
BACHELOROF SCIENCE IN TECHNICAL ANDVOCATIONAL EDUCATION

Smart Academic Forecasting Using Data-Driven Approaches

Most.Nosin Nahar Smita
220032401

Farhana Akter Lipi
220032403

Sultana Razia Shrabonti
220032405

Mishkatul Nayeem
220032406

Department of Technical and Vocational Education
Islamic University of Technology

September, 2025



Smart Academic Forecasting Using Data-Driven Approaches

Most.Nosin Nahar Smita
220032401

Farhana Akter Lipi
220032403

Sultana Razia Shrabonti
220032405

Mishkatul Nayeem
220032406

Department of Technical and Vocational Education
Islamic University of Technology

September, 2025



Declaration of Candidate
This is to certify that the work presented in this thesis is the outcome of the analy-
sis and experiments carried out byMost.Nosin Nahar Smita, Farhana Akter Lipi,
SultanaRazia Shrabonti, andMishkatulNayeemunder the supervision of Shahriar
Ivan, Assistant Professor, Department of Computer Science and Engineering, Islamic
University of Technology, Dhaka, Bangladesh. It is also declared that neither this the-
sis nor any part of it has been submitted anywhere else for any degree or diploma.
Information derived from the published and unpublished work of others have been
acknowledged in the text and a list of references is given.

Shahriar Ivan
Assistant Professor
Department of Computer Science and Engineering
Islamic University of Technology (IUT)
Date: September 30, 2025

Most.Nosin Nahar Smita
Student ID: 220032401
Date: September 30, 2025

Farhana Akter Lipi
Student ID: 220032403
Date: September 30, 2025

Sultana Razia Shrabonti
Student ID: 220032405
Date: September 30, 2025

Mishkatul Nayeem
Student ID: 220032406
Date: September 30, 2025

ii



Dedicated to our supervisor, whose guidance and support
were invaluable throughout the completion of this degree.

iii



Contents

1 Introduction 1
1.1 Introductory Information . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Motivations and Scope . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.3 Problem Statement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.4 Research Challenges . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.5 Contribution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
1.6 Organization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2 RelatedWorks 6
2.1 Overview: Educational Data Mining (EDM) and Learning Analytics . 6
2.2 Predictive Modelling on Education: Classical and Ensemble. . . . . . 7
2.3 Tabular Data Transformer and Foundation Models. . . . . . . . . . . . 8
2.4 Fairness, Interpretability, and Privacy of EDM. . . . . . . . . . . . . . 8
2.5 Dimensionality Reduction of EDM: PCA vs. LDA. . . . . . . . . . . . 9
2.6 Other Related Applications and Contexts . . . . . . . . . . . . . . . . 10
2.7 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

3 Methodology 11
3.1 Overview of the Methodology . . . . . . . . . . . . . . . . . . . . . . . 11
3.2 Positioning Our Work . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
3.3 Chronological Breakdown of Components . . . . . . . . . . . . . . . . 12
3.4 Integration and Interconnections . . . . . . . . . . . . . . . . . . . . . 14
3.5 Clarity and Comprehensiveness in Visual Aids . . . . . . . . . . . . . 14
3.6 Summary of the Methodology . . . . . . . . . . . . . . . . . . . . . . . 15

4 Results and Discussion 16
4.1 Datasets and Experimental Setup . . . . . . . . . . . . . . . . . . . . . 16
4.2 Presenting the Results . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

4.2.1 Accuracy and Error Results . . . . . . . . . . . . . . . . . . . . 19

iv



4.2.2 Feature Selection and Dimensionality Reduction Results . . . 22
4.3 Interpreting the Results . . . . . . . . . . . . . . . . . . . . . . . . . . 25
4.4 Challenges and Limitations . . . . . . . . . . . . . . . . . . . . . . . . 27
4.5 Implications and Significance of Findings . . . . . . . . . . . . . . . . 27

5 Conclusion 29
5.1 Rephrasing Research Objectives . . . . . . . . . . . . . . . . . . . . . 29
5.2 Summary of Key Findings . . . . . . . . . . . . . . . . . . . . . . . . . 29
5.3 Future Research Advice . . . . . . . . . . . . . . . . . . . . . . . . . . 30
5.4 Concluding Remarks . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

References 31

v



List of Figures

3.1 Data Preprocessing Pipeline . . . . . . . . . . . . . . . . . . . . . . . . 13

4.1 Comparison of preprocessing and model evaluation steps. . . . . . . . 17
4.2 Comparison of Model Accuracies . . . . . . . . . . . . . . . . . . . . . 20
4.3 Comparison of RMSE, MAPE, and R² across models. (a) RMSE, (b)

MAPE, (c) R². . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
4.4 Comparison of PCA and LDAmodel performances across Top 10, Top

5, and Bottom 5 selected features. . . . . . . . . . . . . . . . . . . . . . 22
4.5 Feature correlations with student performance. . . . . . . . . . . . . . 23
4.7 Histograms of important features. . . . . . . . . . . . . . . . . . . . . 24
4.8 Visualization of accuracy comparison across datasets . . . . . . . . . . 26

vi



List of Tables

4.1 Dataset description and experimental setup summary . . . . . . . . . 18
4.2 Comparison of Features between Dataset 1 and Dataset 2 . . . . . . . 19
4.3 Summary of model results across Accuracy, RMSE, MAPE, and R² . . 20
4.4 Accuracy of Different Feature Reduction Strategies . . . . . . . . . . . 23
4.5 Side-by-side comparison of the results . . . . . . . . . . . . . . . . . . 26

vii



List of Abbreviations
DT Decision Tree
KNN K-Nearest Neighbors
SVM Support Vector Machine
PCA Principal Component Analysis
LDA Linear Discriminant Analysis
LR Logistic Regression
RF Random Forest

viii



Acknowledgement

Wewould like to express our deepest gratitude to our supervisor, Shahriar Ivan, whose
advice, experience and support have been invaluable in this process. His power to give
light at the time when the road might have been in doubt and his judicious counsel
have influenced this work in awaywhichwe could never have imagined. We aremost
grateful to his patience and his ability to ask the right question at the right time, when
it is important to refine our thoughts and strategy.

