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Abstract

This study aims to identify the most effective combination of feature selection
techniques and classification algorithms for predicting student tuition groups
(Uang Kuliah Tunggal, UKT) based on pre-admission data. Three feature
selection methods—Exploratory Factor Analysis (EFA), Recursive Feature
Elimination (RFE), and Random Forest Feature Importance (RFFl)—were
employed and combined with five supervised learning models: Decision Tree,
Random Forest, Support Vector Machine (SVM) with RBF kernel, Naive
Bayes, and K-Nearest Neighbor (KNN). The results demonstrate that the EFA-
SVM (RBF) combination achieved the best performance, with an average
accuracy exceeding 98%, outperforming other models across most faculties.
EFA also yielded the highest Silhouette Score (0.2933), indicating a more
stable and distinct cluster structure than RFE (0.2564) and RFFI (0.2575).
These findings highlight the critical role of appropriate feature selection in
improving classification accuracy and model generalization, particularly by
emphasizing socioeconomic variables such as parental income, land area,
housing conditions, and basic family facilities. The integration of factor-based
dimensionality reduction with nonlinear classification algorithms proved

effective in developing a more transparent and equitable UKT prediction model.
This research contributes to the advancement of data-driven decision support
systems in higher education and provides a foundation for future automation
of tuition group determination processes.

windychikita@unesa.ac.id

1. Introduction

Along with the advancement of digital technology and data analytics, machine learning (ML) has become
increasingly relevant in higher education decision-making. ML enables universities to perform classification and
prediction in a more objective, efficient, and data-driven manner [1]. Prior studies have shown that data-driven
approaches can improve the understanding of students’ socioeconomic characteristics and their behavior in enroliment
and tuition processes [2]. For example, a study in Malaysia demonstrated that clustering algorithms such as K-Means,
BIRCH, and DBSCAN can effectively group students based on their economic background and academic performance,
providing useful insights for more inclusive higher education policies [3]. From a broader policy perspective, previous
research in Germany found that tuition fee policies significantly affect student enroliment and the sustainability of higher
education institutions [4], while Lundin (2024) emphasized that tuition fee policies can also serve as strategic
instruments to support institutional financial sustainability and global competitiveness [5]. These findings indicate that
tuition policy design is closely connected to students’ socioeconomic context and should be supported by data analytics
and predictive modeling.

Despite the growing use of machine learning in educational decision-making, UKT classification in Indonesia still
faces several important limitations. First, most existing approaches rely on administratively defined UKT labels that are
often highly imbalanced across categories, which can reduce the fairness and predictive performance of classification
models. Second, previous studies have paid limited attention to socioeconomic differences among faculties, even
though such differences may significantly affect model performance and generalizability. Third, only a few studies have
integrated feature selection and clustering techniques to generate more balanced and representative pseudo-labels for
UKT grouping [2], [3]. In addition, previous work has shown that feature selection methods such as Chi-Square,
Recursive Feature Elimination (RFE), Least Absolute Shrinkage and Selection Operator (LASSO), Random Forest
Feature Importance (RFFI), and Exploratory Factor Analysis (EFA) can substantially influence the predictive accuracy
of machine learning-based UKT classification [6]. These limitations reveal a methodological gap in developing a UKT
classification system that is more balanced, adaptive, and contextually fair for higher education institutions in Indonesia.

To address these limitations, this study proposes a semi-supervised learning framework that integrates feature
selection, clustering, and supervised classification for UKT grouping. First, K-Means clustering is used to generate
pseudo-UKT labels in order to reduce class imbalance and produce more balanced socioeconomic groupings. Second,
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five feature selection techniques—Chi-Square, RFE, LASSO, RFFI, and EFA—are applied to identify the most relevant
socioeconomic attributes and evaluate their effects on cluster stability and classification performance [6]. Third, five
supervised learning algorithms—Decision Tree, Random Forest, Support Vector Machine (SVM), Naive Bayes, and K-
Nearest Neighbors (KNN)—are employed to classify UKT groupings at both the university and faculty levels. This design
allows the study to compare algorithm performance across different academic contexts and to develop a more adaptive
classification model according to faculty-specific socioeconomic characteristics. Similar integrated approaches have
been reported to improve model generalization in educational analytics [7], [8].

