights to the most significant words or phrases
for classification. Experimental results show an overall error rate of 10.1% for teachers by gender and 12.8% by
teaching level, with an AUC of up to 0.821, demonstrating the high performance of this approach. Although the
model does not directly measure engagement, the detailed analysis of textual feedback provides implicit indicators
of teacher involvement and motivation, illustrating how deep learning methods can be used to detect or estimate
engagement in online learning environments.

2.4.3. Intelligent education system

X. Zhang and Z. Cao [29] propose a deep learning–based framework for an intelligent education system
in higher education. The system helps personalize learning and makes it more efficient by analyzing data from
students’ interactions, academic results, and behaviors on online platforms. It includes tools for collecting and
analyzing data, predicting, and recommending resources. Deep neural networks (DNNs) model how students
learn and help forecast their performance. Recurrent networks (RNNs, LSTMs) handle temporal sequences, such
as learning progression. Recurrent networks (RNNs, LSTMs) track learning over time. The system can also
recommend content tailored to each student. It predicts performance, identifies at-risk learners, and provides
targeted interventions. Teachers can use it to spot common weaknesses and adapt courses. Overall, this approach
makes learning more personalized, reduces teachers’ workload through automated data analysis, and can be
integrated with existing university systems for large-scale use.

2.5. Intelligent Comparison of ML Approaches in Education

To understand the strengths and limits of the main ML approaches in education, the table below gives a clear
comparison. It shows typical applications, key benefits, and common challenges for each method. This makes it
easier to see where each approach works best.
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Table 1. Comparison of Machine Learning Approaches in Education

Approach Typical
Applications in
Education

Strengths Limitations References

Supervised
Learning

Student
performance
prediction, at-risk
student detection

High accuracy in
performance
prediction

Strong reliance
on labeled data,
low
generalizability,
sensitive to class
imbalance

[30], [31]

Unsupervised
Learning

Student
segmentation,
learning profile
identification,
behavior analysis

Discovery of
hidden
structures, no
need for labels

Difficult
interpretation,
challenging to
extract
actionable
insights

[32],

Reinforcement
Learning (RL)

Dynamic learning
path adaptation,
intelligent tutoring
systems

Real-time
personalization,
engagement and
motivation
optimization

Requires large
datasets often
unavailable in
schools,
sophisticated
infrastructure
and algorithms
needed, requires
many iterations
to converge

[33],

Deep Learning Multimodal analysis
(text, audio, video),
emotion
recognition,
complex
assessments

High modeling
power, strong
performance on
rich datasets

High data and
computation
requirements,
interpretability
issues

[34]

This comparison shows that no single ML approach can cover all educational needs. Each method has its
strengths, but also context-specific limitations. That’s why hybrid approaches are particularly promising [35] .
They combine the best of each method: supervised learning for accurate assessments, unsupervised learning to
understand and group learners, reinforcement learning to increase engagement in adaptive tutoring systems, and
deep learning to process multimodal data like voice, text, or images. By blending these techniques, we can create
more personalized learning experiences. Evaluations become more reliable, and the learning experience is both
engaging and adaptable over time.

3. Educational Datasets for ML Research

Large-scale ML applications often benefit from available appropriate training data. However, as data increases in
scale and importance, so do the risks of harm. These concerns arise in part because educational datasets typically
contain the remnants of data-generating processes where complex human decisions were previously applied and
do not capture all aspects of world complexity. Recent studies argue that several of these datasets capture offensive
content, perpetuate stereotypical biases, and encroach on the privacy of public persons [1]. We argue that many
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educational datasets in natural language processing and, in particular, reading comprehension, event recognition,
and dialogue are derived from routing processes. Moreover, commercial processes that define licenses may prohibit
redistribution of the resulting trained models. The aim of this paper is to highlight several of these concerns and
initiate dialogue on the development of best practices for dataset development processes. In particular, we hope to
work towards guiding principles for structuring licensing terms and scientific processes behind dataset creation to
encourage progress towards these principles. We believe that this topic is an essential interdisciplinary discussion
necessary to foster research involving MLon the scientific process. In this paper, we address the role of educational
datasets and datasets derived from commercially licensed texts in enabling research on MLfor natural language
processing and language-related applications. We explore potential negative risks that exist when academic research
does not systematically update, modify, or augment some of these educational datasets. Our perspective largely sits
within an educational and scientific context and is inspired by ongoing discussions that have arisen from a variety
of fields, including ethical quandaries that have arisen when utilizing educational data within the classroom, privacy
concerns that affect educational data stored in various repositories, and respect for copyrighted material amidst an
expanding appetite for the development of research using these data. Despite these existing discussions, we argue
that the scientific process behind educational data generation has not been systematically assessed, formalized, or
documented [3].