We also owe our families a huge debt, which they have been our anchor because of
their unwavering support. They have been our encouragements in all our difficulties,
giving not only love and care but also that reality check which we sometimes lost in
our studies. They have always been a motivating factor through their patience partic-
ularly whenever we had a lengthy discussion on complicated issues.

And finally, wewant to give our fellow students, our friends, and anyonewho has ever
been a part of this process, whether by working together, by giving feedback, by just
being present to experience our stress and/or celebration. Your support has helped us
to continue even when the task appeared to be never-ending.

We could not have done this thesis without each of you and we will always appreciate
your assistance.

ix



Abstract

Proper prediction of student academic performance is critical to supporting timely
interventions and improving learning results. The article is an evaluation of clas-
sical machine learning models, including Logistic Regression, Decision Tree, Ran-
dom Forest, K-Nearest Neighbors, and Support Vector Machine, and a transformer-
based foundation model based on benchmark academic performance datasets.
Transformer-based approach had the best predictive accuracy, whereas Decision Tree
provided a good compromise between predictive accuracy and Interpretability. Be-
sides model benchmarking, the study was aimed at exploring the importance of fea-
tures in addition to analysing Principal Component Analysis (PCA) and Linear Dis-
criminant Analysis (LDA). These methods pointed out that behavioral attributes like
participation, resource use and absence days were the strongest predictors of perfor-
mance. The consistency of these results was validated on another dataset and the
strength of the feature analysis was established. On the whole the study shows that
predictive modeling combined with dimensionality reduction gives reliable and ex-
plainable information that can be used to build trustworthy academic prediction sys-
tems.
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Chapter 1

Introduction

1.1 Introductory Information
Education plays a crucial role informing society and developing socio economic
growth. Predicting the possible result or outcome of students in their any specific
course or overall programs as a whole has become an important domain in educa-
tional data mining (EDM). Teachers, administrator, policymakers can take timely ac-
tion by using accurate forecasting. It helps them to ensure that weaker students get
essential support to improve their performance and high achieving students get ad-
vance opportunities to grow.

Teacher intuition, manual record analysis or simple statistical models are frequently
used in traditional methods to assessing student’s academic performance. To man-
age the massive amount of educational data produced by modern learning manage-
ment systems and online platforms, these approaches are restricted in scalability and
lack the precision necessary. New data-driven approaches have emerged by using the
advancement of machine learning and artificial intelligence that can model complex
patterns in student behavior and background data, enablingmore reliable predictions.

In this thesis, we present a comprehensive study of smart academic prediction using
a data-driven approach. We aim to systematically asses the predictive performance
of various methods on student academic performance datasets by employing multi-
ple machine learning algorithm – ranging from classical statistical models to modern
transformer-based architectures. This allows us to identify the best-performing tech-
niques but also give knowledge about feature importance, dimensionality reduction
and the difficulties related to student data.
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1.2 Motivations and Scope
The motivation for this study grew from the progressive requirement for personal-
ized education and early interventions in academic environments. Educational in-
stitutions require intelligent equipment to forecast student success and failure so that
teachers, policymakers and academic counselors canmake appropriate decisions. For
example, by detecting weaker performing students earlier, institutions can design re-
medial programs, adjust teaching strategies and provide additional resources in need
by detecting weaker performed students earlier. At the same time, early detection of
high-achieving students enables institutions to understand their characteristics and
provide various nurturing facilities.

The scope of our research includes:

1. Assessing the effectiveness of multiple machine learning algorithms such as lo-
gistic Regression, Decision Tree (DT), Random Forest (RF), k-nearest neighbors
(KNN), Support Vector Machine (SVM), and TabPFN for predicting academic
performance.

2. Comparing the models using key evaluation metrics: Accuracy, RMSE,MAPE,
and 𝑅2.

3. Evaluating the consequence of feature selection and dimensionality reduction
using Principal Component Analysis (PCA) and Linear Discriminant Analysis
( LDA ).

4. Administering experiments with different subsets of features (top 10, bottom 10,
top 5, bottom 5) to explore overlap and redundancy in the dataset.

5. Benchmarking our result against state-of-the-art research, specifically the deep
ensemble learning approach proposed by[42].

6. Assessing the strength of our models on an additional dataset to evaluate gen-
eralizability.

Our study bridges traditional data driven approaches with modern deep learning
strategies by focusing on both classical models and advanced architectures.

1.3 Problem Statement
One of the most difficult aspects in the research of education has always been to pre-
dict the academic performance of students. The conventional methods typically use
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teacher intuition or manual testing or a simple statistical model, which can barely de-
fine the multifactorial nature of demographic, behavioral and contextual variables on
learning outcomes. Studies of machine learning done so far have borne potential, yet
most are constrained in addressing a limited variety of models, or only measuring ac-
curacy as a measure of evaluation, or ignoring the problem of feature redundancy in
learning data. Therefore, the existing forecasting systems are often not generalizable
across settings and only give a limited amount of information about what character-
istics of students actually lead to performance.

To overcome these weaknesses, the current paper involves a data-heavy, holistic
method which combines several classical and state-of-the-art machine learning mod-
els, the dimensionality reduction strategies, including Principal Component Analysis
(PCA) and Linear Discriminant Analysis (LDA). They do not only enable us to bench-
mark predictive accuracy, but feature importance and draw correlations between cru-
cial features and academic outcomes. Moreover, the fact that the results have been
validated in two data sets supports the strength of the results. By addressing both the
predictive performance and interpretability, this study will help lay a stronger ground
in the development of the early-warning systems that will not only be able to aid in
the timely intervention but also enhance the success of students.

1.4 Research Challenges
The study faced some challenges that are mentioned below:

1. Feature Correlation and Redundancy: The Limited number of features in
the dataset makes is difficult for dimensionality reduction methods like PCA
and LDA to improve performance effectively. Many features overlap between
top and bottom subsets in their forecasting power.

2. Accuracy versus Interpretability of the Model: While lightweight models
such as Random Forest and Decision Trees are more interpretable, advanced
deep learningmodels like TabPFN and deep ensembles achieve higher accuracy
but function as ‘black boxes.

