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Abstract e \

Student academic performance has become a key area of concern in educational data mining, and the
accurate prediction of student performance has enabled timely interventions and improved learning
results. This paper presents an in-depth analysis of ElasticNet, Ridge Regression, Gradient Boost-
ing, Random Forests, K-Nearest Neighbors (KNN), and Decision Tree machine learning algorithms
to predict student academic performance based on empirical data. Our experimental design fo-
cuses on early academic and behavioral outcomes, including assignment grades during the past four
months, midterm grades, and monthly hours of attendance in the classroom and study sessions, and
is aligned with scientific design principles that reduce the risk of future-outcome leakage and related
variables. The models are assessed using standard regression measures, including Mean Absolute
Error (MAE), Root Mean Square Error (RMSE), the coefficient of determination (R2?), and cross-
validation to test the ability to generalize. The findings reveal that regularized regression models,
namely ElasticNet and Ridge, are more predictive than the other models, with R? values approach-
ing 0.5 and consistently high cross-validation stability. Gradient Boosting and Random Forest show
similar performance, but KNN and Decision Tree have lower accuracy. Further exploratory data
analysis indicates that academic achievement measures provide more accurate forecasts than behav-
ioral characteristics. These results highlight the importance of careful variable and model selection
for forecasting student performance. The findings guide educational practitioners and policymakers
in using institutional data to support evidence-based approaches for improving student outcomes.
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1. INTRODUCTION

The emergence of digital education systems, virtual learning environments, and enterprise data infrastructures has
resulted in a huge increase of student-based academic and behavioral data. This development has provided a strong
ground on the application of machine learning (ML) and educational data mining (EDM) methods to analyze, assess,
and predict student academic performance. By predicting student performances, one of the babies in this domain,
researchers aim to use it for improving academic support systems, offering early treatment to students and making
accurate decisions in education [7, 21].
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If students earn poor marks, the classical assessment practices provide very limited information to educational
institutions of their academic failure that is necessary, and therefore they must wait for these circumstances to oc-
cur, not knowing how to predict in advance when such conditions will occur which has made prediction of student
performance interesting. In reality, the window of opportunity to take action is small, and far too often students
(particularly in first year) only get flagged as unprepared post-midterm or final assessment. This means that machine
learning advances predictive models built from early (academic and behavioral) indicators (for example, attendance,
study habits & coursework performance), enabling substantially earlier intervention via identification of those at risk
[22]. This prediction capacity is in particular demand at this point in time 21st century Education with colleges and
universities clamoring for something intelligentsia that could possibly enable them to provide a more individualized
learning environment, improved academic advising and student retention with students who are showing signs of being
a dropout.

According to this recent review of literature, ML based student performance prediction is a growing field of research
in the context of higher education and at school level as indicated by the upsurge in published papers. As pointed out
in a review conducted in 2026 [7], machine learning and deep learning-based approaches became the main research
areas for predicting modern students’ performances; Explainability being reiterated at many levels while trying to build
practical, explainable models, however what is written below only few lines.... In parallel, an overview published in
Frontiers in Education of engineering education within or similar to four major fields of ML and predictive modeling
revealed the increase interest to use ML-based prediction aiming successfully boosting their respective studential
outcomes but also its much-needed reliability, transparency and generalizability [21]. The new studies confirm the
hypothesis that predicting future student performance is not only a subject of theoretical study, but practical tool
which can be used to help students achieve better educational outcomes.

There are different types of machine learning algorithms available and they have been used in this field. Previous
studies such as [13, 22] propose different algorithms for predicting academic success based on Decision Trees, K-
Nearest Neighbors (KNN), Random Forest and Gradient Boosting. Tree based methods are often more favored due
to interpretability and ability to better handle mixed-type edugational data. However, owing to being simple and
intuitive via how it makes instance-based predictions, KNN is still appealing, even though explained time-wise all
implementations have a runtime of O(n), which can be an issue for noisy or high dimensional datasets. Both Random
Forests and Gradient Boosting Methods have been consistently demonstrated to outperform other predictive methods
since they are able to identify non-linear relationships and interactions between numerous education related variables
[18].

Ridge Regression, ElasticNet and regularised regression provide some key benefits which are not only applicable to
structured educational data - but very useful. Example variables such as test scores from student performance data
are typically correlated predictors, and/or co-curricular participation measures or study behavior/time use related
variables. The Regularization is in such a condition paves help and to overfit predictions in shapes and helps you
generalize the model effectively. To counteract the high instability that coefficient estimates were subject to in ridge
regression it introduces an L2 penalty, ElasticNet however extends those options with both an L1 and L2 regulariza-
tion term [8, 23] enabling shrinkage as well as approximate factor selection. So it is that regularized linear models
continue to draw allure due to their combination of high predictive performance, light computational burden, and
interpretation/insights all while more complex or automated ML frameworks proliferate the landscape for educational
predictive studies.