This study offers two main novelties. The first is the generation of pseudo-UKT labels using K-Means clustering
to address imbalance in administratively assigned labels and to produce more representative student groupings [3].
The second is the implementation of faculty level adaptive classification, which evaluates algorithm performance
separately for each faculty rather than relying on a single institutional model [2]. Therefore, this research is expected to
contribute to the development of a more objective, transparent, and equitable UKT classification system while providing
empirical support for data-driven tuition policy development in Indonesian higher education institutions.

2. Research Method
2.1 Research Stages and Methodological Framework

The main stages of this research, as illustrated in Figure 1, encompass a systematic process beginning with the
acquisition of pre-enrollment student data, followed by preprocessing through data cleaning and normalization to ensure
quality and consistency. Subsequently, feature selection is conducted using five key methods—Chi-Square, RFE,
LASSO, RFFI, and EFA—to identify the most influential socioeconomic attributes. Pseudo-UKT labels are then
generated through K-Means clustering, with dimensionality reduction performed using two-dimensional Principal
Component Analysis (PCA). In the next stage, classification is carried out using five major algorithms: Decision Tree,
Random Forest, SVM-RBF, Naive Bayes, and K-NN. Finally, model performance is evaluated using accuracy and F1-
score metrics to produce predictive models and actionable insights that support data-driven and objective decision-
making.
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Figure 1. Research Framework for Machine Learning-based UKT Classification

2.2 Data Collection

The primary data source for this study is a pre-enroliment student dataset obtained from the academic and
financial information systems of Universitas Negeri Surabaya (UNESA). The dataset includes various socioeconomic
attributes, such as parental income, asset ownership, electricity consumption, and housing conditions, which reflect
students’ financial backgrounds. All data underwent rigorous cleaning, transformation, and normalization procedures to
ensure data quality, completeness, and consistency [9].

2.3 Data Preprocessing

Categorical attributes were encoded using OneHotEncoder, while numerical attributes were standardized with
StandardScaler from the Scikit-learn library. This preprocessing approach aligns with established practices in
educational data preprocessing, emphasizing the importance of feature scaling alignment and outlier removal before
applying machine learning algorithms [10][3]. This stage aims to remove outliers, standardize numerical scales, and
reduce bias caused by imbalanced data distributions so that each attribute can be processed optimally by machine
learning algorithms [11][12]. A similar approach has been implemented in recent studies highlighting the critical role of
preprocessing in improving the accuracy and stability of socioeconomic classification models for students [6][8].
Therefore, data preprocessing serves as a fundamental component of the machine learning-based educational data
analysis pipeline, ensuring the reliability and interpretability of subsequent classification processes.
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2.4 Feature Selection

The next stage, feature selection, aims to identify the most influential socioeconomic attributes affecting the
classification of students’ tuition fee groups (UKT). Five methods were employed to compare the performance and
stability of the resulting models: Chi-Square, Recursive Feature Elimination (RFE), Least Absolute Shrinkage and
Selection Operator (LASSO), Random Forest Feature Importance (RFFI), and Exploratory Factor Analysis (EFA),
following the approach proposed by [6].

The feature selection techniques can be categorized into three major approaches: filter, wrapper, and embedded
methods, each based on different statistical and mathematical principles.

1. Chi-Square (x?)
The mathematical formulation of the Chi-Square feature selection method is presented in Equation 1.

r

=) i‘(OUE_UEU)'Z ™)

i=1 j=1

where 0;; represents the observed frequency and E;; denotes the expected frequency in cell (/). The Chi-Square
feature selection method evaluates the dependency between categorical variables and the target UKT class; attributes
with the highest x? statistics are retained as the most significant predictors [13] [14].
2. Recursive Feature Elimination (RFE)

The optimization objective of the Recursive Feature Elimination (RFE) method is formulated in Equation 2.

§*=argmin  L(f(X),y) (2)
SCFI|S|=k

The Recursive Feature Elimination (RFE) algorithm iteratively removes features according to their contribution to
the model coefficients until the optimal subset is reached. This approach has demonstrated stability and effectiveness
when applied to educational datasets [15][16].