3. Variability of the Dataset: It is challenging to design universally applica-
ble predicting systems as educational data vary across institutions, regions and
contexts.

4. Underfitting and Overfitting: Models generalize well without overfitting or
underfitting to training data remains a core issue, particularly with smaller
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datasets.

5. Computational Cost: Advanced deep learning model like deep ensemble and
transformer based approaches require higher computational power, which may
not be accessible in all educational settings.

1.5 Contribution
The thesis attempts to address these issues:

1. Comprehensive Benchmarking: We compare the assumptions of various
machine learning models (Logistic Regression, Decision Tree, Random Forest,
SVM, KNN and a transformer-based approach) to a set of databases concerning
student academic performance and use a uniform set of performancemeasures.

2. Feature Selection Analysis: In this study, we examine influence of reducing
the dimensions using PCA and LDA based on varying subsets of features, the
difficulties of small features space and redundancy in learning databases.

3. Transformer-BasedModels: We show that a transformer-basedmodel can be
successfully applied to academic performance prediction, and it can be compet-
itive enough with classical machine learning models.

4. Features Importance insights: With systematic analysis, we can understand
which features (e.g., behavioral (e.g., resource usage, participation, and absence
days) are most predictive of student performance, and which contribute mini-
mally, hence give more insights into learning behaviors.

5. Practical guidance: We present visual and comparative analysis, which indi-
cate the trade-offs of accuracy, interpretability, and computational efficiency, as
well as valuable advice in the application of forecasting systems to real educa-
tional situations.

1.6 Organization
The remaining part of this thesis is organized in the following way:

• Chapter 2 covers Related works on academic prediction detailing the working
procedure of machine learningmethods and the deep learningmethods includ-
ing ensemble model in [42].
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• Chapter 3 Methodology contains the datasets, the models and the evaluation
metrics, the preprocessing and criteria used in the experiments along with fea-
ture selection and other steps in the model build for our experiments.

• Chapter 4 covers the experimental results, the competition between classical
and newly proposed models, the effects of model complexity on model perfor-
mance, and the gold standard for comparison in this study.

• Chapter 5 provides the fundamentals with the research. It elaborates the im-
pact and the impact of the findings, discusses the findings, highlights the gaps,
and formulates the scope for better research.

• Chapter 6 compiles the referenced works to construct the central argument for
the study.
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Chapter 2

RelatedWorks

2.1 Overview: Educational Data Mining (EDM) and
Learning Analytics

The educational Data Mining and Learning Analytics have become a significant topic
of research that is trying to convert raw educational data into something that can be
done with. [38] made one of the first extensive reviews of EDM, identifying predic-
tion, clustering, relationshipmining and the creation of discoverymodels as activities.
[7] highlighted the ways educational data mining would be applied to create adap-
tive learning settings and maximize teaching effectiveness. The underlying works
attracted the focus on the issues of scalability, sparsity of data, and real-life imple-
mentation. The most recent systematic reviews including [33] emphasized the need
of empirical evidence and reproducibility. Workflow management research, such as
the application of Petri nets to model complex processes [43], offers conceptual paral-
lels to how student learning activities can be modeled and analyzed systematically in
EDM. [5] also paid attention to the prediction of academic success in higher education
and provided a summary of best practices and popular machine learning algorithms.
These surveys prove the maturity of EDM as a discipline as well as identifying gaps
including lack of interpretability and generalization across contexts. Reviews and sur-
veys have explained how these methods help to build early-warning systems and fea-
ture selectionmethods [3], [5]. Our work is based on these surveys andmakes specific
attention to predictive modeling using modern machine learning algorithms and di-
mensionality reduction methods.
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2.2 Predictive Modelling on Education: Classical
and Ensemble.

EDM has always been concerned with the prediction of student success. Early tech-
niques used classical supervised learning techniques. Decision trees, including the
[35], gave interpretable rule-basedmodels of classification problems, and are still pop-
ular because of their explicability and ease of use in educational data. The use of logis-
tic regression has beenwidely used in binary classification, including pass or fail, with
[25] presenting an extensive discussion of the technique. K-Nearest Neighbors K-NN
was originally suggested by [16] and this method has also been used to make predic-
tions based on student data using instance-basedmethods. Cortes [15] and Boser [10]
presented Support Vector Machines which became very popular because of its abil-
ity to perform well on high dimensional data. In addition to these, those techniques
of ensemble learning have greatly enhanced predictive power. Random Forests [11]
proved to be very robust with overfitting resistance. This trend was followed by boost-
ing methods, which provide enhanced training, the ability to work with categorical
variables and good performance on tabular data XGBoost [13], [28], [34] demonstrate.
Other previous EDM-specific studies that use classification to predict academic out-
comes include [29] which have positive findings but with small sample sizes, and a
study by [40] which employed even smaller sample sizes but with promising results.
Deep ensemble learning on prediction tasks on students is also a recent development.
Recent studies have also explored classification andprediction of student performance
data using multiple machine learning algorithms, showing that even relatively sim-
ple approaches can provide useful insights for academic planning [32]. Other pre-
vious EDM-specific studies that use classification to predict academic outcomes in-
clude [27], [31], all of which reported promising results with varying datasets. [9]
also applied data mining approaches for predicting student performance. More re-
cent studies have incorporated e-book reading behavior as predictive features, as in
[12], while [46] explored classification of student performance using AI techniques.
Designed early warning systems to identify at-risk students using learning analytics.
Indicatively, [42] demonstrated how deep ensembles were able to learn intricate rela-
tionships between features of students and excel compared to the traditional baselines.
Beyond educational data, ensemble deep learning techniques have been comprehen-
sively studied in time series analysis, with surveys highlighting open issues and future
directions, which can inform the adaptation of such methods to longitudinal student
data [39].
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2.3 Tabular Data Transformer and FoundationMod-
els.