Much of the perennial fretting about student low-hanging fruit is concerned with the publications of artifacts that
are the consequences of data leakage between training and test subsets. The most typical examples of these cases
in educational data would be final score or final grade which can be directly calculated based on other variables as
marks received in assignment, exam scores and overall assessment values. Such variables used unmethodically may
become a predictive model of the overall results, in such a way that it appears to be almost 100% fitted but they
learn not to discover patterns but instead deterministic formulas [25]. Numerous examples [7, 21] in the modern
educational analytics literature point to these concerns and the need for greater experimental robustness and more
realistic assessment environments. Therefore, designing models that account for data leakage has become essential for
obtaining reliable scientific results.
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The second significant challenge is the tradeoff between predictive performance and interpretability. The most
useful prediction model is not always the best one in applications where education is concerned. What is required
by institutions and their teachers are models which not only predict well but also offer readable explanations of
the factors which are most predictive of academic success, or risk thereof. With the numerous existing black-box
models, explainability can be a high-priority constraint on academic performance prediction systems that aim to aid
in institutional decision-making and intervention strategies as already introduced by the authors of [2]. This is essential
in actual education contexts where black-box type versions are not as helpful and implementable as transparent models.

Moreover, the issue of class imbalance has gained more and more attention in the sphere of student performance
prediction over the last few years. This can frequently cause educational datasets to be biased in terms of the type
of classes (grade categories or pass/fail status) that they represent, causing models trained on such datasets to make
unfair predictions. Indicatively, a total class imbalance study on Discover Computing 2025 determined that such
altering of the balance to predict massive changes in the event of student performance should never be overlooked at
any current level when comparing the ML algorithms [5]. In grade prediction tasks, especially those that are framed
as multi-class classification problems, socially disadvantaged groups (e.g., low/high-performing students) tend to be
underrepresented in real education datasets [24].

Based on these issues, in this work we conduct a comparative machine learning analysis to forecast the academic
performance of students based on real world educational dataset. We examine six based on three representative
machine learning inferences, ElasticNet, Ridge Regression, Gradient Boosting and Random Forest, KNN and Decision
Tree. We selected these models since each of them is a member of a different methodological family: regularized
linear, ensemble learners, instance-based learning and rule-based tree respectively. Current research is geared towards
maximized performance, often at the cost of methodological rigor, in favor of a one-size-fits-all effectiveness. While
these modelling attempts appear to be genuine in their potential applications, experimentally they resemble Chema’s
model in all non-overlapping hyper-evaluations compared to controls and in terms of inter-entropy leakage.

We apply standard regression measures: Mean Absolute Error (MAE), Root Means Squared Error (RMSE) and
coefficient of determination R 2; and cross-validation to estimate the stability of generalization. We also conduct
exploratory visual analysis to examine the distribution of and the discriminative power of important variables of
academic behavior. The propose Framework permit the research to obtain ideal predictive model yet also permits
interpretation in the form of a general association perspective among the features of students and their academic
results.

This research has a contribution in three ways. First, it provides a comparison of six popular machine learning
models with same student performance prediction dataset in a fair and leakage-respectful manner. Second, it focuses
on the application of traditional regularized regression models that are likely to be under-utilized yet are natural fits
to this structured educational data. Third, it brings up the fact that academic prediction is more of an intelligent
feature design and good techniques than a search of area under the curve. Outcomes can be used to predict student
performance more accurately and to open a new chapter in the modern research of educational analytics.

2. RELATED WORK

Prediction of academic performance among students is also a major research area in educational data mining and
learning analytics as it is predictive in nature where early intervention can be made to come up with effective teaching
methods that can lead to academic decision making. In this respect, the landscape has shifted to pure statistical
methods to machine learning based predictive models that have taken into consideration the multi-dimensional na-
ture of modeling relations among academic explanatory and behavioral predictors with contextual variables [14, 15].
Subsequent studies have evaluated not just predictive accuracy, but also other dimensions, such as robustness, inter-
pretability of the models, and the extent to which models are applicable in real-world education context [3], [24].

High profile research observations were mostly explored using systematic and comparative approaches [4, 9, 11]. In
this case, supervised approaches outperform unsupervised ones [3] (also in structured data sets that record academic
performance and behavioral features, among others). This shows that predictive models rely far more on the quality of
preprocessing, feature engineering and target variable definition than on model complexity. The moral of the story for
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educational datasets is that certain features naturally relate to or are derived from the target variable and uncontrolled
it would give biased and inflated results [11, 24].

In addition, literature is moving away from binary predictive classification towards regression predictions. Prediction
on continuous scale can give a more in-depth and finer understanding of students’ academic performance and preserve
diversity of their outcome so that accurate evaluation metrics (Mean Absolute Error [MAE], Root Mean Square Error
[RMSE], coefficient of determination R2 [3, 24]) may be applied to it. This is espcially useful at school, when students
are on a spectrum and may not be able to run full-degree codes.

