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Abstract

Existing university mental health monitoring often depends on voluntary help-seeking or manual questionnaire
interpretation, which may delay early support for students experiencing academic stress. This study proposes an
explainable XGBoost-based early-warning framework for non-clinical mapping of student mental health risk from
academic stress indicators. The single-site dataset comprised 1,002 anonymized student records from Universitas
Muria Kudus. K-Means clustering was used to transform DASS-21 depression, anxiety, and stress scores into low,
moderate-, and high-risk categories, while XGBoost predicted the cluster-derived labels using seven single-item
academic stress indicators and engineered aggregate and interaction features. On a stratified hold-out testing set
of 201 records, the model achieved weighted precision, recall, and F1-score values of 0.8907, 0.8905, and 0.8906,
respectively, with class-level F1-scores of 0.9109 for low risk, 0.8900 for moderate risk, and 0.8713 for high risk.
Additional ablation, clustering sensitivity, subgroup, threshold, and SHAP stability analyses were conducted to
strengthen robustness and interpretability. The findings show that cumulative academic stress and interaction
features involving parental expectations, exam anxiety, and learning-method adaptation were consistently
influential predictors. The framework is intended to support early institutional prioritization and counseling
referral, not clinical diagnosis. Generalization remains limited by the single-institution sample and the use of
single-item academic stress indicators; therefore, local retraining and recalibration are required before
institutional deployment, including implementation of the Streamlit prototype.
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1. Introduction

Student mental health has become a strategic issue in
higher education because psychological distress can
reduce academic engagement, academic achievement,
persistence, and social functioning [1]. University
students face cumulative pressure from lectures,
assignments, examinations, peer comparison, time-
management demands, and expectations from
themselves and others [2], [3]. These stressors may
intensify symptoms of depression, anxiety, and stress
when institutional monitoring is delayed or relies only
on voluntary help-seeking [1], [2].

The Depression, Anxiety, and Stress Scale-21 (DASS-
21) is widely used to measure depression, anxiety, and
stress as three related but distinct negative emotional

states [3-5]. In educational settings, DASS-21 can
support structured early screening, yet manual
interpretation becomes less efficient when institutions
must process hundreds or thousands of student records
[6]. A purely rule-based interpretation may also fail to
capture latent risk profiles and interaction patterns
among academic stressors [7], [8].

Previous studies have applied machine learning and
predictive modeling to mental health and stress-related
screening problems, including fuzzy logic-based
prediction, DASS-21-based classification, perceived
stress modeling, and explainable mental health
prediction [6], [9-12]. Clustering has been used to
identify psychological profiles without predefined
labels [8], [13], whereas supervised learning models
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such as Random Forest, Support Vector Machine,
Logistic Regression, and XGBoost have been used to
classify risk outcomes [14-16]. However, many studies
either classify mental health severity using predefined
categories or generate clusters without converting those
empirical groups into a reusable prediction model for
new student records. This creates a methodological gap
between latent risk discovery and operational early-
warning prediction.

Compared with prior studies that relied on predefined
DASS-21 severity categories or reported machine-
learning performance without explanation stability, the
present study positions its contribution as an applied,
interpretable, and robustness-tested workflow. It does
not claim algorithmic novelty in K-Means or XGBoost;
rather, its novelty lies in separating DASS-21-based
label  construction from  academic-stress-based
prediction, testing engineered stress features through
ablation, and evaluating interpretability through SHAP
rank and bootstrap stability.

This study addresses that gap by separating label
construction and prediction. DASS-21 subscale scores
are used only to construct empirical mental health risk
categories through K-Means clustering, while academic
stress indicators are used as non-clinical predictors in
the supervised XGBoost model. This separation reduces
the risk of merely reproducing DASS-21 scoring rules
and allows the model to estimate risk from academic
stress patterns when full DASS-21 responses are not yet
available [17].