3.1. Significance of Educational Datasets in Machine Learning Research

Educational datasets facilitate quicker transfer of MLsolutions to applications in education by enabling state-of-
the-art experimental validation. They are more amenable to integrate into online courses as interactive resources,
and ultimately, they may be used to yield insights and guide actions that improve educational outcomes. The
community needs to develop new resources—from previously used datasets to new types of datasets—in deeper
alignment with the communities most likely to benefit from them. Educational datasets could be used to generate
data that can inform individual teachers and students, guide more data-driven pedagogical environments, and
evaluate educational technology. We need to focus on producing datasets that, in some way, make it easier to
conduct interesting research. For example, datasets of learners in specific neighborhoods could bring data to assess
how learners interact with a certain reality [6].

Insights and novel methods and methodologies produced by research with these types of datasets can be
integrated into materials, research agendas, and pedagogical projects of educators, researchers, and developers
from very different sub-areas. This includes integrating artificial intelligence teaching materials in K-12 schools
and cross-disciplinary dialogues with public audiences around the societal implications of technologically mediated
processes. Educational datasets will be motivated by research questions that heavily involve knowledge or
experiences from teachers and students, rather than impersonal statistical learning questions. Educational datasets
should be reflective and supportive of risks associated with potentially sensitive social science research

Figure 2. Optimizing Learning Outcome through Data
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3.2. Example of Educational Datasets

Such datasets have contributed immensely to the evolution not just of MLin general, but also the development
of its applications in the field of education. They are intended to solve the real problems of the education
system, such as making personalized intelligent tutoring systems, improving learning, and anticipating student
performance. However, the following are some of the important examples of such education datasets along with
their applications:

Table 2. Educational Datasets:description and applications

Educational
Datasets

Description Applications Reference

ASSISTments
Dataset

A dataset from the ASSIST-
ments platform, which is designed
for assessing students’ learning
progress in math

Skill prediction, student perfor-
mance modeling, and adaptive
learning systems

[8], [9]

EdNet
Dataset

A large-scale dataset covering over
130 million interactions between
students and an AI tutoring system

Knowledge tracing, recommenda-
tion systems, and content person-
alization

[11], [12]

National
Education
Longitudinal
Study
(NELS)

A longitudinal dataset that tracks
students’ educational progress and
background

Educational inequality studies,
student outcome prediction, and
social determinants of learning

[13], [14]

MOOC
Datasets
(e.g., KDD
Cup 2015)

Data collected from online
courses, including students’
clickstreams, quiz performances,
and forum interactions

Dropout prediction, learning
behavior analysis, and content
effectiveness

[15], [16]

Open
University
Learning
Analytics
Dataset
(OULAD)

Data from distance learning stu-
dents at the Open University,
including demographics, assess-
ment scores, and course activities

Learning analytics, predicting stu-
dent success, and intervention
strategies

[18], [17]

PISA Dataset
(Programme
for
International
Student
Assessment)

An international survey dataset
evaluating 15-year-old students’
skills in math, science, and reading

Cross-country educational com-
parisons, policy impact analysis,
and skill profiling

[19], [20]

Educoder
Dataset

Focused on programming educa-
tion, containing detailed interac-
tions of students solving coding
tasks

Automated feedback systems,
error analysis, and adaptive coding
tutorials

[21],[24]