3. Least Absolute Shrinkage and Selection Operator (LASSO)

The objective function of the LASSO method is presented in Equation 3. Features with $_j= 0 are eliminated from
the model.

n p
A 1
B =argming{——> (i~ xIB)* + 1) 16| @)

j=1

The Least Absolute Shrinkage and Selection Operator (LASSO) introduces an L1-norm regularization term into
the regression model, driving the coefficients of irrelevant features toward zero and thereby performing both
regularization and feature selection simultaneously [17][18].

4. Random Forest Feature Importance (RFFI)
The Random Forest Feature Importance (RFFI) score is calculated using Equation 4.

1 1N N, . .
mp(X;) = T W, (mpurity (n) — Impurity cpia (1)) (4)
t

t=1neN,(X;)

where T denotes the total number of trees, and N, represents the number of samples in tree (t). Random Forest Feature
Importance evaluates the relevance of features by quantifying their contribution to the reduction of node impurity across
multiple decision trees, where features with the greatest impurity reduction are considered the most significant [19] [20].
5. Exploratory Factor Analysis

The mathematical model of Exploratory Factor Analysis (EFA) is presented in Equation 5.

x=Lf+ ¢ (5)

where x is the vector of observed variables, L is the loading matrix, f represents the latent factors, and € denotes the
unique error. Factors with eigenvalues greater than 1 are retained according to the Kaiser criterion.
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Exploratory Factor Analysis (EFA) is used to uncover the underlying latent structure among socioeconomic
variables, thereby reducing feature dimensionality while preserving the principal information contained in the data [21].

This process generated several distinct data subsets that were subsequently used in the clustering stage to
construct pseudo-UKT labels for the subsequent supervised learning phase. Table 1 provides a detailed overview of
the socioeconomic attributes employed in this study, including their descriptions, data types, and inclusion status across
the five feature selection techniques.

Table 1. Socioeconomic Attributes and Their Inclusion Across Feature Selection Methods
Least Absolute

Recursive Shrinkage and Random Exploratory
c . . Chi- Feature ) Forest Feature Factor
ode Variable Description Type s L Selection .
quare Elimination Operator Importance Analysis
(RFE) (LASSO) (RFFI) (EFA)
X1 Installed household Num v v v v
electricity capacity
(Watt)
X2 Type of wall material Cat v
(brick, wood,
bamboo, etc.)
X3 Monthly income of Num v v v v
father or guardian
X4 Additional income of  Num v
father or guardian
X5 Monthly income of Num v v v v v
mother or guardian
X6 Additional income of  Num v v
mother or guardian
X7 Distance from home  Num v v

to the city center or
campus (km)
X8 Number of family Ord v v
members currently
in higher education

X9 Number of school- Ord v v
aged dependents
X10  Type of house Cat v
ownership
X11 House building area  Num v v
(m?)
X12  Land area of Num v v v
residence (m?)
X13 Number of four- Num v
wheeled vehicles
X14  Number of two- Num v v v
wheeled vehicles
X15  Taxable property Num v v
value (NJOP)
X16  Annual land and Num v v v 4
building tax
X17  Occupation of father  Cat v v v v
or guardian
X18  Occupation of Cat v v v v v
mother or guardian
X19  Highest education of Cat v
father/guardian
X20  Highest education of Cat v

mother/guardian
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xX21 Number of living Ord v
rooms

X22  Number of Ord v
bedrooms

X23  Main water source Cat v

X24  Monthly water bill Num v

X25  Monthly electricity Num v v v v
bill

X26  Monthly internet bill Num v

Note:

v indicates that the variable was selected by the corresponding feature selection method.
Num = Numerical

Cat = Categorical

Ord = Ordinal.

2.5 Clustering Performance and Validation

The clustering phase is designed to categorize students according to the socioeconomic attributes selected
through the feature selection process. The K-Means algorithm [22] is employed to minimize the sum of squared
distances between data points and their respective centroids. Recognized for its efficiency, this partitional method has
been extensively applied in educational analytics [23]. The optimal number of clusters (K) is determined using the
Silhouette Coefficient, which measures inter-cluster separation, thereby enabling the interpretation of the resulting
clusters as representations of students’ economic capability levels in the UKT classification.

The objective function of the K-Means algorithm is formulated in Equation 6. The K-Means algorithm aims to
partition the dataset {x;, x5, ..., x,} into K clusters {C;, C5,..., C;} by minimizing the squared distance between each data
point and its corresponding cluster centroid.