XGBoost was selected because boosted tree models are
particularly suitable for structured tabular data and can
capture nonlinear relationships and interaction effects
without assuming linearity among predictors [18], [19].
This is relevant because academic stress dimensions
rarely operate in isolation. For example, parental
expectations may intensify exam anxiety, and difficulty
adapting to teaching methods may increase the effect of
perceived academic failure. XGBoost was therefore
compared with Random Forest, SVM, Decision Tree,
and Logistic Regression to determine whether its
nonlinear modeling capacity produced practical
advantages.

Explainability is essential in mental health-related
decision support because predictions may influence
student support, counseling referral, and institutional
trust [20], [21]. Black-box outputs are difficult to justify
in educational environments, particularly when false
positives may burden counseling units and false
negatives may delay assistance for students requiring
follow-up [22], [23]. Therefore, this study integrates
SHAP explanations to clarify which academic stress
features contribute most strongly to predicted risk,
while explicitly limiting system use to non-clinical
screening and prioritization.

The academic stress variables were coded
computationally as acdl to acd7. These codes do not
represent a separate patented ACD instrument. They are
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operational feature names for seven single-item
academic stress indicators conceptually aligned with
academic stress literature [3], [24]: learning-method
adaptation stress (acdl), parental expectation-related
stress (acd2), exam anxiety (acd3), perceived risk of
academic failure (acd4), academic competition pressure
(acd5), assignment load pressure (acd6), and difficulty
understanding course material (acd7). Because single-
item indicators have measurement limitations, this
study treats them as operational screening signals rather
than full psychometric constructs.

The contribution of this study is fourfold. First, it
proposes a DASS-21-based hybrid K-Means and
XGBoost framework for mapping mental health risk
from academic stress indicators [25]. Second, it
evaluates aggregate and interaction features through
ablation analysis. Third, it expands validation using
clustering sensitivity, repeated-initialization stability,
subgroup performance, threshold analysis, and
calibration diagnostics. Fourth, it uses SHAP summary,
rank stability, and bootstrap-based feature importance
to strengthen interpretability claims. The objective is to
develop and evaluate a non-clinical early-warning
framework that can support university-level
prioritization of academic mentoring and counseling
referral

2. Methods
2.1. Research Design and Data Context

This study used a quantitative data mining design based
on the Cross-Industry Standard Process for Data Mining
(CRISP-DM), consisting of business understanding,
data understanding, preparation, modeling, evaluation,
and deployment planning [26], [27]. The business
understanding stage defined the institutional need for
early mental health risk mapping. The data
understanding stage examined DASS-21 scores and
academic stress indicators. The preparation stage
cleaned the dataset, normalized variables, constructed
cluster labels, and generated engineered features. The
modeling stage applied K-Means clustering and
supervised classification, while the evaluation stage
assessed predictive performance, interpretability, and
robustness.

CRISP-DM Based Hybrid Framework for Student Mental Health Risk Mapping and Prediction
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Figure 1. CRISP-DM-based hybrid framework for student mental
health risk mapping and prediction. DASS-21 scores are used only
for label construction, while academic stress indicators and
engineered features are used for supervised prediction.
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Figure 1 is provided to clarify the end-to-end analytical
workflow before the individual data preparation,
modeling, and evaluation procedures are described. The
workflow clarifies the separation between risk-label
construction and supervised prediction. This separation
is central to the study because DASS-21 scores define
the risk groups, while academic stress features are used
to predict those groups without direct target leakage.

2.2. Dataset, Participants, and Ethical Boundaries

The dataset consisted of 1,002 anonymized student
records from active students at Universitas Muria
Kudus (UMK), covering the Faculty of Engineering and
the Faculty of Economics and Business. The sample
included students from Informatics Engineering,
Information Systems, and Management programs, with
data collected from December 2024 to January 2025.
Students were included when they were actively
enrolled, completed the DASS-21 and academic stress
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measurement blocks, and agreed to the use of
anonymized responses for research purposes.

