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Abstract: In recent years, the application of machine learning in education has gained significant attention for its potential to uncover
hidden patterns and improve student learning outcomes. This study employs a hybrid unsupervised-supervised machine learning
approach to achieve two primary objectives: first, to uncover hidden learning profiles of Cambodian high school students, and second,
to identify and validate the most significant factors contributing to their mathematics achievement. Using a dataset of 7,188 students,
a two-phase analytical pipeline integrating unsupervised and supervised learning was developed. In the first phase, k-modes and k-
prototypes clustering were applied with multiple internal validation and stability metrics to analyze latent student profiles. This
exploratory phase informed a the second phase using CatBoost, Decision Tree, and Random Forest classifiers, with feature
significance determined through a consensus of Mean Decrease in Impurity (MDI), Permutation Feature Importance (PFI), and
Recursive Feature Elimination (RFE) metrics. Results indicate that k-prototypes produced a superior two-cluster solution (stability
score: 0.9941) compared to k-modes (0.1181), segmenting students primarily by math anxiety, grade level. Supervised modeling
identified previous semester math achievement, anxiety, and grade level as the most stable predictive features, with the core feature
set achieving a cross-validation accuracy of 0.7068. The integrated analytical framework successfully translated computational
metrics into actionable educational insights, providing a validated, data-driven foundation for targeted intervention strategies to
support mathematics learning in Cambodian high schools.
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1. INTRODUCTION

1.1. Research background

In Cambodia, the focus on STEM education has spanned
for a decade [1]; however, students’ interest and academic
performance in these subject areas are not satisfactory [2].
According to [3], for example, despite the high demand for
human resources in science and engineering subjects,
students’ enrollment in these subjects is limited. At the high
school level, students’ enrollment has declined and many
more students have shifted from the pure science to the social
science track [4]. Various factors contribute either directly or

1Corresponding author: Tong Ly
E-mail: lytongvps2024@gmail.com

indirectly to students’ learning performance in general [5].
These factors stem from students’ mental and psychological
well-being [6–7], gender, the amount of time the students
spend studying learning materials, and students’ prior
academic performance [8]. Self efficacy in technology,
knowledge sharing, social outcome and their enjoyment in
learning etc. have been found among those major factors [5].
Extra-curricular activities, students’ hobbies and their
behaviors have also been identified as significant factors. In
the age of technology, students’ engagement with digital
devices is another critical aspect found to have affected
students’ learning in general [5, 9–11].
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In Cambodia, issues surrounding mathematics education
have been widely discussed; however, those inferences touch
only on a general overview and often rely on personal
conjectures or speculative perceptions rather than empirical
data. This study addresses this gap by focusing on educational
data mining in mathematics education to establish concrete,
evidence-based student profiles. Specifically, the research
aims to investigate features characterizing students with
different performance levels—for example at-risk/poor,
satisfactory and high-performing groups. By applying both
unsupervised and supervised machine learning techniques,
the study investigates the distinct patterns and features
associated with students having different mathematics
achievement levels. This student profiling study offers a
framework for educators to comprehensively understand their
students, which can guide pedagogy and future policy
decisions within Cambodian secondary school systems.

1.2. Research problem

Determining factors contributing to students’ learning in
mathematics has attracted attention among educators and
researchers across the globe; however, those existing research
in Cambodia remains constrained both methodologically and
in the aspect of the students’ attributes. Few studies, for
example [12–13], explored these issues with a small range of
factors, yet these studies utilized simple statistical methods
such as t-test, anova or from qualitative approach, limiting
their capacity to uncover the patterns or complex multivariate
relationships. Methodologically, there exist several studies
that have explored these issues using machine learning and
deep learning methods, especially in predicting the students’
learning in mathematics [14–19]. These studies showed
promising results in prediction, but none provided concrete
empirical findings on the profiles characterizing students in
different performance groups. Consequently, the field lacks
an approach that uncovers robust student groupings and
identifies their key learning drivers.