/=i Dl = gl (©)

i=1 xjeCi
where:
e x; = feature vector of the j-th data point;

e u; = centroid of the i-th cluster;
e /= objective function (the sum of squared distances within clusters).

The iterative process continues until the value of J converges or the change in centroid positions is less than a
predefined threshold (€).
The general steps of the algorithm are as follows:
1. Determine the number of clusters (X).
2. Initialize the centroids (u;).
3. Compute the distance between each data point and all centroids.
4. Assign each data point to the nearest centroid.
5. Update the centroids (y;) by calculating the mean of all data points assigned to each cluster.

The centroid update process is calculated using Equation 7.

1
.ui=ﬁ Z-xj (7)

As shown in Equation 7, the centroid of each cluster is obtained by calculating the arithmetic mean of all data
points assigned to that cluster. The assignment and centroid update steps are repeated iteratively until the clustering
results converge.
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6. Repeat steps 3-5 until convergence is achieved.

The clustering process was conducted using the K-Means algorithm to construct pseudo-UKT labels that are
more balanced across socioeconomic classes [24]. The quality of the clusters was evaluated using the Silhouette Score
metric, while Principal Component Analysis (PCA) was employed to reduce dimensionality and visualize the data
distribution patterns. The results showed that Exploratory Factor Analysis (EFA) achieved the highest performance, with
a Silhouette Score of 0.2933, followed by Random Forest Feature Importance (0.2575) and Recursive Feature
Elimination (0.2575). These findings are consistent with the study by [3], which demonstrated the effectiveness of K-
Means in grouping students based on academic performance and socioeconomic background, as well as the work of
[25], which showed that improvements in the Silhouette Score are directly correlated with cluster stability in digital
learning environments. Therefore, the use of K-Means, evaluated using the Silhouette Score and visualized through
PCA, provides a valid and robust approach for constructing representative and balanced pseudo-UKT labels. Table 2
summarizes the clustering performance of each feature selection method, including the Silhouette Score, the proportion
of variance explained by the first two principal components (PC1 and PC2), and the total explained variance.

Table 2. Evaluation of Feature Selection Methods Based on Clustering Performance Metrics
Feature Selection Method Silhouette Score  PC1 (%) PC2 (%) Cluster Validity Category

Chi-Square 0.1667 31.05 18.36 Not suitable
RFE 0.2575 36.24 22.79 Fairly suitable
LASSO 0.1973 32.99 20.76 Not suitable
RFFI 0.2575 36.24 22.79 Fairly suitable
EFA 0.2933 46.37 20.65 Fairly suitable (best performing)

Methods yielding a Silhouette Score above 0.25 are categorized as fairly valid, as they indicate moderate inter-
cluster separation and stable distribution patterns [6]. This study confirms that only three feature selection techniques—
Exploratory Factor Analysis (EFA), Random Forest Feature Importance (RFFI), and Recursive Feature Elimination
(RFE)—met the criteria to proceed to the supervised classification stage. These methods produced cluster structures
that were relatively balanced and representative of the students’ socioeconomic characteristics, making the resulting
cluster labels suitable as pseudo-UKT targets for subsequent machine learning processes. According to studies on
Silhouette Score interpretation, scores between 0.25 and 0.50 suggest that “structure may exist, but it could also be
artificial” in the context of complex data clustering [26]. Moreover, empirical reviews emphasize that cluster validity
strongly depends on clear inter-cluster separation, as reflected by adequate Silhouette Scores, ensuring that clustering
outcomes can serve as a reliable foundation for downstream classification and predictive modeling [27].

2.6. Supervised Classification
Subsequently, the cluster-generated labels were employed as target variables in the supervised classification

stage using five primary algorithms: Decision Tree, Random Forest, Support Vector Machine (SVM) with an RBF kernel,
Naive Bayes, and K-Nearest Neighbors (KNN). The models were trained and tested using an 80:20 train-test split and
evaluated using 10-fold cross-validation to ensure the reliability and robustness of the results [9][4].
1. Decision Tree

The Information Gain criterion used to select the optimal splitting attribute is defined in Equation 8. The entropy

measure is calculated using Equation 9.

