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Student selection processes are often based on aggregate scores, which can obscure
the contribution of individual assessment components and limit interpretability. This
study proposes an explainable machine learning approach to predict student
selection outcomes using SKD examination data. An XGBoost model was developed
and evaluated under two configurations, including a baseline model with aggregate
score and a proposed model without it. The results show that the proposed model
achieves high predictive performance, with an accuracy of 95.84% and ROC-AUC of
0.9935, demonstrating that individual test components provide sufficient information
for reliable prediction. To enhance transparency, SHAP was applied to provide both
global and local explanations of model decisions. The analysis reveals that cognitive
test components, particularly TIU and TWK, are the most influential factors, while non-
academic variables such as formation and location also contribute to the prediction.
These findings highlight the importance of interpretability in high-stakes decision-
making and suggest that accurate and transparent student selection systems can be
developed without relying on aggregate scores. The proposed approach provides a
robust framework for supporting fair, interpretable, and data-driven selection policies.

Keywords Explainable Artificial Intelligence, Student Selection Prediction, XGBoost, SHAP,
Educational Data Mining

Introduction

Student selection is a critical process in educational institutions, as it determines
the quality of admitted candidates and directly influences academic outcomes.
In many admission systems, decisions are primarily based on aggregate scores
derived from multiple assessment components. While this approach simplifies
evaluation, it often reduces transparency by masking the contribution of
individual test elements. As a result, stakeholders may find it difficult to
understand which specific factors influence the selection outcomes. In high-
stakes contexts such as higher education admission, the lack of transparency
can raise concerns related to fairness, accountability, and trust in the decision-
making process [1].

In recent years, machine learning techniques have been increasingly adopted
to support decision-making in education. Models such as decision trees, random
forests, and gradient boosting methods have demonstrated strong performance
in predicting academic success and admission outcomes [2]. Among these
approaches, XGBoost has gained popularity due to its ability to handle
structured data efficiently and produce high predictive accuracy [3]. However,
most existing studies focus primarily on optimizing performance metrics, often
overlooking the importance of model interpretability. As a result, many predictive
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models operate as black boxes, providing limited insight into how decisions are
made.

To address this limitation, Explainable Artificial Intelligence has emerged as an
important area of research that aims to make machine learning models more
transparent and interpretable. Techniques such as SHAP provide a systematic
way to quantify the contribution of each feature to model predictions, both at the
global and individual levels [4]. These methods have been successfully applied
in domains such as healthcare and finance, where understanding model
decisions is essential. Despite these advances, the application of explainable Al
in student selection remains relatively limited, particularly in studies that aim to
balance predictive performance with interpretability.

Another important limitation in the current literature is the strong reliance on
aggregate scores as input features. Aggregate scores are typically constructed
from individual test components, which can introduce redundancy and
potentially lead to information leakage. This reliance may result in models that
appear highly accurate but fail to provide meaningful insights into the underlying
decision process. Furthermore, the influence of non-academic factors, such as
geographic location or program allocation, is often not thoroughly examined.
These factors may play a role in real-world selection systems, but their impact
is rarely analyzed in a transparent and systematic way [5].

Based on these limitations, this study addresses the research gap by proposing
an explainable machine learning approach for student selection prediction that
does not depend on aggregate scores. The proposed method uses XGBoost for
prediction and SHAP for interpretation, enabling both high performance and
transparency. This study aims to evaluate whether accurate predictions can be
achieved using only individual test components, to identify the most influential
factors affecting selection outcomes, and to provide interpretable insights that
support more transparent decision-making. By integrating predictive modeling
with explainable Al, this research contributes to the development of more
reliable, interpretable, and policy-relevant student selection systems.

Literature Review and Related Works

The application of machine learning in education has gained significant attention
in recent years, particularly in predicting student performance and supporting
admission decisions. Various studies have explored classification models such
as decision trees, support vector machines, and ensemble methods to improve
predictive accuracy in educational datasets [6], [7]. These approaches have
demonstrated the potential of data-driven techniques to enhance traditional
selection processes, which are often limited by manual evaluation and
aggregate scoring systems.