In Cambodia, the application of advanced predictive
methods—such as multiple linear regression, path modeling,
structural equation modeling (SEM), or machine learning and
deep learning techniques in educational data mining (EDM)
is a challenging task, especially among educators and
researchers with limited knowledge and skills in mathematics,
statistics or machine learning. To bridge this gap, the present
study proposes an explainable hybrid pipeline for student
profiling. The framework first uncovers students’ learning
profiles through two unsupervised clustering techniques:
k‑modes and k‑prototypes with multi‑metric cluster
validation. It then identifies the most important predictors of
the students’ mathematics achievement using explainable
base and ensemble supervised models integrated with
model‑agnostic feature importance. This dual‑phase design
not only addresses the local methodological gap—where
analyses have been restricted to t‑tests and ANOVA [12–

13]—but also tackles the student profiling task which has
received limited attention in the previous studies [14–19]. By
integrating the rigorous clustering techniques and explainable
AI, the study thereby delivers both methodological
advancement and actionable insights for Cambodian
mathematics education.

1.3. Research objectives

Utilizing the power of machine learning approaches, this
study has the following two objectives:

 To explore the hidden learning profiles, in the context of
mathematics learning, of Cambodian high school
students using unsupervised machine learning
techniques.

 To identify and validate the significant factors
contributing to high school students’ mathematics
achievement using supervised learning models
combined with model-agnostic feature importance
techniques.

1.4. Significance of the study

This study provides significant contributions in both
methodological and practical aspects by developing an
explainable and interpretable, data-driven framework that
integrates unsupervised clustering and supervised machine
learning techniques to understand the features contributing to
students’ learning in mathematics. Methodologically, the
hybrid pipeline moves beyond the black‑box prediction or
classification tasks by thoroughly validating student profiles
through clustering techniques with k‑modes and k‑prototypes
and identifying their key drivers using model‑agnostic,
explainable AI. Practically, the proposed study framework
translates complex multivariate relationships into clear,
actionable student profiles, providing teachers and educators
with an evidence-based tool for targeting low-performing
learners and at-risk students. These evidence-based findings
help them with early intervention and strategic educational
decision-making to improve the students’ mathematics
learning and beyond.

2. LITERATURE REVIEW

In the educational landscape, the practice of data science
methods as well as Artificial Intelligence (AI) to understand
related educational issues has become a transformative
approach to enhancing academic outcomes [20]. The
application of these advanced techniques has also become
increasingly prominent when the volume of educational data
is getting larger, and when the objectives of the study involve
more complex data structures. In education, the utilization of
data science ranges from predicting students’ learning,
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identification of at-risk students, identifying features
contributing to the students’ learning as well as developing
intelligent systems with actionable AI and recommendation
frameworks.

The educational data mining (EDM) community has
increasingly employed machine learning to uncover complex
patterns in student learning, moving beyond traditional
statistical methods [21–22]. However, two parallel strands of
research—unsupervised profiling of student subgroups and
supervised prediction of achievement—have largely
developed in isolation, with significant methodological
limitations that the present study explicitly addresses.

2.1. Statistical methods in educational data mining

In educational data mining (EDM), statistical methods
have been extensively used and have become an effective
foundation for studying educational issues. Descriptive
statistical techniques such as data visualization and numerical
measures, as well as inferential techniques such as t-tests,
ANOVA, chi-square, correlation, and regression have been
used to study relationships or the effects of related factors
surrounding students’ learning [12, 22–24]. These
foundational approaches are essential for initial data
exploration and hypothesis testing, allowing researchers to
identify significant patterns in areas like academic
performance and engagement. Advanced statistical methods,
such as multiple linear regression, path modeling and
structural equation modeling (SEM), etc., provide superior
advantages in studying latent variables and detecting
underlying relationships in educational data [25–26].

2.2. Machine learning in educational data mining

With the increase in data volume and the emergence of
machine learning, the application of machine learning models
has evolved significantly. Models such as K-Nearest
Neighbors (KNN), Naive Bayes (NB), and decision trees have
become popular tools. Additionally, ensemble methods, such
as random forest and XGBoost, possess superior ability and
provide insight into feature importance [15–19, 27–30].
Decision trees, for example, provide intuitive if-then rules but
are prone to overfitting. Random forest [31], on the other
hand, mitigates this issue by aggregating many trees and
delivers superior performance. Advanced boosting
algorithms, such as CatBoost [32], handle categorical features
more effectively through ordered target statistics and
symmetric tree structures.