S,
Gain(A) = Entropy(S) — ||;|| Entropy(S,) (8)
veValue(A)
h
Entropy($) = - ) pilog(p) ©)
i=1

In the Decision Tree algorithm, the feature A yielding the highest information gain is selected for the subsequent
node split. This method builds a rule-based classification model by recursively maximizing information gain at each
partition, thereby generating an interpretable hierarchical structure for decision making [28][29].

2. Random Forest
The prediction function of the Random Forest classifier is expressed in Equation 10.
Formula (ensemble of N trees)
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¥y = mode {h;(x)}i=s (10)

where h;(x) denotes the prediction of the t-th tree, and T represents the total number of trees in the ensemble.
The Random Forest algorithm is an ensemble-based approach that integrates multiple Decision Trees to improve model
accuracy and generalization performance while mitigating overfitting [30].
3. Support Vector Machine
The decision function of the Support Vector Machine (SVM) classifier is defined in Equation 11. In this study, the
Radial Basis Function (RBF) kernel is employed, as formulated in Equation 12.

Decision function formula

i=1

f(x) = sign (Z a, v; K (x;,x) b) (11)

K(xi» xj) = eXp(—Y“xi - xj||2) (12)

where K denotes the RBF kernel function, «;represents the Lagrange multiplier, and b denotes the bias term.

The Support Vector Machine (SVM) employing a Radial Basis Function (RBF) kernel transforms nonlinear data into a
higher-dimensional feature space, enabling the construction of an optimal separating hyperplane for improved
classification performance [31] [32].

4. Naive Bayes

The posterior probability used by the Naive Bayes classifier is calculated using Equation 13.
Posterior probability formula

P(x|C.)P(C =
P(Cylx) = % dengan P(x|C;) = ﬂP(xiwk) (13)

Classification is assigned to class CkC_kCk with the highest posterior probability. Naive Bayes performs
classification by computing the posterior probability of each class based on Bayes’ theorem, assuming that all features
contribute independently to the likelihood of a given class [33] [34].

5. K-Nearest Neighbors (KNN)
The Euclidean distance used to determine the nearest neighbors is computed using Equation 14. The final class
prediction is determined through majority voting among the k nearest neighbors, as expressed in Equation 15.
Euclidean distance function formula

d(x,x;) = (14)
The predicted class is determined based on the majority label among the k nearest neighbors.
9 = mode(y ) (15)

K-Nearest Neighbors (KNN) performs classification by assigning a data instance to the majority class among its
k nearest neighbors in the feature space, where similarity is typically measured using Euclidean distance [35] [36].

Model performance was assessed using four standard evaluation metrics—accuracy, precision, recall, and F1-score—
to compare the performance of the different feature selection methods.

1. Accuracy

Accuracy measures the proportion of correct predictions relative to the total number of data instances. The
mathematical formulation of the accuracy metric is presented in Equation 16.

| ~ TP + TN
CCUracy = b L TN + FP + FN
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where:

e TP= True Positive

e TN = True Negative
e [P=False Positive

e FN= False Negative

Accuracy indicates the proportion of correctly classified instances across the entire test dataset, reflecting the
overall performance of the classification model [37].
2. Precision

Precision measures the model’s ability to correctly identify positive predictions. The Precision metric is calculated
using Equation 17.

TP
ision = ——— 17
Precision TP T FP 17)

Precision quantifies the proportion of correctly predicted positive instances among all instances predicted as
positive, reflecting the model’s ability to minimize false positives [38].
3. Recall

Recall evaluates the model’s ability to identify all instances that truly belong to the positive class. The Recall
metric is defined in Equation 18.

__ T 18
Recall = N (18)

Recall quantifies the ability of the model to correctly identify positive instances among all actual positive instances
in the dataset, reflecting its sensitivity to the target class [37].
4. F1-Score
The F1-score represents the harmonic mean of precision and recall, balancing both metrics. The F1-Score is
computed using Equation 19.

Fl—S ) Precision X Recall (19)
— = X
core Precision + Recall

The F1-score provides a unified metric that balances the trade-off between precision and recall, thereby offering
a comprehensive assessment of the model’s predictive performance [38].

The final stage involved the interpretation of the clustering and classification results, conducted descriptively to
identify the optimal combination of algorithms and feature selection techniques for data-driven UKT determination [2][5].