TEACH
Dataset

Designed for understanding
teacher-student interactions, this
dataset includes video annotations
and lesson transcripts

Classroom behavior analysis,
teacher evaluation, and
educational robotics

[25]

By leveraging these datasets, ML researchers can design systems that enhance personalized education, provide
predictive analytics for educators, and enable more inclusive and equitable learning environments.
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ML in education only works well if the data is good. But school data often has problems like missing values,
confusing labels, or mixed results from different teaching styles and varied assessment practices. To fix this, the data
needs to be cleaned, normalized, and kept fair for all student groups. It’s also important to clearly explain where the
data came from, follow strong protocols for handling sensitive information, and work closely with teachers to make
sure the data truly reflects meaningful learning indicators. Addressing these challenges strengthens the validity of
ML models and supports their responsible use in educational settings.

4. Evaluation of Model Performance

Metrics related to education for MLwill be effective tools for evaluating predictive models and clustering quality.
The selection of these metrics has much to do with the educational goal, whether it be predicting at-risk students,
examining grading reliability, or clustering students according to performance levels or learning preferences. Such
metrics thus provide an in-depth assessment of educational models (see Figure 3).

Figure 3. Educational Model Evaluation Metrics

4.1. Accuracy

Accuracy expresses the ratio of values correctly predicted to the total predicted number of values [36]. Accuracy
It manifests as one among the common measures that may be used to evaluate a classification model’s overall
performance. However, it is said that the figure can be misleading when applied to imbalanced datasets, which
often include a majority of students as passers in an educational scenario [37]. Accuracy is measured as follows:

Accuracy =
True Positives + True Negatives

Total Predictions
(1)

Stat., Optim. Inf. Comput. Vol. x, Month 202x



A. AZEROUAL ET AL. 11

4.2. Precision

Precision is an evaluation metric in ML for classification models [38]. Practically, it compares correct positive
predictions to all positive predictions made by the model in the following formula:

Precision =
True Positives

True Positives + False Positives
(2)

Precision is a metric that is closely related to educational applications because there should be really few false
positives caught. One application could well be detecting whether a student is failing or dropping out. Very few
should be misses for not-at-risk students by using very high precision.

4.3. Recall

Recall is one of the ways to quantify the number of actual positives that are correctly identified as true positives
[38]. It is measured by the following equation:

Recall =
True Positives

True Positives + False Negatives
(3)

In the application of ML in the field of education, recall refers to the proportion of at-risk students identified
correctly against all the students truly at-risk. It is an important performance measure among the early warning
systems made to reduce the number of missed cases characterized as false negatives, such as future school
dropouts. However, high recall tends to increase the number of false positives, as it overlooks fewer at-risk students:
Something that is crucial to enabling targeted, effective interventions to improve outcomes in education.

4.4. F1 Score

The F1 Score [38] is calculated as:

F1-Score = 2× Precision × Recall
Precision + Recall

(4)

The F1 score is an important metric in the education domain for evaluating classification models, especially
when class distributions are not so evenly split. It presents a balanced view of how the model performs by
mixing precision (correctly identifying positive predictions) with recall (detecting positive instances). This makes
it applicable in education, wherein the minority, the ones being at risk or wrong answers, are most valued. This
permits one to procure a well-balanced minimization of false positives and false negatives; hence, such scores
become applicable for identifying students at risk of failing, automating grading, and enabling recommendation
systems.