Tree-based machine learning algorithms provide robust
explainability through model-based characteristics, integrated
post-hoc techniques, and feature elimination workflows. They
utilize built-in metrics like Mean Decrease in Impurity (MDI)
feature importance [31], alongside external frameworks like
Permutation Feature Importance (PFI) [33]. For local and
global explainability, metrics such as Local Interpretable

Model-agnostic Explanations (LIME) [34] and SHapley
Additive exPlanations (SHAP) [35] are becoming very
popular in EDM. While MDI suffers from high-cardinality
bias and inconsistency, PFI and SHAP address these
limitations; specifically, SHAP isolates each feature's
marginal contribution across all combinations to handle
correlated predictors [36]. Furthermore, these metrics are
frequently paired with iterative wrapper methods like
Recursive Feature Elimination (RFE) [37] to systematically
prune redundant variables and optimize model parsimony.

In addition, to identify latent student profiles from survey
data without labeling, unsupervised learning techniques are
becoming comparatively important [22, 38]. Algorithms such
as k-means, k-modes, hierarchical clustering, PCA, and t-
SNE [38–40], group students based on survey responses and
behavioral data. For example, k-means groups students by
minimizing within-cluster variance using Euclidean distance
[29] in numerical data. Conversely, k-modes is used to handle
non-numeric attributes by measuring dissimilarity based on
simple matching coefficients using modes [41]. To address
mixed-type datasets, k-prototypes combines these approaches
by leveraging a weighted sum of Euclidean distances for
numerical features and matching coefficients for categorical
variables [29]. Furthermore, advanced methods that
incorporate dimensionality reduction techniques—such as
Principal Component Analysis (PCA) for continuous
variables, Multiple Correspondence Analysis (MCA) for
categorical variables, and Factor Analysis of Mixed Data
(FAMD) for mixed-type datasets—compress high-
dimensional student attributes into a lower-dimensional
subspace before applying clustering techniques.

3. METHODOLOGY

3.1. Research processes

The overall research design and operational steps
employed in this study are systematically outlined in the
researcg flowchart presented in Fig 1 below.
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Fig 1: The overall research processes

The overall workflow outlined in Figure 1 is structured
into three primary phases:
- Data preparation: Data was collected using a structured

survey method and processed using Exploratory Data
Analysis (EDA) to detect outliers, address missing values
through imputation, and understand feature distributions.

- Unsupervised profiling: Unsupervised clustering
algorithms were applied to establish the optimal cluster
count (k) and map out hidden, latent sub-profiles among
the student performance groups.

- Supervised verification: Supervised learning algorithms
were applied to detect significant features contributing to
the students’ math achievement as well as to validate the
key variables driving the cluster formations.

3.2. Research dataset

The dataset consists of 7,188 samples and 13 variables,
with features comprising students’ general information, math
learning characteristics, and math anxiety. The target variable
is math score, recorded on a total scores of 100, 125 and 150
depending on grade level. For uniform measurement, the
score was normalized using a proportional method in which
the decimal value multiplied by 100 was taken as the raw
score. The general characteristics of these varables are
presented in Table 1 below:

Table 1. Measurement scales of each feature in the dataset

Attribute Attribute Type

Features

Age Scale
Gender Nominal
Grade Nominal
School location Nominal
Type of school Nominal
Extra-paid math (last year) Binary

Extra-paid math (this year) Binary
Previous Sememster Score Nominal
Member good at math Binary
Class attendance Ordinal
Math self-learning
time/week Ordinal

Math Anxiety Scale
Target Math Score Scale

3.3. Proposed models in the study

To achieve the two objectives, the unsupervised phase
employed k-modes and k-prototypes to explore hidden
learning profiles among Cambodian high school students,
while the supervised phase utilized CatBoost, decision tree,
and random forest—combined with model-agnostic feature
importance techniques—to identify and validate the
significant factors contributing to mathematics achievement,
as detailed in Table 2.