Records with duplicate respondent identifiers,
impossible score ranges, or incomplete key variables
were removed before analysis. Personal identifiers were
replaced with anonymous respondent codes before
modeling. Administrative permission to collect the data
was obtained from the relevant faculties at UMK.
Because the study uses mental health-related data, the
model output must be interpreted only as non-clinical
decision support, not as diagnostic judgment [21-23].
The predictions should support academic mentoring,
counseling referral, or further professional assessment,
but should not be used to label students permanently,
impose academic sanctions, or restrict academic
opportunities. Table 1 provides a simplified view of the
anonymized dataset structure used for modeling and
evaluation.

Table 1. Sample structure of the student mental health dataset

No. Respondent Gender Study Cohort DEP1 DEP2 ANX1 STR7 DEP ANX STR MHR
1D Program Score  Score Score  Score
1 R001  Female Information 2022 1 0 1 1 8 7 9 24
Systems
2 R002 Male Informatics 2022 3 2 2 3 15 14 16 45
Engineering
3 R003 Male Informatics 2022 1 1 0 1 7 6 8 21
Engineering
4 R004 Male Informatics 2022 1 2 1 2 10 9 11 30
Engineering
1002 R1002 Female Management 2023 1 0 0 0 5 4 6 15

2.3. Measures and Feature Construction

The DASS-21 block contained depression, anxiety, and
stress items. Each item was scored on a four-point scale
from 0 to 3, following the standard response format for
the previous week. The depression, anxiety, and stress
subscale scores were calculated by summing the seven
items in each subscale and multiplying the result by 2
to maintain comparability with the full DASS
framework [5]. These subscale scores were used only to
construct risk labels and were excluded from the
supervised predictor set to avoid target leakage [17].

The academic stress block contained seven single-item
indicators on a five-point Likert scale. These indicators
were used as practical early-warning signals rather than
full latent constructs. Engineered features included

acd_mean to represent cumulative academic stress
intensity, acd_std to represent variability across
academic stressors, acd_max to represent the strongest
stressor, and pairwise interaction terms such as
acd2_x_acd3 to capture combined stress effects. The
pairwise interactions were retained because the
influence of academic pressure may arise from
combinations of stressors rather than isolated
dimensions [2], [24]. To reduce ambiguity in
interpretation, the single-item academic  stress
indicators were not treated as independent
psychometric subscales. Instead, they were positioned
as operational screening variables that capture students'
perceived academic pressures in specific learning
situations.

Table 2. Academic stress dimensions used in the model.

Dimension (code) Number Scale Example indicator
of items
Learning-method adaptation stress (acdl) 1 5-point Likert  Difficulty adapting to the lecturer’s teaching method

Parental expectation-related stress (acd2) 1
Exam anxiety (acd3) 1
Perceived risk of academic failure (acd4) 1

[N

Academic competition pressure (acd5)

[N

Assignment load pressure (acd6)
Difficulty in understanding course material
(acd7)

5-point Likert
5-point Likert
5-point Likert

5-point Likert
5-point Likert
5-point Likert

Worry that academic grades may not match parental
expectations

Restlessness or difficulty sleeping because of examinations
Anxiety about the possibility of repeating a course after
failing an exam

Perceived intense competition for academic achievement
among peers

Stress caused by too many assignments with short deadlines
Confusion or difficulty understanding the course material
delivered in class
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This distinction is important because the model does not
attempt to validate a new academic stress instrument,
but to examine whether practical academic stress
signals can predict empirically derived mental health
risk groups. Therefore, feature-importance
interpretation focuses on risk-monitoring relevance
rather than construct-level psychological diagnosis.
Table 2 defines the academic stress indicators used as
supervised predictors so that the computational feature
codes can be interpreted substantively.