And there is a lot of recent work that focuses on how to choose variables as well as whether they are relevant for
prediction. In fact, it has been reported extensively that not all features of educational context contribute equally to the
predictive power of models and removing redundant/opportunistic features can significantly improve the replicability
and interpretability of these kinds of models [4, 9, 11, 12]. Domain metrics like assignment scores [12], midterm scores
[11] and context factors such as parental education or supplementary task assistance generally are the highest predictor
of student outcomes. This affirms that the physiological and behavioral attributes are critical in creating accurate
predictive models.

Also in the literature, there is a great concern on how to control for leakage from data when predicting trends
of student performance. That could be something like cumulative points, results from the final exam etc. that are
indirectly/ directly related to an outcome variable. Disregarding such variables ex-ante (in a precaution way) can
well lead to false perceptions of the models performance or robustness and loss of both credibility and generalizability
[9, 11, 22]. Based on these arguments, recent work has advocated for leakage-aware feature selection and more realistic
experimental design that reflect predictive performance sufficient to assess generalization capacity.

The other, yet not less significant line of research is between simple interpretable models vs. complex ML methods.
Although advanced modeling techniques, including ensemble methods, boosting algorithms, and deep neural networks
have proven to have high out-of-distribution predictive power in various contexts [11, 22, 24], recent studies were
developed with respect to structured educational datasets and showed that simple models can still be very competitive
in terms of prediction performance [1, 4, 9, 10, 12, 20, 23]. Linear models that are regularized can work well, especially
when some degree of partial linearity and stability exists between variables. We are all aware that scaling the model
size up will not yield results and we have a need to select models that are compatible with underlying data structure.

Lastly, predicting student performance, explainable artificial intelligence (XAI) is a comparatively new phenomenon.
This has led to explainability being a crucial requirement because heuristics of the features that contribute to a student
passing or failing are also needed alongside predictions to the educational stakeholders. Thus, the studies in this field
have shown that (1) interpretable models facilitate transparency [9] and support training interventions [12], and (2)
make users more trustful of predictive systems [1, 10]. A more comprehensive need to integrate machine learning and
conventional decision support systems in the educational sector is one of those shifts.

Moreover, the most recent research has also addressed on optimized ensemble methods and hybrid systems with the
aim of improving the predictive accuracy. The abovementioned boosting algorithms, metaheuristic optimization and
model stacking techniques have improved performance by modeling the nonlinear structures and feature interactions
[1]. This kind of methods are not straightforward to be applied in educational settings where transparency and
simplicity counts because they have relatively high computational complexity and low interpretability as well.

Model family is still a prominent comparative feature of recent literature. It has been claimed over and over that
there is no unique machine learning model that can outperform all the others on every dataset, under every context
[16, 17, 19, 20]. In fact, the model performance usually does not depend on the model but rather it depends on dataset
size, feature composition and relation between Input variable and output. The redundancy of this finding highlighted
the necessity for cross-compare studies with distinct models in uniform experimental paradigms.

This area continues to make considerable progress; however, many challenges remain. Recent reviews identify lack
of diversity in the datasets, lack of widespread evaluation protocols and inadequate attention to model generalizability
and interpretability [16, 19]. Additionally, the majority of studies focus on improving predictive accuracy of their
model while giving little thought to how results can be interpreted for educators on the ground.

This is complemented with the recent work that incorporates wider aspects of student behavior including motivation,
engagement and interaction patterns into predictive modeling [17]. This integration helps build a broader theory of
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student success by examining the same phenomenon through cognitive and behavioral pathways. These holds promise
but necessarily requires more intricate data collection and process modeling techniques; however.

3. DATA AND METHODOLOGY

3.1. Dataset description. The dataset used in this work has been taken from Kaggle and is called the Student
Performance Analytics Dataset. It includes organized records describing students’ academic behavior and performance-
related attributes. Dataset Variables The dataset used for testing the models in this paper comprises of quantitative
as well as categorical data, representing student learning behavior, academic engagement and achievement [6].

The original dataset contains the following major variables:

student_id

gender
study_hours_per_day
attendance_percentage
assignment_score
midterm_score
final_exam_score
participation_score
internet_access
extra_classes
parent_education
sleep_hours
overall_score

grade

This dataset is used for both regression as well as classification problems. But here, the focus is on the regression-
based prediction of overall student academic score since this offers a more continuous and interpretable measure of
academic achievement [6].

Figure 1 shows the distribution behavior of main academic and behavioral variables based on student grade category
(A, B, C D; F). The figure provided a descriptive overview of predictor variables as observations with respect to various
levels of student’s achievement on all inputs, quantifying not only when features it was more likely to be observed but
also led us to leverage which is a stronger variable on students’ performance.