4.5. Cohen’s Kappa

Cohen’s Kappa Coefficient βk [38] is a statistical measure that determines the degree of agreement between two
raters/classifications, given the agreement could have happened by chance. Kappa is calculated as:

κ =
Po − Pe

1− Pe
(5)

where Po is the observed agreement and Pe is the expected agreement by chance.
In education, the metric is best to use for assessing how reliable human-based assessments would be regarding the

grading of student responses or visual-deep perspective grading of assignment quality. For instance, in automated
or semi-automated exam grading assessments, Cohen’s Kappa measures how far two teachers or a teacher and
another unknown algorithm would agree on any evaluation criteria. A value close to 1 indicates a very strong
agreement, while a value near 0 indicates that the observed agreement was due to chance. Hence, in education,
this indicator provides reliability and validity about how the assessment and decision-making on student outcomes
stands.
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4.6. Silhouette Coefficient (SC)

The Silhouette Coefficient (SC) [39] is a metric used for the comparison of clustering quality applied to datasets.
It ranges from −1to1, with large positive values indicating better-defined clusters. For a point i, its Coefficient will
be calculated as:

s(i) =
b(i)− a(i)

max{a(i), b(i)}
(6)

where:

a(i) = average intra-cluster distance (cohesion)
b(i) = average inter-cluster distance to nearest cluster (separation)

In education, clustering is used to ascertain and validate clusters of students based on behaviors, performance, or
other common characteristics (like learning styles or examination results). Coherence in clusters constitutes a SC
with two major aspects: the proximity of points within the same cluster versus the distance of that cluster from
others. A SC value near to 1 suggests strongly defined clusters, while lower SC values, including negative ones,
indicate that the groups overlap or are poorly formed. This measurement can help determine the intentions behind
any cluster formed in the personalization of a learning pathway or the identification of groups needing some specific
form of intervention in education.

4.7. Calinski–Harabasz Index

The Calinski–Harabasz index [14] is a measure used to evaluate the quality of clustering. Its formula is:

CH =
tr(Bk)

tr(Wk)
× n− k

k − 1
(7)

where:

• tr(Bk)=between-cluster dispersion
• tr(Wk)= within-cluster dispersion
• n= number of data points
• k= number of clusters

In education, the meaningfulness of clusters can be popularly applied to study features such as student behaviours,
academic performance, or learning preferences. The index compares the other form of dispersion, called inter-
cluster, against one another. When the index value is high, it indicates that clusters are compacted together and
well separated from each other; it implies meaningful grouping. This index could be used, for example, to validate
the separation of learners in adaptive learning systems, where the creation of homogeneous groups is vital to offer
personalised educational content for each profile.

4.8. Davies–Bouldin Index

The Davies-Bouldin index [14] increasingly describes the quality of clustering in that it examines both the internal
validity and external separation of clusters. Within education, the application of this index could be in comparing
the differences in performance, behaviors, or learning styles regarding their groupings. The equation is:

DB =
1

k

k∑
i=1

max
j ̸=i

(
Si + Sj

di,j

)
(8)

Where:

• Si is the intra-cluster dispersion of cluster i (average distance between each point in cluster i and its centroid)
• Sj is the intra-cluster dispersion of cluster j (average distance between each point in cluster j and its centroid)
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• di,j is the inter-cluster distance between centroids of clusters i and j
• k is the number of clusters

A lower DB index indicates:

• Better cluster compactness (smaller Si values)
• Better separation between clusters (larger di,j values)

In educational contexts, this index helps validate learner segmentation in adaptive learning systems, ensuring
meaningful groupings for personalized pedagogical interventions.

5. Critical Analysis of ML in Education

ML is rapidly making its place in education. It promises personalized learning paths, automated assessments,
and stronger support for teachers and institutions. But along with these opportunities come important
challenges—technical, pedagogical, ethical, and organizational. Addressing these challenges openly is essential
for developing strategies that use ML responsibly and effectively in schools and universities.

5.1. Technical Limitations

Technical challenges in educational ML mainly come from the robustness of models and the quality and availability
of data. In many institutions, data are often limited, fragmented, or heterogeneous [40]. They can also differ widely
from one context to another, making them hard to use reliably. As a result, models may not fit local realities very
well [41, 42, 43]. These limitations affect generalizability: a model trained on a “general” dataset can quickly
lose effectiveness when applied in a different institution [43, 44]. Furthermore, many models, like deep neural
networks or random forests, also act as “black boxes.” Their decisions are hard for teachers and decision-makers to
understand. This lack of transparency can reduce trust and make it harder to adopt these decision-support systems
in education [45].