Conventional deep learning models could not deal with tabular data because of the
problem of overfitting and the absence of inductive biases to handle categorical and
mixed-type data. But newer architectures that have been designed explicitly to sup-
port tabular learning have been developed.The introduction of the transformer archi-
tecture, originally by [44], has had a profound impact on sequence modeling and in-
spired subsequent tabular learning adaptations. Work on vision transformers, such as
[18], demonstrated the versatility of transformer architectures beyond NLP, strength-
ening the case for applying similar ideas in tabular and educational domains. Recent
evaluations of deep learning models for tabular data by [21] emphasized the impor-
tance of proper baselines and suggested that simple architectures can sometimes ri-
val transformers in practice. Attentive feature selection was proposed in TabNet [6],
making it possible to interpret features and achieve a good predictive accuracy. Most
recently, [24] proposed a pretrained transformer that is capable of solving small tab-
ular classification tasks in one forward pass without any expensive hyperparameter
tuning. This model has been used in education research where data are sometimes
small in scale or of medium size. These developments demonstrate a paradigm shift
in which foundation models are able to compete and even outdo conventional en-
semble learners. [19] also contributed with work on automated machine learning
frameworks which help streamline the process of model selection and optimization
for educational data. Transfer learning has also been investigated in domains such
as industrial IoT networks, providing empirical evidence of how pretrained models
can be adapted across contexts [45], a principle relevant to the adaptation of founda-
tionmodels for educational datasets. [23] further provided theoretical foundations for
kernel methods which remain influential in many classification settings. Extensions
such as SAINT [41] leveraged row attention and contrastive pretraining to improve
neural networks for tabular data, providing another foundation for exploring educa-
tional applications. These developments demonstrate a paradigm shift in which foun-
dation models are able to compete and even outdo conventional ensemble learners.

2.4 Fairness, Interpretability, and Privacy of EDM.
The consequences of educational predictions are high stakes; therefore, interpretabil-
ity and fairness are of great importance. [37] came up with LIME (Local Interpretable
Model-agnostic Explanations), which enables the black-box models to be locally ex-
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plained. In 2017, [30] developed SHAP ( SHapley Additive exPlanations ), which of-
fers a consistent model to explain predictions by features. It has also become popular
to be fair in educational prediction, and [36] conducted a review of fairness-conscious
machine learning in the educational setting. The works emphasize that predictive
models must not merely be true but must also be fair between demographic groups.
Moreover, the topic of privacy-preserving data mining has recently been addressed by
[4], who addressed the concept of differential privacy, as well as federated learning, to
ensure the privacy of sensitive student data.

2.5 Dimensionality Reduction of EDM: PCA vs.
LDA.

Educational data also includes correlated variables, such as demographics, behavioral
traces and assessment data. Dimensionality reduction is used to reduce redundancy,
improve model performance, and make them more interpretable. Principal Compo-
nent Analysis (PCA), which has as far been reviewed by [26], is a linear projection
technique thatmaximizes variance. It is unsupervised, commonly applied to the noise
reduction and visualization purposes, though no label information is utilized. Princi-
pal Component Analysis has been reviewed in detail by [1], who provided an acces-
sible introduction and highlighted its applications in reducing dimensionality across
diverse datasets. The original form of LDA was developed by [20] and is a supervised
method that transforms features into a dimension where the samples are separated
by their classes. The concept of discriminative dimensionality reduction was further
advanced by [8], who compared eigenfaces and Fisherfaces, illustrating the advan-
tages of class-specific projections similar to LDA. In methods of classification such
as student success prediction, LDA can perform better than PCA in that it retains
discriminative characteristics associated with labels. These tendencies are proven by
empirical research in EDM. PCAhas been demonstrated to be efficientwhen there are
numerous redundant variables, whilst LDA is more suitable where the aim is to per-
form classification. Experiments involving PCA or LDA with classifiers like logistic
regression, SVMs or RandomForests demonstrate an increase in predictive power and
a reduction in computing costs. [22] in his book on statistical learning also highlighted
the value of both supervised and unsupervised dimensionality reduction methods in
data mining.
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2.6 Other Related Applications and Contexts
Whilemuch of the EDM literature focuses on academic performance, there are related
applications in different domains that emphasize the versatility of machine learn-
ing methods. [14] applied augmented reality in teaching probability and sampling,
demonstrating how innovative data-driven approaches support learning. [3] explored
fusion visualization techniques using machine learning for three-dimensional imag-
ing, representing the cross-domain application of these techniques. [36] investigated
clinical interventions using predictive analytics, highlighting that predictivemodeling
approaches extend well beyond education. These examples reinforce that the tech-
niques reviewed here have generalizability across fields. Additionally, [17] examined
student dropout prediction, which relates closely to early-warning approaches such
as [2]. These connections illustrate the breadth of predictive modeling applications in
both educational and non-educational contexts.

2.7 Summary
Previous research in Educational Data Mining (EDM) and Learning Analytics has re-
lied on classicalmachine learningmodels (LR,DT,RF,KNN, SVM) as a strong founda-
tion for predicting student performance. In line with the fact that behavioral features
are often more predictive than population features, the widely used xAPI-Edu-Data
benchmark highlights this trend, and recent deep ensemble studies provide state-of-
the-art comparative studies. While ensemble anddeepmethods improve performance
on data-rich text, tabular foundation models such as TabPFN provide competitive
accuracy with minimal tuning, especially for low-dimensional datasets. In terms of
dimensionality reduction, LDA generally outperforms PCA in small-feature systems
because of its supervised nature. Our study contributes by systematically comparing
classical models and TabPFN, analyzing the PCA vs. LDA trade-offs, and benchmark-
ing against a deep fusion method on the same dataset.
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Chapter 3

Methodology

3.1 Overview of the Methodology
In this research, we analyze different machine learning methods to see how well they
can predict student performance. The objective is to create a smart and data-driven
solution that produces accurate results and makes interpretation easy. To do this,
we combined a mix of different methods, along with traditional models, ensemble
techniques, and modern transformer-based methods. In our research, we go forward
sequentially, acquiring and refining data, reducing the number of features, building
and evaluating models, and finally performing evaluation and comparison of results.

First, we used the xAPI-Edu-Data dataset, which is very popular and contains infor-
mation about students’ demographic background, educational history, parental in-
volvement with students, and student behavior in class. Given the domain knowl-
edge, one might argue that designing models on a single dataset could lead to overfit-
tingmodels. Therefore, we applied themodels to different datasets. In this technique,
we were able to evaluate the performance of the models in different educational en-
vironments and also reduced the risk of overfitting data from a single institution.