Table 2. Models used and metrics used in the study

Model and Methods Metrics
A. Unsupervised Models:

 K-Modes
 K-Prototypes

- Silhouette Score,
Davies-Bouldin
Index, Dunn
Index, Elbow
Method, Stability
Measures

B. Supervised Models (Classification):
 CatBoost
 Decision Tree
 Random Forest

- RFE, MDI and PFI, CV and
Stability analysis

- Accuracy, F1-
Score, Recall,
Precision

The unsupervised algorithms k-modes and k-prototypes
are specifically used to handle categorical and mixed data
respectively [29]. K-modes uses cluster centroids based on
modes—the most frequent values rather than the mean values
employed by k-means. Following [29], the technique applies
a simple mismatch-based dissimilarity measure:

𝑑(𝑋𝑖 ,𝑄௟) = ෍ 𝛿൫𝑥𝑖,௝ , 𝑞௟,௝൯ (𝐸𝑞𝑛 1)
௠

௝=1

where 𝛿(𝑝, 𝑞) = 0 if 𝑝 = 𝑞 and 𝛿(𝑝, 𝑞) = 1 if 𝑝 ≠ 𝑞.

A notable limitation of k-modes is its sensitivity to the
initial mode selection, which can cause local optima and
cluster instability across different initializations.

In contrast, the k-prototypes offers a hybrid approach
integrating k-means for numerical attributes and k-modes for
categorical attributes within a unified cost function [29]. The
algorithm integrates squared Euclidean distance for numerical



Ly et al./Techno-Science Research Journal V14 (Special Issue) (2026) 78-89

82

attributes and simple matching distance for categorical
attributes as shown in Eqn 2.

𝑑(𝑋𝑖 ,𝑄௟) = ෍ ൫𝑥𝑖,௝ − 𝑞௟,௝൯
2𝑝

௝=1
+ 𝛾෍ 𝛿൫𝑥𝑖,௝, 𝑞௟,௝൯ (𝐸𝑞𝑛 2)

௠

௝=1

where 𝛾 balances the influence of both attribute types.

K-prototypes can handles mixed-type data; however,
appropriate weighting of numerical and categorical attributes
remains challenging for optimal cluster quality.

For labelled data, especially predicting or classification
tasks, some tree-based models such as decision tree,
CatBoost, random forest, xgboost etc. were proven to provide
significant insights with feature importance for explanability.
CatBoost, for example, has superior power for categorical
features through ordered target statistics and symmetric tree
structures [32].

CatBoost is a gradient boosting technique using binary
decision trees (Eqn 3) as base predictors. The decision trees
algorithm divides the feature space ℛ௠ into several disjoint
regions (tree nodes) according to the values of some splitting
attributes 𝑎 = 1൛𝑥𝑘வ𝑡ൟ where the comparison of the splitting
attributes is against the threshold value 𝑡.

ℎ(𝑥) = ෍𝑏௝𝟏{𝑥∈ℛೕ}

௃

௝=1

(𝐸𝑞𝑛 3)

where ℛ௝ are disjoint regions corresponding to the leaves
of the tree.

The decision tree is a supervised model that recursively
splits data into homogeneous subsets based on the values of
different attributes (if-then-else rules) until a stopping
criterion is met. The result is a tree-like structure, where each
node represents a split or decision based on a specific attribute
[42]. Decision trees are sensitive to overfitting, resulting in
instability compared to ensemble methods. Random forest, on
the other hand, is an ensemble method capable of dealing with
the issues in decision trees. The model addresses the
overfitting issue through the construction of multiple decision
trees on random bootstrap samples of data and random feature
subsets, combining predictions through majority voting or
averaging to improve accuracy and control overfitting [31].