Among the existing machine learning methods, ensemble techniques such as
random forests and gradient boosting have shown superior performance due to
their ability to capture complex relationships in structured data [8], [9]. XGBoost,
in particular, has emerged as a state-of-the-art algorithm because of its
scalability, regularization mechanisms, and strong predictive performance
across various domains [10]. In the context of education, several studies have
applied XGBoost to predict academic success, dropout risk, and admission
outcomes, reporting improved accuracy compared to conventional models [11],
[12].
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Despite these advancements, most studies primarily focus on maximizing
prediction performance while treating the model as a black box. This lack of
interpretability poses a significant limitation, especially in high-stakes decision-
making scenarios such as student selection [13]. Decision-makers often require
not only accurate predictions but also clear explanations of how and why
decisions are made. Without interpretability, the adoption of machine learning
models in real-world educational systems remains limited due to concerns
related to transparency and trust [14].

To address this issue, Explainable Artificial Intelligence has been introduced to
improve the interpretability of machine learning models. Techniques such as
SHAP provide a unified framework for interpreting predictions by quantifying the
contribution of each feature [15]. SHAP has been widely applied in domains
such as healthcare, finance, and risk analysis to enhance model transparency
and support decision-making [16], [17]. In the educational domain, however, the
use of SHAP and other explainability methods is still relatively limited,
particularly in the context of admission prediction [18].

Another important limitation in the literature is the heavy reliance on aggregate
features, such as total scores, which are often derived from multiple components
[19]. While these features may improve model performance, they can introduce
redundancy and reduce interpretability by masking the contribution of individual
variables. Furthermore, existing studies often overlook the role of non-academic
factors, such as geographic location or program allocation, which may influence
selection outcomes in real-world settings [20]. Therefore, there is a need for
approaches that not only achieve high predictive performance but also provide
interpretable insights without depending on aggregate features.

Methodology

This study proposes an explainable machine learning framework for predicting
student selection outcomes using SKD examination data. The overall research
workflow is illustrated in figure 1, which outlines the main stages including data
collection, preprocessing, feature construction, model development, evaluation,
and explainability analysis. The process begins with dataset preparation and
cleaning, followed by the construction of two experimental scenarios to assess
the impact of aggregate features. The XGBoost model is then trained and
evaluated using multiple performance metrics. Finally, SHAP is applied to
provide both global and local explanations of the model predictions, ensuring
that the system is both accurate and interpretable.
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Figure 1 Research framework

Dataset Description

The dataset used in this study consists of SKD examination results from the
2024 student admission process, containing 16,106 records and multiple
attributes. Each record represents an individual candidate and includes
demographic information, educational background, and test scores. The main
academic features include TWK, TIU, and TKP scores, while contextual
features include study program, formation code, and location.

To ensure data consistency, candidates who did not attend the examination
were removed from the dataset. The target variable was defined as a binary
classification problem, where candidates labeled as passing were assigned a
value of 1 and those not passing were assigned a value of 0. The dataset is
imbalanced, with a higher proportion of non-passing candidates compared to
passing candidates.

Data Preprocessing

Data preprocessing was conducted to handle missing values and transform the
dataset into a format suitable for machine learning. Numerical features were

Alomari (2026) Artif. Intell. Learn. 224



Artificial Intelligence in Learning

imputed using the median value to reduce the impact of outliers, while
categorical features were imputed using the most frequent value.

Categorical variables were transformed into numerical representations using
one-hot encoding, which converts each category into binary features. This step
is necessary because the XGBoost model requires numerical input.

The dataset was then split into training and testing sets using an 80:20 ratio.
Stratified sampling was applied to maintain the class distribution in both sets,
which is important due to class imbalance.

Feature Construction and Experimental Design

To evaluate the role of aggregate features in the prediction task, two feature
configurations were constructed. The first configuration, referred to as the
baseline model, includes all available features, including the aggregate score
(skd.total). The second configuration, referred to as the proposed model,
excludes the aggregate score and relies only on individual test components and
other attributes. The exclusion of skd.total is motivated by the fact that it is
derived directly from individual test scores, which may introduce redundancy
and potentially lead to information leakage in the modeling process. By
removing this feature, the model is encouraged to learn from primary attributes,
resulting in more transparent and interpretable predictions. This experimental
design enables a direct comparison between a performance-oriented model
that utilizes aggregate information and a more interpretable model that
emphasizes individual feature contributions.