5.2. Pedagogical Barriers

The main pedagogical challenges of using ML in education concern teachers’ skills, how well these tools fit into
daily teaching, and creating classroom dynamics that uses ML without losing sight of learning goals. Studies show
that most teachers don’t get enough training in AI and ML. This limits their ability to use these tools effectively or
responsibly.

Training teachers is key to using ML effectively in schools. With the right support, teachers can learn how to
read data, understand what the technology is showing, and use it in ways that actually help students learn. Good
training helps teachers feel more comfortable with new tools, make smart and fair decisions, and use ML to improve
teaching—instead of making things more confusing or unfair.

Teachers may also resist change, often because they already face heavy workloads [46], [47]. Additionally,
adaptive platforms sometimes put too much importance on the technology itself, which can take attention away
from core learning goals [48]. ML–based interventions also face algorithmic and methodological limits. Generative
models can capture students’ attention, but they sometimes give inaccurate or shallow answers. This can cause
confusion and misinterpretation [49]. They also show weaknesses to support critical thinking and deeper analysis.
At the same time, it’s hard to measure their true educational value because we lack good indicators, especially
for complex skills and knowledge transfer [50]. Together, these issues highlight that it’s not enough for models to
simply work. We also need solid ways to evaluate and optimize their real impact on learning.

5.3. Ethical and Social Issues

Using ML in education also raises important ethical and social questions. Some of the biggest concerns are around
privacy, bias, fairness, and transparency. For example, algorithmic bias is a major issue. If training data reflect
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social inequalities or lack representativeness, ML systems can create unfair outcomes that put marginalized groups
at a disadvantage [48]. Another concern is the heavy dependence on large-scale data collection. While this makes
powerful applications possible, it also brings serious risks around how students’ sensitive information is stored,
protected, and used [46, 51]. The lack of clear guidelines and consistent standards only adds to the problem,
highlighting the need for strong frameworks that ensure ML in education is used responsibly and transparently
[52].

5.4. Institutional and Organizational Constraints

Bringing ML into education isn’t just about having the technology. It also requires solid infrastructure, clear
policies, good coordination, and skilled people to manage it. In many contexts, these conditions are still incomplete
or missing. Studies often point to weak infrastructure, poor governance, and limited institutional commitment—
all of which slow down the sustainable use of ML in schools [46]. On top of that, material issues like a lack
of equipment or poor internet access make it harder to deploy these systems and create unfair gaps in student
access [46]. From a regulatory standpoint, frameworks are still incomplete, especially when it comes to certifying
models and holding institutions accountable, which delays large-scale adoption [51]. Success also depends on
having qualified staff and stable funding to keep systems updated, maintained, and evaluated [47]. But even then,
problems like data silos and missing technical standards remain big hurdles, making it hard to connect with learning
management systems (LMS) and to share resources securely [53].

One big challenge for schools using ML is the cost. It’s not just about having the right staff and infrastructure,
implementing ML also requires investments in hardware, secure data storage, software licenses, and regular
maintenance. These costs can be significant, especially for schools with smaller budgets, and may make the gap
between rich and poor schools even wider. That’s why it’s important to have smart funding plans, like help from
the government, partnerships with companies, or using free open-source tools. Without steady funding, even great
ML projects may struggle to be deployed or maintained over time.

5.5. Strategies for Overcoming Challenges

Adopting ML in education requires rigorous practices to make sure it’s reliable, safe, and truly useful for teaching
and learning. To get the best results and to build trust, there are several actions we can take that will help these
systems be more effective and easier to accept in the classroom:

• Diversify datasets by collecting multicentric and representative information across different school levels,
languages, and socio-economic contexts to reduce bias and strengthen model robustness.

• Conduct longitudinal studies to monitor the long-term impact of ML on student learning and adaptation,
while testing models on external datasets to verify their generalizability.

• Involve teachers and students from the early stages of system design, particularly in defining needs and what
success looks like, to align with educational goals and encourage its uptake [54].