3.4. Metrics and feature importance

In clustering validation, different metrics have been used
to assess cluster quality and stability. These metrics evaluate
clustering results from complementary perspectives,
including compactness, separation, and reproducibility. The

2 The value Calinski-Harabasz >300 is generally accepted for general data
but not theorethically stated. The value may reach thousand or can be 200 for
high dimensional and complex data.

Silhouette Score, for example, measures how closely an
object or feature is connected relative to neighboring clusters
with higher value indicating well‑separated groupings [43].
The Davies–Bouldin Index evaluates the average similarity
between clusters normalized by within‑cluster compactness
with the lower values reflecting better separation among
clusters [44]. The Calinski–Harabasz Index [45] measures the
variance ratio comparing between‑cluster dispersion to
within‑cluster dispersion with larger values suggesting more
distinct clusters. The Dunn Index measures the balance of
inter‑cluster distance against intra‑cluster diameter, with
higher values indicating better balance [46]. Stability
Measures are metrics used to assess clustering consistency
across data variations or initializations, where higher value
indicates the greater reproducibility [47]. Cluster Balance
[43], also known as the coefficient of variation of cluster sizes
(CV) and the Separation Quality [48] are often used in the
silhouette‑based calculation. CV and Separation Quality
provide additional descriptive insights into the quality of the
separation based on the Silhouette Score.

Table 3. Metric and criteria for clustering comparison

Metrics Value Preferable value
Silhouette Score -1 to 1 1(perfect), 0(overlap)

and -1(misclassified)
Davies-Bouldin 0 to ∞ Closer to 0 (better)
Calinski-Harabasz 0 to ∞ Higer is better (>300)2

Dunn Index 0 to ∞ Higer is better (>0.7)3

Stability Score 0 to 1 Higer is better (>0.5)
Cluster Balance CV) 0 to ∞ Closer to 0 (more

balance cluster)
Separation Quality -1 to 1 Higher better

Note: These metrics are intended for comparison of K-modes and
K-prototypes for stable model in identifying the optimal ‘k’.

Tree‑based supervised learning models are valued for
their explainability through feature importance integration
[49]. These techniques assign scores to input features based
on their contribution to predictions (target), thus enhancing
the model interpretability, guiding feature selection, and
improving predictive performance of the models [31, 50].
These methods are broadly categorized as model‑specific
such as Gini importance in tree‑based models or coefficient
magnitudes in linear regression [51] or model‑agnostic, like
permutation importance, which shuffles the feature values to
assess the performance changes [37, 49, 52]. In addition,
Altmann et al. [33] demonstrated that permutation
importance outperforms Mean Decrease in Impurity (MDI) in
reliability. A more advanced technique, SHAP (SHapley
Additive exPlanations), works to quantify each feature’s
marginal contribution to individual predictions by
considering all possible feature combinations [35].  In this

3 The value Dunn Index >0.7 is commonly accepted but not theorethically
fixed. The value may vary depending on dimensions or complexity of the
data.
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case, SHAP values ensure fair distribution of the model’s
prediction outcomes, balance contributions among correlated
features, and provide local accuracy and consistency,
reflecting the model’s true behavior [35, 53].

3.5. Data preprocessing and exploration

Data preprocessing revealed 137 duplicates, with less
than 5% of missing values in each column. Duplications were
removed to ensure data integrity. Missing values for the
numerical variables, Anxiety and Score, were imputed using
median substitution due to non-normal distributions. Missing
values for categorical variables (<=0.1%) were removed due
to their minimal proportions. The attribute ‘SchType’ was
excluded due to sample proportion imbalance among the
different levels in the variable. The Variable ‘Age’ was
categorized into binary groups while ‘SelfLearnPerWeek’
was regrouped into two levels (“<3 hours” and “≥3 hours”).
The feature ‘Attendance’ was consolidated into three
categories (“Always”, “Often”, “Less Frequent”). A small
number of outliers were detected for the target variable
‘Score’, but they were retained because sensitivity analysis
showed negligible impact on model performance.