2.4. Preprocessing,  Label
Reproducibility Protocol

Construction, and

Data cleaning included duplicate checking, missing-
value inspection, validation of score ranges, and
complete-case filtering for key DASS-21 and academic
stress variables. DASS-21 item scores were validated
within the 0-3 range, while acdl-acd7 were validated
within the 1-5 Likert range. Missing or invalid
responses were excluded when they could distort either
DASS-21 score construction or academic stress feature
engineering.

Because K-Means is distance-based, Min-Max
normalization was applied to the DASS-21 subscale
matrix before clustering. The supervised predictor
matrix was constructed separately from acd1-acd7 and
engineered academic stress features. DEP, ANX, STR,
and the descriptive MHR score were not used as
predictors in XGBoost. This separation was used to
avoid target leakage and to ensure that the supervised
model learned risk-related patterns from academic
stress indicators rather than variables involved in label
construction [17].

The Min-Max transformation used before clustering is
expressed in Equation 1. This step ensured that the
depression, anxiety, and stress subscales contributed
comparably to Euclidean-distance-based clustering.

x' = (x - min(x)) / (max(x) - min(x)) 1)

K-Means clustering was applied to the normalized
DASS-21 depression, anxiety, and stress subscale
profile. The baseline random seed was set to 42.
Candidate k values from 2 to 10 were evaluated using
WCSS, silhouette score, Davies-Bouldin index, and
repeated-initialization stability. Although internal
compactness favored k = 2, the final k = 3 taxonomy
was retained because it provides low-, moderate-, and
high-risk groups that are more actionable for non-
clinical triage and early support prioritization [22], [28].

The K-Means objective minimized within-cluster
variation, as shown in Equation 2, where C_k denotes
cluster k, x_i denotes a student vector, and mu_k
denotes the centroid of cluster k.

J =3k = 1toK) Z(xiin Ck) |lx; — wl]” (2

After label construction, a stratified 80:20 train-test
split was applied to preserve class proportions,
producing 801 training records and 201 testing records.
The supervised models were evaluated under the same

Jurnal RESTI Vol. 10 No. 4 (2026)

target labels, predictor set, and data partition. Five-fold
stratified cross-validation was used to obtain
comparative mean + standard deviation metrics, while
the hold-out test set was used for detailed class-wise
performance, confusion matrix, ROC, PR, threshold,
and error analyses. No oversampling procedure such as
SMOTE was applied in the final model; instead,
stratification and class-wise metrics were used to
monitor imbalance effects [29], [30].

The main evaluation metrics were accuracy, precision,
recall, and F1-score. Because false negatives in high-
risk screening are practically important, recall and high-
risk false-negative rate were emphasized alongside
weighted F1-score.

2.5. Model Training, Ablation, Subgroup Analysis, and
SHAP Stability

XGBoost was configured for multiclass classification
and compared with Random Forest, Support Vector
Machine, Decision Tree, and Logistic Regression. The
comparative evaluation used stratified five-fold cross-
validation on the same cluster-derived target labels and
academic stress predictor set. The XGBoost
configuration was kept consistent across the final
pipeline, and model comparison was interpreted as an
empirical benchmark rather than a claim of algorithmic
novelty.

To answer the reviewer’s reproducibility concern, the
model comparison was conducted as a fixed-
configuration benchmark rather than an exhaustive
hyperparameter-optimization study. No automated Grid
Search, Random Search, or Bayesian optimization was
applied in the final reported experiment. All models
were evaluated using the same stratified five-fold cross-
validation folds, the same train-test partition, and
random seed 42. Because the cluster-derived classes
were sufficiently represented in the split, the final
XGBoost model did not use SMOTE or class-specific
sample weighting; imbalance effects were monitored
through class-wise recall, high-risk false-negative rate,
and subgroup performance.