• Develop continuous training programs that give educators not just the basics of ML, but also the skills needed
to understand the ethical and practical implications of these technologies [55].

• Make model limitations transparent by documenting uncertainties and conditions of applicability to prevent
inappropriate use.

• Ensure data security and compliance through proper encryption and clear policies for consent and access
management for teachers, students, and parents.

6. Emerging Trends and Future Research Directions

This section examines emerging trends and outlines promising research directions that could further enhance the
application of machine learning in educational contexts.
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6.1. Emerging Trends

Recent studies highlight new trends that are reshaping how ML is applied in education. The focus is moving
toward approaches that combine multiple types of data, generate content dynamically, provide clear explanations,
and encourage collaboration —always grounded in ethics and human-centered design. Multimodal approaches, for
example, go beyond simple metrics like grades or login times. They analyze natural language, speech, and even
facial expressions to capture student engagement and emotions with over 85% accuracy. This offers deeper insight
into both cognitive and emotional needs [56].

Generative models are also on the rise. They can quickly create learning materials, help with writing, and
give instant feedback. Large language models (LLMs), such as GPT-based systems, can personalize exercises and
resources while fostering student creativity.This points toward an Education 5.0 era, where humans and machines
work together to shape learning experiences [57, 58].

At the same time, interest in explainable and ethical AI is growing. Methods such as SHAP and LIME help make
algorithms more transparent and fairer by giving teachers and students clear reasons behind recommendations. This
kind of transparency builds trust and supports shared responsibility [59].

Finally, collaboration across disciplines is growing. Researchers, computer scientists, and policymakers are
joining forces to create solutions that truly fit the needs and realities of education. All of these trends are coming
together to create an educational ecosystem where technology adjusts to each individual’s needs, while keeping
teachers and students at the heart of education, guided by principles of ethics, transparency, and collaboration.

6.2. Future Research Directions

Future research on ML in education should aim for solutions that bring different elements together while being
sustainable and effective over the long term:

• A priority is to conduct longitudinal studies to assess the real and lasting effects of ML on learning, beyond
immediate gains [60].

• Looking into hybrid models that combine algorithmic insights with human expertise is a promising way to
support teachers’ autonomy while boosting the educational value of these tools [61].

• Establishing classroom labs where teachers, students, education researchers, and ML engineers co-develop
and iterate prototypes ensures alignment between pedagogical requirements and technical constraints [62].

• Increasing attention to linguistic, cultural, and socio-economic diversity is essential to ensure that ML
supports truly inclusive education adapted to local realities.

Following these directions will strengthen the technical capabilities of ML in education. More importantly, they
will ensure that its innovations align with core values like fairness, transparency, and accountability.

7. Conclusion

Integrating AI, particularly ML, into the educational area represents an education delivery and experience
undergoing a fundamental transformation. Through the utilization of power elements ML categories include
supervised, unsupervised, reinforcement, and deep learning. Educational institutions have gained the capability to
deliver tailored learning experiences, predict student needs, and optimize administrative processes. Using the right
techniques, along with good datasets and appropriate metrics, can help us better understand how students learn and
create teaching strategies that work more effectively. But for ML to really work in education, we have to deal with
challenges like data quality, bias in algorithms, making models easy to understand, training teachers, and having the
right technology in place. To use ML responsibly, we need strong governance, teamwork between different experts,
and a sustained commitment to equity and inclusion so that technological progress genuinely benefits all learners.
Meanwhile, several emergent trends, including multimodal learning analytics, explainable AI, and hybrid systems
that blend human and machine intelligence, signal the emergence of the next generation of intelligent educational
technologies. Such directions will be explored in future research through longer-term studies, more representative
datasets, and by closer partnerships among educators, data scientists, and policymakers.
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This paper aims to give a balanced and thoughtful view on the role of ML in transforming educational
environments, melding the overview of current ML applications with the critical examination of the limitations of
the current uses and future prospects. The continued development of ML in education promises adaptive, equitable,
and efficient learning systems capable of supporting a wide range of learners in an increasingly digital world.
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