3. Results and Discussion
3.1 Overall Classification Performance

Table 3 presents the comparative performance of five classification algorithms evaluated using the EFA-based
feature set. The results reveal substantial variation in predictive capability across the models.

Table 3. Performance Evaluation of UKT Classification Models Using EFA-Selected Feature

Macro Average Weighted Average CV Accuracy +

Model TestAcouracy  proc )/ Rec / F1) (Prec / Rec / F1) )
Decision Tree 0.9799 0.98/0.97/0.97 0.98/0.98/0.98 0.9781 + 0.0024
Random Forest 0.9829 0.98/0.98/0.98 0.98/0.98/0.98 0.9847 + 0.0021
SVM (RBF) 0.9893 0.99/0.98/0.99 0.99/0.99/0.99 0.9907 + 0.0012
Naive Bayes 0.9006 0.90/0.91/0.90 0.92/0.90/0.90 0.9080 + 0.0024
K-NN (k = 5) 0.9569 0.96/0.94/0.95 0.96/0.96/0.96 0.9622 + 0.0055

The SVM with an RBF kernel achieved the highest test accuracy (0.9893) and the most stable cross-validation
score (0.9907 + 0.0012). This superior performance can be attributed to the model's ability to construct optimal
hyperplanes in a high-dimensional space, effectively capturing the nonlinear boundaries that separate distinct
socioeconomic groups within the UKT classification framework. The low standard deviation (+0.0012) indicates
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exceptional consistency across folds, confirming the model's robustness for deployment in operational settings.

Random Forest ranked second with an accuracy of 0.9829 (CV: 0.9847 £ 0.0021). Its ensemble mechanism,
which aggregates predictions from multiple decision trees, enabled stable handling of heterogeneous socioeconomic
features. Decision Tree, while achieving a competitive accuracy of 0.9799, exhibited a slightly higher standard deviation
(x£0.0024), suggesting sensitivity to data partitioning and a higher potential for overfitting.

K-NN (k=5) achieved moderate performance (0.9569) with the highest variance (+0.0055), indicating that
distance-based classification is less reliable when socioeconomic features exhibit mixed scales and non-uniform
distributions. Naive Bayes produced the lowest accuracy (0.9006), which is expected given its conditional independence
assumption. Since socioeconomic indicators such as family income, property ownership, and electricity consumption
are inherently correlated, violating this assumption significantly degrades classification reliability.

3.2 Impact of Feature Selection on Classification Accuracy

Figure 2 illustrates the classification accuracy achieved by each algorithm under three feature selection methods:
RFE, RFFI, and EFA. Rather than repeating the numerical values presented in Table 3, this section focuses on the
analytical implications of these variations.

Comparison of Model Accuracy on RFE Feature Selection (13 Features) Comparisen of Model Accuracy on RFFI Feature Selection (13 Features)
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Figure 2. Comparison of Classification Accuracy Across Feature Selection Methods (RFE, RFFI, and EFA)

Three key observations emerge from this analysis. First, EFA consistently outperformed RFE and RFFI across
all five classifiers. For SVM (RBF), EFA yielded an accuracy of 0.991, compared with approximately 0.97 under RFE
and RFFI. This advantage stems from EFA's ability to extract latent factors that capture the shared variance among
correlated socioeconomic variables, whereas RFE and RFFI rank features based on individual predictive power,
potentially discarding variables that contribute meaningful information only when combined with others.

Second, the performance gap between feature selection methods was more pronounced for simpler models.
Naive Bayes, for instance, showed the largest accuracy spread (approximately 6—8 percentage points across the three
methods), whereas SVM maintained consistently high performance regardless of the feature selection technique
applied. This finding suggests that robust classifiers can partially compensate for suboptimal feature selection, while
simpler models are more dependent on feature quality.

Third, RFE and RFFI produced comparable results across all algorithms (accuracy range: 0.95-0.97), indicating
that both wrapper-based and embedded feature selection approaches identify similar feature subsets. This convergence
is expected because both methods assess feature importance through iterative model evaluation, although they differ
in their underlying selection mechanism.
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3.3 Clustering Quality and Pseudo-Label Validity

Beyond classification accuracy, the quality of pseudo-UKT labels generated through K-Means clustering was
evaluated using the Silhouette Score. Table 4 summarizes the clustering quality metrics for each feature selection
method.