With the exception of a few differences between only A and F groups, study_hours_per_day appears to be relatively
similar amongst each group then range from A. F with considerable overlap. It is apparent by way of the distributional
analysis that there exists a higher percentage of students in ‘A’, ‘B’ and even mid-tier grades with moderate-to-high
concentrations for study hour time ranges, but there definitely still exists wide overlap across lower ranges which
indicates overall total duration-time does not exclusively correlate to academic performance. This means study time
is sort of relevant, but not necessarily a very strong predictor of final performance by itself.

Attendance percentage, however, has a clearer grade-dependent pattern. The classes A reside higher on the presence
scale, while D and F generally align at much lower presence bands. This shows attendance, and academic achievement
are positively correlated and hence a predictive feature of great interest.

The assignment score distribution shows the separation by scores, where grade A student’s cluster in higher ranges
and grade F is distributed lower on the scale. With Grades B, C, and D being intermediate variations of the two
extremes. This pattern indicates that assignment performance is the most discriminating academic variable in historical
data and add probably contribute significantly to prediction.

You can observe a similar trend for midterm score where high grade students are grouped around higher score
values while lower grade students are aggregated around small value ends. The distributions suggest a sort of academic
hierarchy in favor of progress, as there is a pretty remarkable move from low-performers to higher ones. This highlights
the importance of midterm results as a real predictor of overall student outcomes.

Of all the attributes shown in the figure, perhaps one of the best separations occurs for the final exam score. There
is obvious over-concentration of students with grade A on the high end of score range and students with grade F
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FIGURE 1. Distribution of student performance features by grade.

at/near low end of distribution. Intermediate grades show a gradual slippage between the extremes. This indicates
that motivation for final exams is tightly correlated with overall academic performance, and perhaps the greatest
contributory variable to forming student grades.

Joining conference shows linear uptrend with academic performance, similarly participation score are positively
correlated with academic performance. This implies that higher-grade students of have high participation levels,
whereas lower-grade students are grouped to the more low-levels of participation. That mirrors active engagement in
academic work and merits future exploration.

Unlike academic variables, the sleep hours variable behaves quite differently. Distributions are very similar across
grade categories, with considerable overlap and almost no separation of performance groups. This implies that a direct
effect of sleep duration on academic outcomes may be weak in this data set, or that the impact of sleep duration is
more indirect and less dominating than core academic indicators.

Finally, the distribution of overall score summarizes academic stratification across grade groups clearly. The plot
shows clean ordering on grades, where A cluster in the highest score region followed by B, C then D and finally F.
This yet guarantees that also the rating schema in the database is uniform and therefore the target variable represents
a sensible development trajectory of learning.

Boxplots reflecting grouping of basic academic and the behavioral variables by student grade categories are presented
in Figure 2. Unlike the histogram-based representation in Figure 1, this method emphasizes median and interquartile
range analysis and distribution, providing a more explicit examination of exactly how much variation there is between
elements over groups of student performance.

Examining the boxplot of study_hours_per_day, we see that median remains fairly constant across grades between
A, B and C, D, and the overall spread is also somewhat equitable across groups; at least by time studying alone
students are not easy to separate high- from low-performing. From few observations It looks like the central tendency
of F group is slightly lower than ¢ group but their overlap is big. For single, that suggested study duration is relevant
and low discriminating features.
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Here’s a much more even run relationship amongst the legs of bxp for attendance percentage Thus, for e.g. the A
group are highest median attendance and attendance decreases from there through grades B, C, D and F; but lower
performing groups have slightly more variability so worse students are more variable too. Due to this modeling trend,
the assumed high attendance-to-academic outcome correlation is confirmed so that good attendance can be used as a
predictor.

The assignment-score panel in Figure 2 shows the cleanness of separation on a grade basis of all koalas’ inroad here.
Grade A students, unsurprisingly, are scoring the highest median assignment score; however, there is a relatively little
spread here - suggesting that not only are their assignment performance great, but also consistent. Here you can see
the median dividing B, C, D and F with academic gradient. This suggests that with respect to academic success,
performance on the assignment is a primary determinant in this dataset.

And there is a parallel if less pronounced story for midterm score, the medians monotonically drop from A to F, and
not only do more successful students have better central values they are also much more tightly clustered against their
score ranges vs less successful groups vast variance and outlier behavior. This indicates that midterm performance is
not just predictive of students succeeding, it is a measure of their academic consistency.

The variable final_exam_score shows the most separation across academic variables in a boxplot. As a trivial
example, students with grade A have relatively high median final exam score but are distributed tightly around that
median whereas there is a lot of variances among students with grade F and they tend to be clustered towards the
bottom end of the available score range. B, C and D only fall into increasingly lower ranks, making a closely-knit
series of academic stratification. This is indeed the case because this attests to the fact that academic performance at
final exam level is highly correlated with whether a student passes or fails (indicating that it likely accounts for much
of our model’s predictive power.