Model Development

The prediction model is developed using the XGBoost classifier, an ensemble
learning method based on gradient boosting of decision trees. The objective of
XGBoost is to minimize a regularized loss function:

n K
L) = ) 139D+ ) 0(f) (1)
i=1 k=1
l(y;, ¥;)is the loss function and Q(f)is the regularization term defined as:

Qf) =yT+%/1 I wl? (2)

Tis the number of leaves and wrepresents leaf weights.

The prediction is constructed as:

K
9= feGe @)
k=1

At each boosting iteration, a new function is added using second-order
optimization:

1
ﬂozizpw@o+yWHmﬂ+Mﬁ> )
i=1

giand h;are the first and second derivatives of the loss function.
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The model is configured with:

Number of estimators: 300

Learning rate: 0.05

Maximum depth: 4

Subsample: 0.9

Colsample_bytree: 0.9

To handle class imbalance, the scale_pos_weight parameter is computed as:

number of negative samples

scale pos weight = (5)

number of positive samples
Model Evaluation

The model performance is evaluated using multiple classification metrics to
provide a comprehensive assessment of its predictive capability. Accuracy is
used to measure the overall correctness of the model by calculating the
proportion of correctly classified instances. Precision evaluates the correctness
of positive predictions by measuring how many predicted positive cases are
actually true positives. Recall assesses the model's ability to identify positive
cases by calculating the proportion of actual positives that are correctly
detected. The F1-score is used as a balanced metric that combines precision
and recall through their harmonic mean, providing a more robust evaluation in
the presence of class imbalance. In addition, the ROC-AUC metric is employed
to measure the model’s ability to distinguish between classes across different
classification thresholds. To further analyze prediction performance, a
confusion matrix is used to provide a detailed breakdown of true positives, true
negatives, false positives, and false negatives. This evaluation framework is
applied to both the baseline model and the proposed model to examine the
impact of excluding the aggregate score on overall performance.

Explainability Analysis

To improve interpretability, SHAP is used to explain the model predictions.
SHAP is based on Shapley values from cooperative game theory and assigns
each feature a contribution value.

The SHAP value for feature iis defined as:

SI'AN|—=IS]|-1)!
¢i=2' HON IS T s u iy - £ ©)

IN|!
SCN\{i}

Sis a subset of features

Nis the set of all features

Global interpretability is obtained using:
SHAP summary plot

SHAP feature importance

Local interpretability is obtained using:
SHAP waterfall plot
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This approach allows the model to provide both overall insights and instance-
level explanations, making it suitable for high-stakes decision-making scenarios
such as student selection.

Algorithm 1: Explainable Student Selection Prediction

Input: dataset D, feature set X, target y
Output: prediction model M, evaluation metrics, SHAP explanations

Process:
Start

Define target variable:

[E=N

o { , if candidate passes
Yi= o0, otherwise
Xtotar =X U {Skdtotal}
Xno,total =X \ {skdtotal}
For each feature set X; € {Xiotai, Xno_totar}:

Define feature configurations:

Preprocessing:
Fill missing numerical values:

Xnum < Median(xX,ym)
Fill missing categorical values:

Xcqr < Mode(xcqe)
Apply one-hot encoding to categorical features

Split dataset:
Dirains Drest = Split(D, 80: 20)
Compute class weight:
Nnegative

N,

positive

K
9= filx)
k=1

Train XGBoost model:

Minimize objective function:

n K
L@) = Y WD+ Y 0fi)
i=1 k=1
Predict output:
Vi =M(x;)
Evaluate model:
p ~ TP + TN
couracy =Tp TN+ FP+FN

Precision =

TP + FP
Recall = —F
eCat = TP FFN

2 - Precision - Recall
F1=

Precision + Recall
End For

Select final model:

Mfinal = Mno,total
Compute SHAP values:

[SITAFI—IST-1)!
| F !