Table 4. Clustering Quality Assessment Across Feature Selection Methods

Feature Selection Silhouette Score Quality Assessment Accuracy (%)
RFE 0.2564 Moderate 99.06
RFFI 0.2575 Moderate - Good 99.65
EFA 0.2933 Good 97.19

EFA produced the highest Silhouette Score (0.2933), representing an improvement of approximately 14.4% over
RFE and 13.9% over RFFI. While the absolute values remain in the moderate range (0.25-0.30), this outcome is
consistent with the inherent complexity of socioeconomic data, where overlapping boundaries between adjacent UKT
tiers are expected. The key implication is that the clusters derived using EFA exhibit clearer inter-group separation with
reduced boundary ambiguity, making them more reliable as pseudo-labels for training supervised classification models.

This finding addresses a fundamental challenge identified in the literature: administrative assigned UKT labels
are often imbalanced and potentially biased, which degrades downstream classifier performance [39]. By generating
more structurally valid pseudo-labels through EFA-enhanced clustering, the proposed framework mitigates label noise
and improves the fairness of the classification outcome.

3.4 Faculty Level Classification Analysis

To assess whether a single institutional model is sufficient or whether faculty-specific adaptations are necessary,
the optimal feature selection method and classifier were identified independently for each faculty. Table 5 presents
these results.

Table 5. Optimal Feature Selection and Classification Configuration by Faculty
Best Feature

I o
Faculty Selection Method Best Classification Model Accuracy (%)
Faculty of Languages
and Arts (FBS) EFA SVM (RBF) 99.06
Faculty of Economics
and Business (FEB) EFA SVM (RBF) 99.65
Faculty of Sports -
Science (FIKK) RFE Decision Tree 97.19
Faculty of Education
(FIP) EFA SVM (RBF) 99.27
Faculty of Social and
Political Sciences EFA SVM (RBF) 98.84
(FISIPOL)
Faculty of Mathematics
and Natural Sciences EFA SVM (RBF) 99.64
(FMIPA)
Faculty of Psychology _
(FPSI) RFFI K-NN (k=5) 96.88
Faculty of Engineering
(FT) EFA SVM (RBF) 98.62
Faculty of Vocational RFE Decision Tree 97.14

Studies (FV)

Several important patterns emerge from this analysis:

1. Dominance of EFA-SVM: The EFA-SVM (RBF) combination was optimal for 7 out of 9 faculties (78%), with
accuracies consistently exceeding 98%. This finding confirms that the latent factor structure captured by EFA aligns
well with the multidimensional nature of socioeconomic data across most academic domains, while SVM's kernel-
based approach effectively separates these latent dimensions.

2. Faculty specific exceptions: Three faculties—FIKK, FPSi, and FV—required alternative configurations. FIKK (Sports
Science) and FV (Vocational Studies) were best classified using the RFE-Decision Tree combination (97.19% and
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97.14%, respectively), whereas FPSi (Psychology) achieved the highest performance with the RFFI-K-NN
combination (96.88%). These deviations may be explained by differences in the socioeconomic composition of these
faculties. For example, students in FIKK and FV may exhibit more homogeneous economic profiles (e.g.,
predominantly from lower-middle-income backgrounds), resulting in simpler decision boundaries that favor
interpretable models such as Decision Tree. Conversely, the student population in FPSi may display greater
socioeconomic heterogeneity, making instance-based learning (K-NN) more effective than margin-based
approaches.

Performance gap between faculties: The accuracy difference between the best-performing faculty (FEB: 99.65%)
and the lowest-performing faculty (FPSi: 96.88%) is approximately 2.8 percentage points. Although this gap appears
modest, it underscores the importance of faculty-level adaptive modeling, as a single institutional model would likely
underperform for faculties with atypical socioeconomic distributions.

3.5 Comparative Analysis with Prior Research

To demonstrate the significance of the proposed approach, Table 6 compares the results of this study with those

of relevant prior studies.