3.6. Model’s applications and experiments

The applications of the unsupervised and supervised
models were conducted sequentially to form an integrated
analytical pipeline. Initially, unsupervised models (K-Modes
and K-Prototypes) were utilized to explore the general
learning characteristics of students based on their
mathematics achievement scores. Subsequently, supervised
models (CatBoost, Decision Tree, and Random Forest) built
upon these foundational insights to identify and validate the
specific features that significantly contribute to academic
performance, thereby providing a complementary layer of
analytical depth. The execution of these proposed models was
structured according to the following experimental setup:

 Stage 1: Unsupervised clustering
First, student data were partitioned using K-Modes and K-
Prototypes algorithms. To optimize the clustering process,
the models were iteratively executed across a range of
cluster sizes to determine the optimal 𝑘value based on
diverse cluster evaluation metrics. Following this
evaluation, the more robust model was deployed with a
fixed cluster configuration (specifically, k-Prototypes
with 𝑘 = 2) to isolate and identify the distinct profiles
characterizing each student group, utilizing their math
performance as a baseline reference.

 Stage 2: Supervised classification
Following the unsupervised stage, explicit feature sets
were defined for experimental evaluation, and the
continuous target variable ('Score') was binarized into two

distinct groups (𝑘 = 2) using the overall mean score as the
classification threshold:

𝑆𝑐𝑜𝑟𝑒 𝐺𝑟𝑜𝑢𝑝 = ൜𝐺𝑟𝑜𝑢𝑝 1 (𝐻𝑖𝑔ℎ), if 𝑆𝑐𝑜𝑟𝑒 ≥ 76.85
𝐺𝑟𝑜𝑢𝑝 2 (𝐿𝑜𝑤), if 𝑆𝑐𝑜𝑟𝑒 < 76.85

The categorized dataset was subsequently partitioned
into training and testing sets using an 80:20 split ratio. Finally,
three machine learning classifiers—CatBoost, Decision Tree,
and Random Forest—were trained and validated using
multiple feature importance techniques, including Mean
Decrease in Impurity (MDI), Permutation Feature Importance
(PFI), and Recursive Feature Elimination (RFE), to isolate the
primary features driving math achievement.

4. ANALYSES AND RESULTS

In this section, the results are presented in two parts based
on the experiments and analyses of unsupervised and
supervised learning models.

4.1. Results of unsupervised learning models

Table 4 reveals the optimal values of ‘k’ from k-modes
and k-prototypes. K-modes grouped the data into 2 and 4
clusters (k=2, k=4), considering different metrics while k-
prototypes detected only 2 clusters (k=2) across all metrics.
These findings are evidenced by Figure 2 to Figure 5, which
follow the table.

Table 4. The optimal values of ‘k’ identified by k-modes and k-
prototypes

Method Optimal values for ‘k’
k-modes k-prototypes

Silhouette Score 2 2
Davies-Bouldin 4 2
Calinski-Harabasz 2 2
Combined Metrics 4 2

Figure 2 to Figure 5 reveals the identification of the
optimum value ‘k’for k-modes and k-prototypes across the
four different techniques and metrics.
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Fig 2. Cluster separation (k-modes) based on Elbow and Silhouette
Score

Fig 3. Cluster separation (k-modes) based on Davies-Bouldin and
Calinski-Harabasz

Fig 4. Cluster separation (k-prototypes) based on Elbow and
Silhouette Score

Fig 5. Cluster separation (k-prototypes) based on Davies-Bouldin
and Calinski-Harabasz

Table 5 presents the comparative performance statistics
of the clustering models. K-prototypes outperformed k-modes
across the evaluated metrics.

Table 5. Comparative clustering statistics from k-modes and k-
prototypes

Method Optimal values for ‘k’
k-modes k-prototypes

Silhouette Score 0.0549 0.1504
Davies-Bouldin 3.4460 2.0860
Calinski-Harabasz 485.9153 1483.9919
Dunn Index 0.1543 0.0195
Stability Score 0.1181 ± 0.0772 0.9941 ± 0.0063
Cluster Balance 0.3154 0.1235
Separation Quality 0.0549 0.1504
Note: For ‘Stability Score’, higher is better while ‘Cluster
Balance (CV)’, lower is better (see Table 3 for details).