This technique was developed as a pairwise approach where each layer of the method
adds value to the layer above. For example, the way data is preprocessed affects the
performance of models such as KNN and SVM. Similarly, feature reduction decisions
can create a trade-off in the amount of information used for training; that is, some
useful information is retained, and the rest is discarded. Putting these steps together,
the experiments are not only technically robust but also practical and meaningful for
real learning environments.
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3.2 Positioning OurWork
Our work contributes by:

1. Comparing a new foundation model (TabPFN) with classical models (LR, DT,
RF, KNN, SVM) on the xAPI-Edu-Data dataset and Secondary Dataset (NEU).

2. Analyzing PCA vs. LDA on a dataset with only 16 features, showing why super-
vised methods (LDA) perform better than unsupervised Methods ( PCA ).

3. Directly comparing our resultswith an in-depth study that uses the same dataset
[42].

3.3 Chronological Breakdown of Components
At first, we started the studywith data collection. We used the xAPI-Edu-Data dataset,
which consists of 480 student records. Each record consists of 16 features and a tar-
get label that indicates the student’s performance as high, medium, or low. These
features include demographic details (gender, nationality, birthplace), educational
details (stage, grade, department, subject, semester), behavioral information (hand
raised, resource usage, announcements viewed, discussion participation), parental
involvement (surveys and satisfaction), and attendance (days of absence). Together,
they provide a complete picture of students’ learning behavior.

After collecting the dataset, the next step was data preprocessing. This meant prepar-
ing the raw data for machine learning. The dataset was mostly clean, but some values
weremissing. For numeric features, missing values were replaced with themean. For
categorical features, missing values were replaced with the most common value. This
step ensured that the dataset was ready for analysis without introducing bias.

Next, we transformed the features into machine-readable form. Categorical variables
such as gender and nationality were converted to numbers using one-hot encoding.
Ordinal features such as parental satisfaction and days absent were assigned ordinal
values. Since behavioral features such as hand-raised and assets visited were on very
different scales, we used min-max scaling to normalize between 0 and 1. This was
especially important for distance-based models such as KNN and SVM.

After the completion of the preprocessing phase, it enabled splitting the dataset into
three parts: training (80%), validation (10%), and testing (10%). Stratified sampling
was applied to make sure that the class proportions (high, medium, low) were pre-
served in all sets.
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Figure 3.1: Data Preprocessing Pipeline

We tested methods of feature selection and reduction of dimensionality as well. Since
the data set contained just 16 features, we were curious to see if having fewer might
enhance performance. PCAwas used to retain the features with the greatest variance,
though it ignores the class labels.

On the other hand, LDA focuses on class separation. The results showed that using
the top 10 LDA features generated about 83% accuracy, while using the top 10 PCA
features generated only 73%. Whenwe reduced it to 5 features, bothmethods dropped
to about 68%, demonstrating that over-reduction removes useful information.

The next step was model training. We tested several machine learning models like lo-
gistic regression (simple and interpretable), decision trees (capture complex patterns),
random forests (reduce overfitting and handle interactions), KNN (tested with k = 5
and k = 10), SVM with RBF kernel (handles nonlinear boundaries), and TabPFN (a
modern transformer-based model for tabular data). TabPFN was particularly useful
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because it can predict in one step without heavy tuning and performed well on this
dataset.

During training, we tuned model parameters using cross-validation. For example, we
adjusted the depth and splitting rule in decision trees and random forests, and the
regularization strength for SVM. Finally, we evaluated performance using multiple
metrics: accuracy (overall accuracy), RMSE (mean root mean square error), MAPE
(percentage error), and R² (variance explained). Using these two together gave a com-
plete picture of performance, showing not only which models predicted well but also
how large their errors were.

3.4 Integration and Interconnections
Themethodology is designed as a connected process rather than a set of separate steps.
Each stage affects the next one. For example, preprocessing makes sure the data is
properly prepared so that the machine learning models can read it correctly. If scal-
ing or encoding is done poorly, models like KNN and SVM may not perform well. In
the same way, feature selection using PCA or LDA directly influences model training.
Reducing the number of features can sometimes improve results by removing unnec-
essary noise, but it can also hurt performance if useful information is removed. The
choice of models also shows a trade-off between clarity and accuracy. Logistic Regres-
sion andDecision Trees are easier to explain and understand, while newermodels like
TabPFN give better accuracy but are harder to interpret. Finally, the evaluation met-
rics serve as a bridge between technical results and practical meaning. They help us
see not only which model performs best but also why a certain model might be more
suitable in real educational settings.

3.5 Clarity and Comprehensiveness in Visual Aids
Tomake our findings clearer, we included several visual aids alongside the numerical
results. A pipeline diagram was used to show the step-by-step process, from collect-
ing the dataset to evaluating the models, helping readers easily follow the workflow.
We also created feature importance plots from Random Forest and LDA to highlight
which factors, such as the number of raised hands or use of resources, play the biggest
role in predicting student performance. In addition, scatter plots from PCA and LDA
show how the student groups separate when features are reduced, visually supporting
the accuracy differences seen in the numbers. To compare models, we added charts
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that summarize accuracy, RMSE, MAPE, and R², making it easier to see the strengths
and weaknesses of each model. Finally, we used confusion matrices to look at mis-
classifications, which is important for understanding how well the models perform
across the three categories of student achievement.

3.6 Summary of the Methodology
In summary, this research followed a well-structured and clear process from both the
preprocessing (data cleaning and feature reduction) to themodel testing (training var-
ious types of models and performance evaluation using different approaches). We
have taken the xAPI-Edu-Data dataset and another dataset in order to verify the reli-
ability of the outcome and for better consistency.

By practicing PCA and LDA features, we examine how reducing features affects per-
formance. We also compared a diversity of models, from simple ones like logistic
regression to advanced ones like TabPFN, to cover both traditional and modern ap-
proaches.