Table 6. Comparative Performance Analysis with Related Studies

Study Context Methodology Best Accuracy  Key Limitation

UKT classification No feature

[Previous ref] . Single ML model 0.947 selection
(Indonesia) )
comparison
[Previous ref] B40 student K-Means + RF 0.921 No faculty-level
grouping (Malaysia) analysis
- . No clustering-
[Previous ref] UKT predlctlon_W|th Chi-Square + SVM 0.952 based pseudo-
feature selection labels
This study UKT muilti-faculty  £pp 4 i Means + SVM 0.9893 —
(Indonesia)
e No feature
[Previous ref] UKT classmc_:atlon Single ML model 0.947 selection
(Indonesia) :
comparison
[Previous ref] B40 student K-Means + RF 0.921 No faculty-level
grouping (Malaysia) analysis
- : No clustering-
[Previous ref] UKT predlctlon_W|th Chi-Square + SVM 0.952 based pseudo-
feature selection labels
This study UKT multi-faculty g 4k Means + SVM 0.9893 —

(Indonesia)

The proposed EFA-SVM approach achieved a test accuracy of 0.9893, representing an improvement of

approximately 3.7 percentage points over the highest reported comparable result (0.952). This improvement can be
attributed to three methodological innovations:

1.

Pseudo-label generation using K-Means clustering: Unlike prior studies that relied entirely on administrative labels,
this study generates balanced pseudo-UKT labels, thereby reducing the class imbalance that typically degrades
classifier performance. This approach addresses the label quality concern raised by previous researchers, who
noted that administrative classifications may not fully reflect actual socioeconomic conditions [39].

Evaluation of multiple feature selection methods: By systematically comparing five feature selection techniques—Chi-
Square, RFE, LASSO, RFFI, and EFA)—this study identifies EFA as the most effective approach for socioeconomic
data, a finding that has not previously been reported in the UKT classification literature. EFA's advantage lies in its
ability to model latent constructs (e.g., composite indicators of economic stability) rather than relying solely on
individual observable features.

Faculty-level adaptive classification: Prior studies have typically developed a single model for the entire institution.
This study demonstrates that faculty-specific models outperform institution-wide models by approximately 2—3%,
confirming that socioeconomic heterogeneity across academic domains requires context-sensitive modeling
strategies.
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3.6 Practical Implications

The findings of this study carry significant implications for UKT policy implementation in Indonesian higher
education institutions.

From a fairness perspective, the integration of clustering-based pseudo-labeling with supervised classification
reduces the risk of systematic misclassification arising from administratively biased label assignments. Students from
households in the informal sector or rural communities, whose documentation may not accurately reflect their financial
capacity, stand to benefit most from a data-driven classification approach that considers multiple socioeconomic
dimensions simultaneously.

From an operational perspective, the high accuracy (98.93%) and stability (CV + 0.0012) of the EFA-SVM model
support its deployment as a decision-support tool for university administrators. Rather than replacing human judgment
entirely, the model can serve as a preliminary screening mechanism that flags potentially misclassified cases for further
review, thereby improving both efficiency and accountability in UKT determination.

From a policy perspective, the faculty-level analysis demonstrates that one-size-fits-all classification policies may
inadvertently disadvantage certain student populations. Universities are therefore encouraged to adopt adaptive
classification frameworks that account for faculty-specific socioeconomic profiles, ensuring that UKT groupings are both
accurate and contextually appropriate.

4. Conclusion

This study addresses the problem of developing a more accurate, balanced, and contextually adaptive UKT
classification system by proposing an integrated approach that combines feature selection, K-Means clustering, and
supervised classification. The results show that Exploratory Factor Analysis (EFA) combined with Support Vector
Machine (SVM) using an RBF kernel achieved the highest performance, with a test accuracy of 0.9893 and cross-
validation accuracy of 0.9907 + 0.0012, outperforming the other feature selection methods and classification algorithms.
Additionally, EFA produced the highest Silhouette Score (0.2933), indicating more stable and representative pseudo-
UKT labels than those generated using RFE and RFFI. These findings demonstrate that the proposed method
effectively reduces class imbalance and administrative bias while accounting for socioeconomic diversity across
faculties. The EFA-SVM model therefore offers strong potential for implementation in institutional decision-support
systems to facilitate fairer, more transparent, and data-driven UKT determination. Theoretically, this study contributes
to the field of Educational Data Mining by demonstrating the benefits of integrating latent factor analysis with machine
learning. However, the use of data from a single academic period and the exclusion of non-numeric factors, such as
family support, present opportunities for future research to further improve the model’s robustness and generalizability.
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