The final static XGBoost configuration used
n_estimators = 100, learning_rate = 0.10, max_depth =

3, objective = multi:softprob, num_class = 3,
eval_ metric = mlogloss, subsample = 1.00,
colsample_bytree = 1.00, min_child_weight = 1,
gamma = 0, reg_alpha = 0, reg_lambda = 1,

random_state = 42, and n_jobs = -1. No automated
hyperparameter search was performed in the reported
experiment; all non-reported arguments followed the
implementation defaults used during analysis. These
values are reported to guarantee complete
reproducibility of the fixed-configuration benchmark.

The XGBoost prediction function is summarized in
Equation 3. The model combines multiple decision
trees to form an additive ensemble, allowing nonlinear
and interaction-based academic stress patterns to
contribute to the final class prediction.
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y i =2(t=1toT)f_t(xi), ft €F (3)

Ablation analysis was performed to quantify the relative
contribution of feature engineering and model selection.
The evaluated scenarios included baseline acdl-acd7
predictors, the addition of aggregate features, the
addition of interaction features, the proposed XGBoost
configuration, Random Forest baseline, and Logistic
Regression baseline. This analysis directly assesses
whether engineered stress features and nonlinear tree-
based models provide improvements over simpler
specifications.

Subgroup analysis was conducted to examine whether
risk class distributions and supervised model
performance varied across gender, study program,
faculty, and cohort. Subgroups with adequate test-set
support were evaluated using accuracy, F1-score, high-
risk recall, and high-risk false-negative rate. These
results were not interpreted as definitive fairness
certification, but as an internal bias-screening step to
identify groups where missed high-risk cases may
require further monitoring.

SHAP analysis was wused to explain feature
contributions for the high-risk class and the multiclass
model output [20], [31]. To avoid overinterpreting a
single split, SHAP robustness was assessed using rank
stability across five cross-validation folds and
bootstrap-based feature importance stability. SHAP
values were interpreted as model attribution rather than
causal evidence; causal claims would require
longitudinal or experimental research designs.

3. Results and Discussions
3.1 Cluster Construction, Sensitivity, and Stability

The three-cluster solution produced ordered increases
in depression, anxiety, and stress means across the low-
, moderate-, and high-risk groups. In raw DASS-21
score terms, C1 showed the lowest profile (DEP =
13.35, ANX = 11.08, STR = 7.34), C2 represented a
moderate burden profile (DEP = 26.53, ANX = 23.50,
STR = 18.59), and C3 represented the highest burden
profile (DEP = 39.83, ANX = 35.55, STR = 30.43). This
ordered pattern supports the substantive interpretation
of the clusters as non-clinical risk categories rather than
arbitrary numerical partitions. Table 3 reports the
centroid profile of the selected three-cluster solution in
raw DASS-21 score units.

Table 3. Cluster profile of the selected three-cluster solution in raw
DASS-21 score units.

Cluster DEP ANX mean STR Interpretation
mean mean
C1 13.35 11.08 7.34 Low Risk
(67 26.53 23.50 18.59 Moderate Risk
C3 39.83 35.55 3043 High Risk

The profile in Table 3 shows a clear raw-score
progression from C1 to C3, so the cluster labels are
substantively ordered. This supports using the clusters
as low-, moderate-, and high-risk categories for non-
clinical prioritization.
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Reporting the centroid values in raw DASS-21 score
units also makes the cluster interpretation easier to
understand for non-technical readers and institutional
stakeholders. This is important because the model is
intended to support practical risk prioritization, not only
statistical grouping. Table 4 presents the clustering
metrics used to compare candidate k values before
selecting the operational three-cluster taxonomy.

Table 4. Clustering evaluation metrics for candidate k values using
normalized DASS-21 subscale profiles.

k WCSS Silhouette Score
2 186.83 0.3819
3 129.49 0.3332
4 107.65 0.2748
5 98.24 0.2266
6 91.49 0.2178
7 86.78 0.2055
8 82.06 0.1961
9 77.56 0.2005
10 72.64 0.1967

Table 4 confirms that k = 2 produced the strongest
silhouette value, but k = 3 still retained acceptable
separation while offering a more useful three-level
triage taxonomy. The selected solution therefore
reflects a practical trade-off between statistical
compactness and institutional interpretability.