We used multiple evaluation procedures and used visual representations to make the
results both accurate and easy to understand for research and practical use. This solid
methodology gives us a complete set of findings, which are explained in detail in the
next chapter.
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Chapter 4

Results and Discussion

4.1 Datasets and Experimental Setup
This study was carried out by the examination on two different datasets that represent
distinct academic contexts. The xAPI-Edu-Data dataset was the first dataset of this
experiment that was also adopted by [42] for their deep ensemble learning approach
to determine student academic performance. This dataset is highly significant be-
cause it includes both behavioral and demographic features such as gender, national-
ity, place of birth, stage ID, grade ID, section ID, topic, semester, relation, raised hands,
visited resources, announcements view, discussion participation, parental survey re-
sponses, parental satisfaction, student absence days, and final class labels. These vari-
able shows the details profiles of 480 students on their academic performance.

The second dataset was taken from the work of [46] at Near East University. A ques-
tionnaire was used to collect the data across 101 students in three different courses.
It divides the data into three categories, which are personal, family and demographic
data and finally shows the final performance class level. The dataset includes 33 fea-
tures, and it was used to measure classical artificial intelligence methods, including
Decision Trees, RBF Neural Networks, and Logistic Regression, where 70-88% accu-
racy was gained by RBFNN based on the courses. The dataset was repurposed for
this study to compare TabPFNwith findings published in the literature and assess the
generalizability of our models.

A complete pipeline of data preprocessing was used on both datasets to ensure relia-
bility and validity across all the models. Using an appropriate encoding scheme, the
categorical features were encoded to a numerical representation that helps the algo-
rithms to efficiently and correctly interpret non-numeric features. For preventing the
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variables with larger ranges, controlling distance or weight weight-biasedmodel, con-
tinuous variables were normalized to a common scale. Additionally, through imputa-
tion approaches, missing data were carefully handled to prevent bias and information
loss.

(a) Preprocessing (b)Model Evaluation

Figure 4.1: Comparison of preprocessing and model evaluation steps.
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After preprocessing of the data, the whole dataset was split into subsets where 80%
data was used for training, 10% for validation and 10% for testing. Stratified sampling
was used to ensure that the proportional proportion of classes was maintained across
all subsets, hence mitigating possible issues of class imbalance.

To capture a diverse learning framework, a different set of models was used for the
experiment. These included the following: K-Nearest Neighbors with k = 5 and k =
10 (instance-based learning with different neighborhood sizes), Random Forest (an
ensemble of decision trees leveraging bagging for improved generalization), Logistic
Regression (a linear baseline model), Decision Tree (a straightforward, interpretable
tree-based learner), Support Vector Machine with an RBF kernel (a margin-based
model capable of handling non-linear decision boundaries), and TabPFN (a cutting-
edge transformer-like architecture pre-trained for tabular data tasks). A variety of
learning approaches, including linear, tree-based, instance-based, margin-based, and
advanced deep learning, were included in this purposefully wide model selection.

Table 4.1: Dataset description and experimental setup summary

Dataset Source Feature Size Samples Split
(Train/-
Val/Test)

Preprocessing

xAPI-Edu-
Data

Tang et.al.
[42]

16 480 80% / 10% /
10%

Categorical
encoding, nor-
malization,
missing data
handling, strati-
fied sampling

Secondary
Academic
Dataset

Yilmaz
et.al. [46]

33 350 80% / 10% /
10%

Categorical
encoding, nor-
malization,
missing data
handling, strati-
fied sampling
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Table 4.2: Comparison of Features between Dataset 1 and Dataset 2

Dataset 1 Feature Dataset 2 Feature
Gender Sex
Nationality Country
Place of Birth Birthplace
StageID EducationLevel
GradeID YearGrade
SectionID ClassSection
Topic Subject
Semester Term
Relation GuardianRelation
RaiseHands Participation
VisitedResources ResourceUsage
AnnouncementsView NoticeBoardViews
Discussion ForumPosts
ParentAnsweringSurvey ParentSurveyResponse
ParentSchoolSatisfaction ParentFeedback
StudentAbsenceDays Absenteeism
Class FinalResult

4.2 Presenting the Results

4.2.1 Accuracy and Error Results
The outcomes of the experiment revealed a strong variation of themodel performance
of the selected classifiers to the xAPI-Edu-Data dataset as shown in Figure 4.3 and
Table 4.3. The linear model LR provided an accuracy of 77.08 % and its RMSE of
0.7971 and a MAPE of 23.78 %. The model managed to achieve a very small variance
that was expressed via the 𝑅2 of 0.0311 which implies that a simple linear relationship
could not effectively demonstrate the trend in student performance.

In the case with RMSE of 0.6455, the Decision Tree model achieved 83.33 % of accu-
racy. MAPE of 13.37 %. The R² value is 0.3647, which is a significant gain 17 com-
pared to LR since trees are capable of establishing the non-linear interaction between
features. This shows that the behavioral variables of importance such as visited re-
sources, raised hands and absence days are complexly interconnected and can be cap-
tured by DT.

RandomForest classifierwithMAPEof 18.06% and anRMSEof 0.7706was an 81.25%
accurate classifier. The 𝑅2 value was lower than the DT, at 0.0946, and this value does
not capture on deeper variance inside of this dataset, although the ensemble method
reduced over-fitting. RandomForestwas also predictable, but there is a possibility that
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it has averaged several trees and removed any important signal in the very predictive
features.

Table 4.3: Summary of model results across Accuracy, RMSE, MAPE, and R²

Model Accuracy RMSE MAPE
(%)

R²

Logistic Regression 0.7708 0.7971 23.78 0.0311
Random Forest 0.8125 0.7706 18.06 0.0946
Decision Tree 0.8333 0.6455 13.37 0.3647
KNN-5 0.6458 1.0206 32.29 -0.5884
KNN-10 0.6562 0.9682 27.95 -0.4295
SVM (RBF) 0.8229 0.6997 19.27 0.2535
TabPFN 0.8438 0.6614 15.45 0.3329

Figure 4.2: Comparison of Model Accuracies

K-Nearest Neighbors was the worst performing model. KNN with k=5 gave an accu-
racy of 64.58 % with RMSE of 1.0206, MAPE of 32.29 %, and a 𝑅2 of -0.5884. Even
though increasing the number of neighbors to k=10 makes the result somewhat bet-
ter, the accuracy is valued at 65.62 %, RMSE = 0.9682, MAPE = 27.95 %, and 𝑅2 =
0.4295. This type of educational dataset does not fit well with instance-based learn-
ing, where the distributions of the features are highly overlapping, which is evidenced
by negative 𝑅2 values, which indicates that the model is not doing as well as a simple
mean predictor.
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(a) RMSE (b)MAPE

(c) R²

Figure 4.3: Comparison of RMSE, MAPE, and R² across models. (a) RMSE, (b)
MAPE, (c) R².