Again, this shows us that the distribution of participation_score is clear with a descending pattern as you move from
above average performing low doers. There is more median participation in grade A students and a higher presence
of a broad range of latent factors influencing their inclusion. This opens up a wide avenue for improving the accuracy
of predictions of academic performance, especially given the established positive correlation between class attendance
and section performance, and at least one active-activity feature that is not fully captured by mark-related variables.

It looks like the boxplot of sleep hours show roughly equal median and spread for all grade groups with a non-
monotonic trend. All these groups differ slightly but have significant overlap. This indicates that sleep length is not
a particularly strong direct differentiator of performance in this context, and likely less so than the central academic
metrics.

Finally, the boxplot of overall score certainly lays-out the academic structure in this dataset. A median score A for
the those at the top of a scale and then decreasing (B, C, D and F) with no overlap between groups. This affirms that
the consolidated aggregate closely corresponds with our score structure, and indicates consistent academic hierarchy
within our dataset for predictive modeling.

3.2. Data Preprocessing. This transformation of the raw student dataset in a format compatible with machine
learning modeling involves various steps.feature extraction & selection Following collection of the dataset, we checked
and explored it for what types of variables were present and if there was any missing information in the records.
The only one thing we knew was that, it would not be able to help in prediction so we found (not informative) non-
informative and removed the attribute as follows. For categorical variables like gender, internet access, extra classes
and parental education a label encoding was used Before the analysis, the dataset was checked for missing values or
inconsistent values in order to ensure data quality.

This makes it a regression task, as the target variable is continuous overall_score. The inclusion of features like grade
and final_exam_score was avoided in the ultimate predictive meta-structure to both avoid data leakage as well as overly
optimistic predictions on the performance of a model. This is followed by constructing a Feature Set that represents
both academic and behavioral attributes based on auxiliary data such as family background, past performances of
similar citizens (generalizations) and other behavioral traces — all very informative, yet not directly about the target.

As the numerical features could be of varying scales, Z-score normalization was done to all the numerical features
in order to ensure that each variable has an equal contribution during model training. It is especially significant to
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FIGURE 2. Boxplot-based comparison of academic and behavioral features across student grade cat-
egories.

models that are sensitive to the size of features e.g. KNN and regularized regression methods. This was an exploratory
analysis and machine learning models using this cleaned data.

Figure 3 is the overall methodology workflow of the present research to predict student academic performance with
the help of ML algorithms. The initial step would be, therefore, to take a data set that is publicly accessible; in this
instance, I will scrape data on student performance on Kaggle. Next is the data understanding phase that provides
the overview of what this dataset; is and on the basis of such analysis extracts features types and target variable out
of the dataset to give a suitable format to model.

This is passed to the data preparation layer of the data preparation phase. This involves operations like dropping
the unused features (e.g. the filler with identification of identity data), encoding categorical variables to be in numerical
form, consistent and relatively addressing missing values or outliers, normalizing continuous features and so on. This
guarantees that the data is not noisy and it is normalized - machine learning algorithms.

The second step in mastering your data is Exploratory Data Analysis (EDA), which studies data statistics properties
after preprocessing It would be a feature distribution analysis, visualization of boxplot, grade comparison and finally
an over analyzing pattern. Goal of EDA is to identify important relationships and trends in the data that are useful
for modelling and interpretation.

The dataset is then split based on 80% train (20% test) partition. The advantage being training the models on one
of the data and testing over unseen data that can give realistic measurable performance.

Six machine learning models have been utilized in this model development process ElasticNet Regression, Ridge
Regression, Gradient Boosting Regression, Random Forest Regression and K-Nearest Neighbors (KNN) Regression
and Decision Tree regression. With multiple predictive models to compare we can do an exploratory analysis of this
variance here in some detail.
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Then the models are trained and tested by which they learn from those patterns with training data and makes
predictions using that test data. Then the predicted outputs are estimated and compared to true labels using MAE
Root Mean Square Error RMSE as well Cross Validation score.

The next stage of the workflow is comparative analysis, which involves looking at each of the six models side by
side to see how they compare against one another. This is then followed by the stage of visualization where the results
are represented in graphical form i.e. the model comparison charts, error metric plots and distribution graphs.

Lastly, the process is completed by the end stage where the most effective model is determined and the findings are
discussed within the framework of predicting student academic performance.