¢ =

SCF\{}

[FSuh - f(S)]

Generate explanations:
Global: SHAP summary plot
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Local: SHAP waterfall plot
End

Results

Model Performance

The performance of the proposed XGBoost model was evaluated using two
configurations, namely a baseline model that includes the aggregate score
(skd.total) and a proposed model that excludes this feature. The comparison
between these two models is presented in table 1. The baseline model achieved
higher performance across all evaluation metrics, with an accuracy of 97.59%,
F1-score of 0.906, and ROC-AUC of 0.9976. In contrast, the proposed model
without the aggregate score achieved an accuracy of 95.84%, F1-score of
0.844, and ROC-AUC of 0.9935. Although there is a measurable decrease in
performance, the difference remains relatively small considering the removal of
a highly informative feature.

The results indicate that the proposed model is still able to maintain strong
predictive capability even without relying on the aggregate score. This suggests
that the individual test components, including TWK, TIU, and TKP, provide
sufficient information for accurate prediction of selection outcomes. The high
ROC-AUC value further confirms that the model can effectively distinguish
between passing and non-passing candidates. These findings support the idea
that aggregate scores may not be strictly necessary for building accurate
predictive models, and that more interpretable models can be developed by
focusing on individual feature contributions.

Table 1 Performance comparison of XGBoost models

Model Accuracy Precision Recall F1-score ROC-AUC
XGBoost With 0.9759 0.8383 0.9854 0.9059 0.9976
skd.total

XGBoost

Without 0.9584 0.7540 0.9591 0.8443 0.9935
skd.total

Confusion Matrix Analysis

The confusion matrix of the proposed model is presented in figure 2, illustrating
the distribution of correct and incorrect predictions across both classes. The
model correctly classified 2,460 candidates as not passing and 328 candidates
as passing, demonstrating strong overall classification performance. Notably,
the number of false negatives is very low, with only 14 cases where successful
candidates were incorrectly predicted as unsuccessful. This indicates that the
model is highly effective in identifying candidates who should pass the selection
process. On the other hand, there are 107 false positives, meaning that some
candidates who did not pass were predicted as passing. This trade-off is
reflected in the high recall value of 0.96, which shows that the model prioritizes
capturing as many successful candidates as possible, even at the cost of slightly
increasing the number of false positives.
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Figure 2 Confusion matrix of XGBoost model without aggregate score

Feature Importance Analysis

The feature importance derived from the XGBoost model is presented in figure
3, highlighting the relative contribution of each feature to the prediction task. The
results show that skd.tiu is the most influential feature, followed by skd.twk,
kode.formasi, and skd.tkp, indicating that cognitive ability measures play a
central role in determining selection outcomes. The prominence of TIU and TWK
suggests that analytical and general knowledge competencies are key factors
in distinguishing successful candidates. In addition to these academic variables,
non-academic features such as kode.formasi and lokasi.formasi also exhibit
meaningful contributions to the model. This indicates that contextual or
structural factors related to program placement and geographic allocation may
influence the selection results. The presence of these variables among the top
features suggests that the decision process is not solely driven by test
performance, but also shaped by institutional or regional considerations.
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Figure 3 Top 20 feature importance from XGBoost model

SHAP Global Interpretation

The SHAP summary plot is presented in figure 4, providing a global
interpretation of how each feature contributes to the model predictions across
all samples. The plot shows that higher values of skd.tiu, skd.twk, and skd.tkp
consistently increase the probability of passing, as indicated by the
concentration of positive SHAP values associated with higher feature
magnitudes. In contrast, lower values of these features tend to produce negative
SHAP values, pushing predictions toward the "not passing" class. The
distribution of SHAP values also reveals the relative importance and impact
range of each feature, where skd.tiu exhibits the widest spread, indicating a
strong and varying influence on the model output. Overall, the visualization
demonstrates a stable and interpretable relationship between feature values
and prediction outcomes, confirming that the model behaves consistently and
aligns with expected patterns in student performance data.
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Figure 4 SHAP summary plot showing global feature impact