The Support Vector Machine using RBF kernel gave good results, with an accuracy of
82.29 %, RMSE of 0.6997, MAPE of 19.27 %, and 𝑅2 of 0.2535. This shows that feature
based classification was able to successfully divide academic performance groups us-
ing boundaries. Even though it failed to significantly out-perform tree basedmethods,
SVMmarginmaximization principle allowed it to generalize better than the KNN and
LR.

More Recent Transformer based model TabPFN gives the best results on the xAPI
dataset. It has an accuracy of 84.38 % resulting in RMSE of 0.6614, MAPE of 15.45
%, and 𝑅2 of 0.3329. The findings suggest that the transformer based frameworks
that are structured data oriented can be able to identify complex patterns of student
performance in addition to generalization. TabPFN performedmarginally better than
DTand itwasmore stable. TabPFNprovided better accuracy and less predictable error
dispersion compared to the Decision Tree.

TabPFN achieved 77 % accuracy on the second dataset of. Near East University [22].
This accuracywas higher than the 70 % overall accuracy of RBFNeural Networks, and
falls within the 70 to 88 % accuracy of RBFNeural Networks in the original study. This
illustrates that TabPFN still has predictive power evenwhen it is workingwith smaller
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datasets (also questionnaire based). Its competitive performance without requiring
extensive parameter tuning makes it a viable substitute for neural-based approaches
in educational forecasting.

4.2.2 Feature Selection and Dimensionality Reduction Results
Results of Feature Selection and Dimensionality Reduction is shown in 4.4. The fea-
ture selection process of PCA and LDA also gave another perspective of this experi-
ment. Although the best 10 features picked using LDA, the model achieved an accu-
racy of 83%. In comparison, the 10 features with the highest rank chosen by PCA only
achieved 73% of accuracy.

(a) Top 10 Features (b) Top 5 Features

(c) Bottom 5 Features

Figure 4.4: Comparison of PCA and LDA model performances across Top 10, Top 5,
and Bottom 5 selected features.
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PCA and LDA as feature selection analysis further revealed some information. Us-
ing the LDA to select the top 10 features, the models obtained 83% accuracy, whereas
the PCA-based top 10 features obtained only 73% accuracy. The reason is that LDA is
controlled, it maximizes differences across 19 classes that are significant in classifica-
tion tasks such as predicting academic performance. This is the reason why LDA is
better. Alternatively, PCA only preserves total variance, which may not be similar to
predictive data.

PCA and LDA both reached a 68% accuracy when the number of features was again
trimmed down to the top five. This significant drop implies that a broader scope of
the interconnected factors determine academic achievement. Absence days, parental
satisfaction, and visited resources are important predictors that have a significant im-
pact on academic outcomes, but they were removed as a result of assertive reduction
of the dataset.

Table 4.4: Accuracy of Different Feature Reduction Strategies

Reduction Strategy Accuracy (%)
Full Features (16) Baseline
Top-10 PCA 73
Top-10 LDA 83
Top-5 PCA 68
Top-5 LDA 68

Figure 4.5: Feature correlations with student performance.
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(a) Nationality (b) Placeofbirth

(a) Announcementview (b) Raisehands

(c) Stageid (d) Visitedresource

(e) Studentabsenseday (f) Gradeid

Figure 4.7: Histograms of important features.
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Interestingly, due to the number of features, only 16 in the dataset, the effort to com-
pare best and worst features gave identical sets. This overlap points to the limitations
of the feature-based experiments in small datasets. The fact that PCA and LDA differ
obviously in the top 10 cases, however, indicates that supervised feature reduction is
more appropriate in this type of educational problem.

4.3 Interpreting the Results
The findings indicate that simple linear models including LR are not sufficient to
make the academic performance complexity prediction. Interacting non-linearly such
as behavioral and demographic variables are most effectively represented using tree-
based and modern models, such as TabPFN. TabPFN was superior in generalization
over the dispersion of errors but the most powerful candidates were DT and TabPFN.

The performance difference is also noticeable compared to that of [42] as shown in
4.5. Their deep ensemble model gave an 𝑅2 of 0.7430, MAPE of 9.75 %, and RMSE of
1.66. Their 𝑅2 was greater than twice that of our best performing TabPFN model and
their MAPE was much lower although we had a larger RMSE. This means that their
method reduced the percentage-based prediction error and enhanced the explanatory
power. However, their model required computationally expensive pools of various
deep belief networks and complex optimization methods such as the particle swarm
optimization. By contrast, we demonstrate that lighter machine learning models can
still achieve a competitive accuracy at much lower cost of computation which is more
applicable to resource limited educational institutions.

The PCA andLDAexperiments provide a considerable rationale behind the difference
in themodel performance. Critical predictors are eliminated by reducing the quantity
of features beneath a specified threshold. An example is the absence days and parental
satisfaction which are extrinsic factors that affect learning, but characteristics such
as raised hands and resources visited which assess student engagement. Since the
field of prediction of academic performance ismultifactorial in nature, dimensionality
reduction must be applied carefully. The best results of LDA demonstrate that the
supervised methods are more suitable to maintain discriminative power.

According to testing on the second dataset, decision tree and TabPFN remained re-
liable, whereas, KNN remained poor. This demonstrates the cross context strength
of our results. Our models continue to be under explaining as much variance as the
results of [42]. though, which demonstrates the potential of advanced deep learning
ensembles when power consumption is not a problem.
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The second dataset was tested with an accuracy of 77, which confirmed that TabPFN
continues working rationally well [46]. This makes it higher than their average com-
bination of multi-course results of 70% and within the band of RBFNN performance
(70 to 88)% as mentioned in the original study as shown in 4.8. Importantly, TabPFN
proved its adaptability to different academic settings due to its ability to show compet-
itive results without the need to optimize hyperparameters, but RBFNN was dataset-
specifically optimized (learning rate, iterations, and clusters).