The simplified workflow of the machine learning framework adopted in the current study to predict student academic
performance is illustrated in Figure 3. It starts with collecting the data where the Student Performance Dataset is
acquired at Kaggle as the primary source of data to analyze. This is then succeeded by the data understanding phase
where the variables, target variable, and type of features are analyzed to make sure that the dataset is appropriate to be
used in the predictive modeling. Data preprocessing follows, during which the dataset is standardized and cleaned and
then analyzed. This step is needed to make the raw data machine learning ready, i.e. to make it consistent, eliminate
unnecessary factors and enhance data quality. Upon the preprocessing, the framework proceeds to an exploratory
data analysis (EDA), where the data distributions and statistical tendencies are analyzed. This step assists in the
interpretation of the behaviour of academic and behavioural variables and the determination of significant trends
in the data. The dataset is split into training 80% and 20%. testing. This ensures that the models are trained
on a subset of the data and tested on unseen observations in a manner that the predictive power can be practically
assessed. We continue to the model development where we select 6 machine learning models and train them to identify
the relationship between input features (such as talent, education systems, etc.) and students’ performance. After
training, the models are tested to evaluate and compare their predictive performance. This step enables the selection
of the most correct and valid model among the tried models. Lastly, the framework will be terminated with the result
visualization and interpretation, whereby the best-performing model will be determined and graphically show the
results of the prediction. In general, the figure provides a concise and well-organized overview of the entire analytical
pipeline that was employed in the present study.

3.3. K-Nearest Neighbors. KNN is a non-parametric and instance-based learning algorithm, which does not make
any functional assumptions about the relationship between inputs and outputs.
For a given query point z, the prediction is computed as:

N 1
y(x):E Z Yi- (3.1)
i€ENg(z)
where

e Ni(z) is the set of the k nearest neighbors of z,
e distance is typically computed using Euclidean distance:

> (@a—ap)”.

i=1

d(xi,xj) = (32)

KNN is based on the premise that students who are similar will have similar performance. The KNN is however,
affected by the curse of dimensionality, where distance measures decrease as the number of features grows. Thus, its
effectiveness heavily depends on proper feature scaling and selection.

3.4. Decision Tree Regression. In Decision Tree Regression, the feature space is separated into non-overlapping
regions and each region is assigned a constant prediction. Let the feature space be partitioned into M regions
Ri,Rs, ..., Ry . The prediction is:

M
f@)=>" cm-I(x€Ry). (3.3)

(&)
ENE
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Flowchart of the Proposed Machine Learning Framework
for Student Academic Performance Prediction

—

Dataset Collection
(Student Performance Dataset from Kaggle)

Data Understanding
o Inspect variables, target, and feature types

1

Data Preprocessing
¢ Clean and standardize the dataset

Exploratory Data Analysis

 Analyze data distributions and inspect statitcal
patterns

Train-Test Split

(80% Training / 20% Testing)

Model Development
o Select and train six ML models

Model Evaluation
o Assess and compare model performance
Result Visualization & Interpretation
o Visualize results and identify best model

F1GURE 3. Simplified flowchart of the proposed machine learning framework for student academic
performance prediction.

where

® ¢, is the mean value of observations in region R,,,
o I(-) is the indicator function.

The tree is constructed by recursively selecting splits that minimize the mean squared error (MSE):

H.lian Z (yi — 1) + Z (i —52)°| (3.4)
b 171€R1(j,a) iEiERZ(jvS)
where
e j is the feature index
e s is the split threshold.

Decision Trees can be interpreted well as they give clear decision rules. They however, tend to overfit and increase
in variance particularly when the tree is deep.

3.5. Gradient boosting regression. Gradient Boosting is an additive ensemble-based model which builds up a
series of weak learners (usually decision trees) in a staged fashion. The successive models are trained to reduce the
residual errors of the preceding model.

(=)=
E)NE
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The model may be formulated as:

M
Fuy(z) = Ymhm(2), (3.5)

where

o h,,(z) is the m-th weak learner,
® 7, is the learning rate coefficient,
e M is the total number of boosting iterations.

At each iteration, the model minimizes a loss function L(y, F(x)) by fitting the new learner to the negative gradient:
[ OL(yi, F ()

Tim = — | — 27— | . (3.6)

OF (x;)

Gradient Boosting allows the recursive residual fitting of nonlinear relationships between student attributes and

academic success.

In predicting student performance, the relationship between variables like study hours, attendance and performance

in assignments is usually nonlinear. Gradient Boosting is appropriate to capture these interactions and consequently
it is among the most effective predictive methods of structured educational data.

3.6. Random Forest Regression. Random forest is a bagging-based ensemble method that builds numerous decision
trees and combines their Perception.
Let T’ denote the number of trees. The prediction is given by:

T
i) = 5 3 fil) (37)

where f:(x) represents the prediction of the ¢-th decision tree.
Each tree is trained using:

e a bootstrap sample of the dataset,
e a random subset of features at each split.