A comparative analysis indicates that k-prototypes offers
a more viable clustering solution than k-modes due to its
greater stability and more balanced cluster distribution. Both
algorithms exhibited weak point-level separation, as reflected
by low silhouette scores (k-modes: 0.0549; k-prototypes:
0.1504) and unfavorable Davies–Bouldin scores (k-modes:
3.4460; k-prototypes: 2.0860), although k-prototypes
performed better on both metrics. The superiority of k-
prototypes over k-modes was further evident in its higher
stability score (0.9941) and substantially larger Calinski–
Harabasz index (1483.992 compared to 485.915 for k-
modes), demonstrating its suitability for handling mixed data
types.

Figure 6 reveals the two key characteristics of the
numerical features of students profiles separating the two
student clusters.
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Fig 6. The separation of two numerical variables for each cluster

Two numerical variables played a key role in the cluster
separation produced by k-prototypes. A holistic analysis of
the key features contributing to each cluster is presented in
Table 6. The results showed that the two clusters shared the
majority of common features, with the exception of 'Anxiety',
'SchLocat', and Grade. Differences in these three features
signified the key distinction between the two performance
groups.

Table 6. Characteristics of key features contributed to ‘Score’ for
the identified clusters (k-prototypes)

Cluster Sample Avg.Score Feature separation
(% in cluster)

1 3899
(56.2%) 88.68

 Anxiety (<2.72)
 Age <18 (76.5%)
 Female (66.0%)
 Grade 10 (42.3%)
 Districts' (46.6%)
 ExtraPreYear: 'Yes'

(77.6%)

2 3042
(43.8%) 61.68

 Anxiety (>3.42)
 Age<18 (59.2%)
 Female (64.6%)
 Grade 12 (43.6%)
 Phnom Penh (51.4%)
 ExtraPreYear: 'Yes'

(60.1%)

The two identified clusters reveal two contrasting
performance groups—high and low performers—based on
anxiety and grade level, which subsequently provide feature
segmentation to inform the supervised learning applications
that follow.

4.2. Results of supervised learning models

Figures 7 and Figure 8 present a comparison of feature
importance derived from the two supervised models,
CatBoost and Decision Tree. A threshold value of 5% was
applied to determine the significant contribution of each
feature to the target variable. The significance of each feature
was assessed based on consistency across three importance

metrics: Mean Decrease in Impurity (MDI), Permutation
Feature Importance (PFI), and Recursive Feature Elimination
(RFE).

Fig 7. Feature importance from CatBoost (Acc. = 0.7221)

Fig 8. Feature importance from decision tree (Acc. = 0.7048)

According to [33], PFI is considered a more stable and
reliable measure of feature importance than MDI because its
calculation utilizes out-of-bag samples and is less biased by
the scale or number of categories in the features. Thus,
features with PFI > 5% in both CatBoost and Decision Tree
were considered significant. Three significant features—
'PreSEM_Perform', 'Anxiety', and 'Grade'—were identified.
Some features exhibited inconsistencies across RFE, MDI,
and PFI; however, those with PFI > 5%, even if scoring lower
on other metrics, were retained and included in the validation
phase with the random forest. Other features, such as
'SelfLearnPerWeek', 'SchLocat', and 'Attendance', were added
at the validation stage based on domain knowledge. The
inclusion of these features led to the following model
experiments based on feature sets.

 Core: a set of significant features identified from
CatBoost and decision tree (PFI >5%). This set contains
three feature variables, PreSEM_Perform, Anxiety and
Grade.
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 Set1, Set2 and Set3, the increments of features,
'SelfLearnPerWeek', 'SchLocat' and 'Attendance' without
removing.