Table 4.5: Side-by-side comparison of the results

Model /
Dataset

xAPI-Edu-Data Near East Univ.
Dataset

Notes

TabPFN (Pro-
posed)

Accuracy = 84.38%
RMSE = 0.6614
MAPE = 15.45%
R² = 0.3329

Accuracy = 77% (within
70–88% band of RBFNN)

Competitive
accuracy, stable,
minimal tuning

Tang et al.
[42] (Deep
Ensemble)

RMSE = 1.6562
MAPE = 9.75%
R² = 0.7430
PLCC = 0.8619
SROCC = 0.8582
CCC = 0.8571

Not tested Very strong, but
computationally
heavy (deep
belief networks
+ PSO)

Yılmaz &
Şekeroğlu
[46] (RBFNN)

– Accuracy = 70–88% de-
pending on course

High but
dataset-specific,
required tuning

Figure 4.8: Visualization of accuracy comparison across datasets
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This demonstrates that RBFNN [46] has a high dataset-specific performance, and
deep ensemble models such as [42] might be more able to explain the variance ((R2 =
0.7430), but TabPFN can offer an advantageous compromise: effective competence in
both datasets with minimum tuning and reduced computational expense.

4.4 Challenges and Limitations
Themetrics show the effectiveness of ourmodel but also reveal some limitations. The
R² coefficients (even those of the strongest-performingmodels) show that a large com-
ponent of variance in student performance is still inexplicable. This is an indication
that aspects not directly represented in the model’s features but clearly also influenc-
ing learning behavior, like intrinsic motivation or socio-economic status or real-life
situations, are crucial.

The practical interpretation of the RMSE is that it is a measure of the error in predic-
tion. In cases where the model predicts near a critical at-risk cutoff for a student, this
inherent error should be taken into account. As such, predictions are to be viewed
as probabilistic warning signs rather than definitive facts, and interventions should
target at least those students around the risk threshold rather than merely a subset of
students scoring above a cut-off.

Another was the trade-off between model accuracy and interpretability. Although
TabPFN produced better accuracy, it is more complex for its internal functioning to
be interpreted than that of the decision tree. This "black-box" behavior is a significant
drawback in an educational setting, where explanation of the reasons for a prediction
is essential in order to design the intervention. In addition, the scale and type of data
limited this study. The generalizability of the results is restricted by the small size of
the second data set (n=101), and capturing bias may be introduced in questionnaires
as a result of self-report.

4.5 Implications and Significance of Findings
This study has a few crucial educational and research implications. We have demon-
strated the feasibility of an early warning system based on data-driven interventions.
Correctly identifying those students most at risk early in the school year allows for
targeted resources in the form of tutoring, counselling or other support to move away
from a reactive approach to student care to one that is preventative.
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This study demonstrates that sophisticated models, such as TabPFN, are feasible for
analysing students’ tabulated data. TabPFN performs better with a few hyper-params
without heavy tuning; as such, it is both a practical and powerful way to train against
traditional ML models or complex neural networks. The achievement is a new high
for the domain and tends to promote efficient yet elaborate procedures in educational
data mining.

Feature importance analysis (supported by the performance of models like decision
trees and feature reduction analysis using LDA) identifies drivers of student suc-
cess, such as raising hands, visiting resources and attendance. This offers educators
and policymakers empirically based guidance to inform strategic decisions, for ex-
ample, encouraging certain learning behaviours or enhancing student engagement
platforms.

Also, the knowledge gained in the course of this study can be used to create adaptive
learning systems that track the progress of students and offer recommendations on
the basis of these results. Further research can investigate incorporating these predic-
tive systems in current learning management systems, allowing instructors to make
interventions based on timely and data-driven decision-making. This work will even-
tually lead to the larger idea of applying artificial intelligence to build more inclusive,
responsive, and effective learning spaces.
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Chapter 5

Conclusion

5.1 Rephrasing Research Objectives
This study aimed to discuss the data-driven methods of predicting student academic
performance. In particular, the study focused on assessing the performance of classi-
cal machine learning models and a transformer-based strategy, as well as on how di-
mensionality reduction techniques (PCA and LDA) can be used to help locate impor-
tant features. The study was designed to endorse the approaches of early intervention
in education by consideration of both predictive accuracy and feature interpretability.

5.2 Summary of Key Findings
Results indicated that Decision Tree was the best model by accuracy with inter-
pretability as opposed to transformer-based model which had the best overall per-
formance among classical models. The PCA and LDA results indicated that the su-
pervised dimensionality reduction (LDA) is able to retain more discriminative infor-
mation, compared to PCA, and behavioral characteristics, including participation, re-
source utilization, and absence days appear to be the most significant predictors. The
strength of these feature insights was verified by the validation with the use of a sec-
ondary dataset and it was shown that the findings are not data-dependent. The results
underscore the importance of integrating predictivemodels and feature analysis in or-
der to come up with sound academic prediction models.
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5.3 Future Research Advice
The feature space can be further expanded in future research adding any academic,
behavioral, and socioeconomic factors. High-level ensemble methods, e.g. XGBoost
or hybrid deep learning models, might also enhance performance, and longitudinal
datasets could be used to understand performance over time. Explainable AI rep-
resents another significant way that can be used to increase the transparency of the
forecasting systems and be more adopted in the educational institutions.

5.4 Concluding Remarks
This paper proves that machine learning provides a viable and efficient method of
predicting academic performance. Although more sophisticated models are more
accurate, interpretable models such as Decision Trees are still useful in resource-
constrained learning environments. Combining the analysis of the feature makes the
predictions more reliable, and the at-risk students can also be intervened beforehand.
Finally, the results indicate that an intelligent application of predictive modeling has
the potential to facilitate more ethical, data-driven educational activities and estab-
lish the foundation of potential future developments in effective and interpretable
forecasting systems.
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