This randomness reduces correlation among trees and improves generalization.
Random Forest approximates the expected prediction:

BIf@)] = 5 3 file). (35)

In educational datasets, Random Forest is highly effective because it can:

e capture nonlinear relationships,
e handle mixed feature types,

model interactions among academic and behavioral variables.
3.7. ElasticNet Regression. ElasticNet: A regularized linear regression model that combines the L1 (Lasso) and

L2 (Ridge) penalty to enhance data generalization and work with multi-collinearity data.
This leads us to the following optimization problem:

~ ) 1 <& 9
p = arg i <n > (i —aTB)" + M8l + Azmné) : (3.9)
i=1
where
e 3 € RP represents the regression coefficients,
o 18Il =225_ 18;l-
o 1815 =22%_, B7.
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e )\, Ay > 0 are regularization parameters.

ElasticNet can also be expressed in a unified form using a mixing parameter a:

A (eIl + (1= a)lIBl3) - (3.10)

That is, this combination of two penalty terms allows for both selection (L1) and stabilization (L2) of coefficients
in ElasticNet.

When predicting student performance features such as academic scores, attendance and participation can be cor-
related, and so ordinary least squares can produce estimates with high variance. ElasticNet prevents this problem by
shrinking coefficients and eliminating less important predictors which makes it better for generalization and interpre-
tation.

3.8. Ridge Regression. Ridge Regression is a special case of regularized linear regression which uses only the L2
penalty. The goal is to reduce the number of squares left and the size of the coefficients.
The objective function:

B: arg min Z (yz — x?ﬂ)Q + )\Ep: ﬁ? . (3.11)
B i=1 i=1
The solution can be expressed analytically as:
B=(XTX + )" X7y, (3.12)
where

e X is the feature matrix,
e [ is the identity matrix,
e ) controls the amount of shrinkage.

Ridge Regression reduces their magnitudes; this is useful when all or most of the predictors are significant to the
response variable.

This regularization technique lets you distribute the effects among correlated predictors instead of giving too much
weight to only a few predictors (i.e. ridge regression can come in handy for education datasets). This accordingly
birthing stable prediction and avoiding overfitting to a not very complex dataset.

4. RESULTS

Table 1 compares the six regression models using Mean Absolute Error (MAE), Root Mean Square Error (RMSE),
the coefficient of determination (R?), and the cross-validation score. These metrics measure prediction accuracy, error
magnitude, and generalization.

The overall performance of the Ridge Regression is the best, which corresponds to minimum MAE (4.05), minimum
RMSE (5.21), maximum R? (value0.75) and cross validation score (0.74) among all model types. This means that
from this dataset Ridge Regression is the most accurate model who makes not sensitive prediction of student academic
achievement. Because it deals with the multicollinearity across predictors and it provides stable coefficient estimates
Ridge Regression usually does well.

ElasticNet Regression came out also with nearly identical results of Ridge Regression with very comparable pre-
dictive power when it comes to prediction performance. It obtained an R2 of 0.74 and just slightly worse error values
than Ridge, making this one more time very efficient for this prediction task. Since ElasticNet has both L1 and L2
Regularization, it can provide a trade-off of the two: feature selection (through L1) and coefficient stability (through
L2).

Random Forest Regression and Gradient Boosting Regression performed decently among the nonlinear ensemble
models. Regularized linear models however performed better in terms of R?, with the best Random Forest reaching
an R? = 0.70 and Gradient Boosting 0.69 but had a higher error value. Therefore, while these models are inherently
able to model non-linear relationships, on this dataset they did not exceed the performance of the simpler regularized
approaches.

(=)=
E)NE
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TABLE 1. Regression performance of the machine learning models.

Model MAE RMSE R? Cross-validation score
ElasticNet 4.12 5.28 0.74 0.72
Ridge Regression 4.05 521  0.75 0.74
Gradient Boosting Regression  4.56 5.89  0.69 0.67
Random Forest Regression 4.48 5.76  0.70 0.68
KNN Regression 5.21 6.47  0.62 0.60
Decision Tree Regression 5.48 6.88  0.57 0.55

TABLE 2. Descriptive statistics of the main numerical variables.

Variable Mean Std. dev. Minimum Maximum
Study hours per day 5.52 2.60 1.0 10.0
Attendance percentage 70.84 17.35 40.0 100.0
Assignment score 64.12 20.78 30.0 100.0
Midterm score 61.47 21.94 25.0 100.0
Final exam score 63.08 22.15 30.0 100.0
Participation score 54.61 26.48 10.0 100.0
Sleep hours 6.49 1.42 4.0 9.0
Overall score 62.75 14.11 33.0 97.0

The other techniques we chose like KNN Regression and Decision Tree Regression were incapable of performing
well against others. KNN was give R? of 0.62 and Decision Tree the worst performance with R? of 0.57 including the
highest MAE and RMSE score. These results also suggest lower generalizability of these models and make them less
appropriate to predict student academic performance in this setting.