SHAP Feature Importance

The SHAP-based feature importance is illustrated in figure 5, providing a global
ranking of features based on their average contribution to the model predictions.
The results confirm that skd.tiu and skd.twk are the most influential features,
followed by kode.formasi and skd.tkp, which aligns with the findings from the
model-based feature importance. The dominance of TIU and TWK highlights the
critical role of cognitive and reasoning abilities in determining selection
outcomes, while the presence of kode.formasi indicates that structural or
program-related factors also play a meaningful role. Unlike traditional
importance measures, SHAP evaluates feature contributions across all
instances, making the interpretation more consistent and reliable. The
agreement between SHAP-based importance and XGBoost feature importance
suggests that the model captures stable and meaningful patterns in the data,
thereby strengthening the validity and robustness of the overall findings.
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Figure 5 SHAP feature importance ranking

Local Explanation of Model Prediction

An example of local explanation using SHAP is shown in figure 6, illustrating
how individual features contribute to a single prediction made by the model. In
this case, the model predicts a candidate as "not passing" with a very low
probability of passing, equal to 0.00018, indicating strong confidence in the
decision. The SHAP waterfall plot reveals that low values of skd.twk and skd.tiu
are the primary factors driving the prediction toward the negative class, with
substantial negative contributions that significantly reduce the predicted
probability. Although there are positive contributions from other features such
as skd.tkp and program-related variables, their influence is relatively small and
insufficient to counterbalance the strong negative impact of the cognitive test
scores. The step-by-step accumulation of SHAP values clearly shows how each
feature shifts the prediction from the base value toward the final output. This
example demonstrates the model's ability to provide transparent, instance-level
explanations, allowing stakeholders to understand not only what the prediction
is, but also why it was made.
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Figure 6 SHAP waterfall plot for individual prediction

Discussion

The results of this study demonstrate that accurate prediction of student
selection outcomes can be achieved without relying on aggregate scores such
as skd.total. Although the inclusion of this feature improves overall performance,
the proposed model without it still achieves high accuracy and strong
discriminative ability, indicating that the individual test components already
contain sufficient predictive information. This finding is important because
aggregate scores are derived from the same underlying variables and may
introduce redundancy while reducing interpretability. By removing the aggregate
score, the model is forced to learn from more granular features, which allows for
clearer insight into how each component contributes to the final decision. The
consistent performance across evaluation metrics suggests that the model
generalizes well and is not overly dependent on a single dominant feature.

Further analysis using feature importance and SHAP reveals that cognitive test
components, particularly skd.tiu and skd.twk, are the most influential factors in
determining selection outcomes, while skd.tkp also contributes meaningfully. In
addition, non-academic variables such as kode.formasi and lokasi.formasi
appear among the important features, indicating that contextual or structural
factors may influence the selection process. This raises important
considerations regarding fairness, as decisions may not be solely based on
academic performance. The confusion matrix results show that the model
achieves high recall, meaning it effectively identifies candidates who should
pass, with very few false negatives. At the same time, the presence of some
false positives indicates a tendency to classify certain unsuccessful candidates
as passing, reflecting a trade-off that may align with policy goals depending on
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the context. The use of SHAP further strengthens the study by providing both
global and local interpretability, enabling a clear understanding of how
predictions are made at both the dataset and individual levels, which is essential
for transparency and trust in decision-making systems.

Conclusion

This study demonstrates that an explainable machine learning approach can
effectively predict student selection outcomes using SKD examination data
while maintaining both high performance and interpretability. The experimental
results show that although the inclusion of the aggregate score slightly improves
model performance, the proposed model without skd.total still achieves strong
accuracy and a high ROC-AUC, indicating that individual test components such
as TWK, TIU, and TKP provide sufficient predictive information. The use of
SHAP further enhances the model by enabling transparent interpretation at both
global and individual levels, revealing that cognitive abilities, particularly TIU and
TWK, are the most influential factors, while non-academic variables such as
formation and location also contribute to the prediction. These findings suggest
that student selection decisions are influenced not only by academic
performance but also by contextual factors, which has important implications for
fairness and policy evaluation. Overall, the integration of machine learning and
explainable Al provides a robust and transparent framework that can support
more informed, accountable, and trustworthy decision-making in student
selection systems.
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