The sensitivity analysis confirms the trade-off noted by
the reviewer. The silhouette score was highest at k = 2,
indicating stronger internal compactness, whereas k =3
provided a more operationally useful taxonomy for
differentiating transitional or moderate-risk students
from high-risk students. The Davies-Bouldin trend also
shows that cluster validity declines for larger k values,
suggesting that additional groups would add
fragmentation without improving interpretability.
Therefore, the choice of k = 3 was based on a balance
between internal validity and institutional actionability
rather than on silhouette score alone. Figure 2 visualizes
the sensitivity of cluster validity across candidate k
values to justify the operational selection of three risk
groups.

Sensitivity Analysis of Cluster Validity across Candidate k Values

) Number M‘;:Iustsls (k)
Figure 2. Cluster validity sensitivity across candidate k values.

Figure 2 shows that selecting k = 3 does not simply
follow the highest silhouette value. Instead, the figure
supports the argument that the final clustering decision
balances statistical evidence with the practical need for
three actionable risk levels [32-34].
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K-Means stability was also evaluated across repeated
random initializations. K-Means has also been used in
previous student mental health clustering studies,
supporting its relevance for exploratory risk profiling in
educational datasets [35]. The stability plot indicates
that silhouette values remained close to the baseline
value, while Adjusted Rand Index (ARI) values were
generally high, suggesting that the three-cluster solution
was not driven by a single random initialization. This
supports the robustness of the label construction step
while still acknowledging that cluster-derived labels
remain sample-dependent and require external
validation. Figure 3 is included to show whether the
selected K-Means solution remains stable when
repeated with different random initializations.

Stability of K-Means Clustering across Repeated Random Initializations

Validation Metric Value

Silhauette Score Adjusted Rand Index {ARI)

Matric

Figure 3. K-Means stability across repeated random initializations.

The stability result indicates that the selected three-
cluster labels were not produced only by a favorable
seed. The silhouette values remained stable, and ARI
values were generally high, supporting the
reproducibility of the clustering stage within the current
dataset. Figure 4 complements the numerical cluster
profiles by projecting the DASS-21 risk groups into a
two-dimensional PCA space.

PCA-Based Visualization of Mental Health Risk Clusters

Principal Component 2 (7.1%)

Principal Component 1 (78.5%)

Figure 4. PCA visualization of the three mental health risk clusters.

The PCA projection shows ordered but partially
overlapping risk regions, which is expected because
mental health risk is continuous rather than perfectly
discrete. The overlap also explains why most
classification errors occur between adjacent risk classes
[36].
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3.2 Predictive Performance, Ablation, and Error

Analysis

The proposed XGBoost model achieved balanced
performance on the 201-record hold-out testing set. The
low-risk class produced precision, recall, and F1-score
values of 0.9184, 0.8824, and 0.9000. The moderate-
risk class produced 0.8889, 0.8889, and 0.8889, while
the high-risk class produced 0.8679, 0.9020, and
0.8846. The weighted-average precision, recall, and F1-
score were 0.8910, 0.8905, and 0.8906, respectively.
These values indicate that the model performed
consistently across the three risk categories, with the
high-risk class retaining strong recall on the hold-out
test set. Table 5 summarizes the class-wise hold-out
performance of the proposed XGBoost model.

Table 5. Class-wise hold-out performance of the XGBoost model on
the 201-record testing set.

Class Support Precision Recall F1-score
Low Risk 51 0.9184 0.8824 0.9000
Moderate Risk 99 0.8889 0.8889 0.8889
High Risk 51 0.8679 0.9020 0.8846
Weighted 201 0.8910 0.8905 0.8906
average

Table 5 indicates that the model performed consistently
across classes, with the highest F1-score for low risk
and a slightly lower F1-score for high risk. This pattern
shows good overall performance but also identifies
high-risk recall as the main point for operational
monitoring. Figure 5 summarizes the hold-out
classification errors so that both correct predictions and
adjacent-class misclassifications can be evaluated.