Table 8 presents the validation results from the random
forest, which were evaluated based on feature stability rather
than predictive performance (accuracy). The results indicate
that the Core feature set yielded better performance compared
to the incremental feature sets (Set 1, Set 2, and Set 3).
Table 7: Comparisions of Cross-Validation Accuracy across
different feature sets using random forest

Feature
Set CV Acc CV

Std Acc ROC-
AUC

F1-
Score

Core 0.7068 0.0108 0.5045 0.4894 0.5682
Set1 0.7005 0.0118 0.5063 0.4914 0.5695
Set2 0.6816 0.0076 0.4992 0.4889 0.5580
Set3 0.6692 0.0072 0.4963 0.4878 0.5585

Note: the higher values of CV Accuracy within one CV Std
indicate better performance

The findings confirmed two features from the Core Set—
'Anxiety' and 'Grade'—which were also identified by k-
prototypes, while 'PreSEMPerform' emerged as an additional
feature identified by the supervised learning models. A
progressive decline in predictive performance was observed
as additional features were introduced. For the Core Set, the
deviation between the CV accuracy (~70%) and the test
accuracy (~50%), coupled with a ROC-AUC near 0.5,
suggests that while the core features capture internal patterns,
the model currently struggles with generalization. The finding
also indicates that the added features, such as 'Attendance' and
'School Location', may introduce noise or multicollinearity
rather than enhancing the model's discriminative power.

5. DISCUSSION AND LIMITATIONS

The findings reveal the superiority of k-prototypes over
k-modes based on the stability score and Calinski–Harabasz
index. Although the majority of the variables in the dataset
are categorical, k-prototypes performed effectively in
handling mixed data types. This finding supports the evidence
of the superior performance of k-prototypes in handling
mixed-type data reported by [29]. However, despite the robust
segmentation, the low Silhouette Score (0.1504) and Dunn
Index (0.0195) reveal significant overlap at cluster
boundaries. The low Dunn Index value indicates that the
intra-cluster diameter (the spread of data within a group) is
disproportionately large compared to the inter-cluster
separation. This reflects the complex, non-linear nature of
behavioral data, where distinct categories often share dense,
interconnected boundaries rather than clear, isolated gaps.
This finding aligns with empirical evidence on cluster
separation presented by [55], who noted that perfect
separation is rare in such contexts. Nonetheless, the findings

identified three key features—math anxiety, school location,
and grade level—that signify the distinction between high-
and low-performing learner groups.

The findings from the supervised models confirmed two
overlapping features—math anxiety and grade level—which
were also identified by k-prototypes; however, the supervised
model experiments suggested an additional feature,
'PreSEM_Perform' (i.e., students' prior semester mathematics
outcome), as a key feature contributing to their math score.
The inclusion of the variable 'SchLocat', which was identified
by k-prototypes, added no significant improvement to the
supervised model performance.

This hybrid framework, although it yielded two
inconsistent features—'SchLocat' and 'PreSEM_Perform'—
provides significant contributions to methodological insights
by offering a framework for understanding student profiling.
The findings also fill the gap where simple statistical methods
were previously used to understand students' mathematics
learning [12], and extend beyond the prediction-focused
approaches employed in previous studies [12, 16-17, 19].

6. CONCLUSION

The study successfully achieved its objectives by
applying a hybrid data science pipeline that integrated
unsupervised and supervised machine learning to uncover
hidden learning profiles distinguishing students based on their
math achievement. The experiments with two unsupervised
models, k-modes and k-prototypes, demonstrated that k-
prototypes performed better in grouping students for the
provided mixed-type dataset. The algorithms consistently
revealed two clusters, while the validation from k-prototypes
revealed two clusters based on math performance (Score) that
had two key features: 'math anxiety' and 'grade level'. Other
features were common across the two clusters. The initial
feature selection using two supervised models, CatBoost and
decision trees, added the variable related to the students’
previous semester math score to the list from the unsupervised
models. The feature validation using random forest with
different feature sets revealed that previous semester math
achivement', 'math anxiety' , and 'grade level' were key
determinants of the students' math performance. The present
study contributes to educational data mining and Cambodian
mathematics education by demonstrating a reproducible, end-
to-end framework using advanced techniques in machine
learning with interpretability and actionable insights. The
study offers educators and policymakers a strong foundation
for designing intervention programs such as math anxiety-
reducing teaching method and math skill-building measures.
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