The summary of the most relevant academic and behavioral features (including the mean, SD, min, and max) is
shown in Table 2. Now coming to that study_hours_per-day variable which means 5.52 hours with standard deviation
2.60 so on average students do study enough number of hours per day but it also varies from person to person. This
implies a major difference in study behavior amongst students, which may pull academic performance in different
directions. The attendance_percentage column has a mean at 70.84% and fairly high standard deviation at 17.35
meaning different levels of attendance among population classroom students. This spread implies attendance in not
consistent within the dataset, and may be a leading differentiator when it comes to high performing students vs. low
performing students.

Figure 4 present the relative performance of six machine learning models in MAE, RMSE and R2. As it is noted,
ElasticNet and Ridge Regression have lowest error values and highest R? scores than any other models, which means
they have better predictive accuracy. In particular, Ridge Regression performs a bit better than ElasticNet, which
proves its high potential in working with structured scholarly data. Decision Tree and KNN, conversely, have higher
error values and lower R2scores, implying worse predictive abilities and worse generalization.

Figure 5 indicate the cross-validation R? scores of the six models, which gives an understanding of their ability
to generalize to various data splits. The findings show that ElasticNet and Ridge Regression have the highest cross-
validation scores, which show a high degree of stability and robustness. Gradient Boosting and Random Forest have
moderate performance, whereas KNN and Decision Tree have lower cross-validation scores, which denote a weaker
consistency and sensitivity to variations in data.

Figure 6 compares the prediction errors of MAE and RMSE of the six models. As shown in the figure, Ridge
Regression and ElasticNet give the smallest error values indicating that they are effective in reducing the deviations
in prediction. Random Forest and Gradient Boosting have a little higher error but they are also competitive. Decision
Tree on the other hand has the largest MAE and RMSE which means that it has low predictive accuracy and more
variability in predictions.

oG
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Comparison of Regression Model Performance
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FI1GURE 4. Comparison of regression model performance.

Cross-Validation Performance of Regression Models
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FIGURE 5. Cross-validation performance of the regression models.

Figure 7 illustrate how the evaluation metrics (MAE, RMSE, R2, and cross-validation R2) vary in the six machine
learning models. The plot of MAE and RMSE shows gradual rise in error values of ElasticNet and Ridge towards
Decision tree which implies a declining model accuracy. The R2 and cross-validation graphs, on the other hand, exhibit
a downward trend with the highest numbers recorded with ElasticNet and Ridge, and the lowest with Decision Tree.
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Error Comparison Across Regression Models
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Fi1cURE 6. Comparison of errors across the regression models.

Time-Series Style Plots of Regression Metrics Across Six Models
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5. CONCLUSION

This study presented a machine learning-based system of analyzing and predicting student academic achievements
based on a structured educational dataset. The study combined academic, behavioural and contextual variables, and
the aim of the study was to determine the predictive power of six machine learning models built using regression,
namely ElasticNet, Ridge Regression, Gradient Boosting Regression, Random Forest Regression, K-Nearest Neighbors
(KNN) Regression, and Decision Tree Regression. The findings indicated that machine learning tools could be useful
in availing meaningful information on the patterns of student performance and that they could be utilized successfully
to forecast academic performance.

It was found that the exploratory analysis indicated that the variables of attendance percentage, assignment score,
midterm score, final exam score, and participation score had the strongest relationship with academic achievement
compared to variables like study hours per day and sleep hours that had a relatively weak separation among grade
groups. These results show that academic involvement and classroom attendance have a stronger effect on the devel-
opment of student outcomes compared to lifestyle-related factors in the chosen data set.

The comparative modeling findings indicated that Ridge Regression had the highest predictive performance, then
ElasticNet Regression. These models were always recording lower error values and greater explanatory power than
the other alternative approaches testing. This is an indication that the association between the chosen predictors and
student academic performance is fairly organized and can be represented successfully with regularized linear models.
Models based on ensembles like Random Forest and Gradient Boosting also demonstrated a reasonable predictive
performance, although they did not do better than the best regularized models. On the other hand, KNN and
Decision Tree demonstrated weaker generalization performance and higher prediction errors.

The results presented in this paper prove that machine learning can be used as a useful analytical instrument in the
educational data mining, especially to identify performance-related trends and aid in the early forecasting of student
performance. These forecasting models can help educational institutions track the progress of students, determine
those who are at risk, and develop more specific intervention plans.

There are limitations to this study despite the contributions that it has made. The study was performed with
the use of only one Kaggle dataset that might be insufficient to reflect the complexity of the educational systems
in reality. Moreover, certain data in the dataset can also be simplified academic structures relative to institutional
student records. Thus, the proposed framework must be confirmed with bigger and more varied educational data sets
in the future, longitudinal and institution-specific data.

This work can also be further extended in the future by using hybrid machine learning models, feature importance
analysis, deep learning methods, and classification-based academic risk prediction. Moreover, considering social,
psychological and socioeconomic factors may give a more complex picture of the factors affecting student performance.
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