Annotated Confusion Matrix with Class-wise Percentages
(n = 201 Testing Records)

6
(11.8%) (0.0%)

True Risk Class
Number of Students

5|
(0.0%) (9.8%)

High Risk

ow Risk Moderate Risk High Risk =0

Predicted Risk Class
Figure 5. Annotated confusion matrix on the 201-record testing set.

which represent the most important missed-risk pattern
for early-warning use.

The annotated confusion matrix shows that the model
correctly classified 179 of 201 testing records. It
correctly identified 45 low-risk students, 88 moderate-
risk students, and 46  high-risk  students.
Misclassifications were concentrated between adjacent
categories: six low-risk cases were predicted as
moderate risk, four moderate-risk cases were predicted
as low risk, seven moderate-risk cases were predicted
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as high risk, and five high-risk cases were predicted as
moderate risk. No low-risk case was predicted directly
as high risk, and no high-risk case was predicted
directly as low risk. This pattern is important because
the most severe cross-extreme errors were absent,
although high-risk false negatives remain practically
important.

The comparison indicates that XGBoost and Random
Forest achieved very similar overall performance, while
SVM, Decision Tree, and Logistic Regression were
lower. This supports the use of tree-based nonlinear
models for academic stress predictors. Table 6 reports
cross-validation-based model comparison results to
benchmark XGBoost against alternative classifiers.

Table 6. Model performance comparison using stratified cross-
validation mean + standard deviation.

Model Accuracy Precision Recall F1-score
XGBoost 0.8603 = 0.8631 = 0.8603 = 0.8601
(Proposed) 0.0180 0.0176 0.0180 0.0180
Random 0.8583 + 0.8656 + 0.8583 + 0.8579 +
Forest 0.0103 0.0104 0.0103 0.0103
SVM 0.8423 + 0.8608 + 0.8423 + 0.8405 +

0.0162 0.0163 0.0162 0.0164
Decision 0.8303 + 0.8325 + 0.8303 + 0.8304 +
Tree 0.0119 0.0121 0.0119 0.0119
Logistic 0.7884 + 0.8444 + 0.7884 + 0.7799 +
Regression 0.0193 0.0163 0.0193 0.0209

Table 6 shows that XGBoost achieved the best mean
accuracy, recall, and F1-score, while Random Forest
remained a close competitor. Therefore, the advantage
of XGBoost is not only numerical performance but also
its ability to support SHAP-based interpretation of
nonlinear feature effects. These models were selected
because they are commonly used as comparative
baselines in structured classification tasks, including
RESTI-related machine learning studies [37].

The comparative results show that XGBoost achieved
the highest mean accuracy, recall, and F1-score, while
Random Forest achieved a slightly higher mean
precision. The performance difference between
XGBoost and Random Forest was modest, so the
proposed model should not be interpreted as
algorithmically superior in a universal sense. Instead,
XGBoost was retained because it provided a strong
balance between predictive performance, nonlinear
interaction modeling, and post-hoc explanation through
SHAP [18-20]. Figure 6 reports the ablation results used
to assess whether engineered features and model
selection improve prediction performance.

Ablation Study of Feature Engineering & Model Selection

Weighted F1-Scare

Model Scenario

Figure 6. Ablation study of feature engineering and model selection.
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The ablation analysis addresses the reviewer’s concern
that the contribution of the hybrid pipeline was
previously under-tested. The baseline acd1-acd7 model
already produced strong performance, indicating that
academic stress indicators contain substantial predictive
information. The addition of aggregate and interaction
features resulted in small but consistent improvements,
especially when paired with nonlinear tree-based
models. Logistic Regression remained lower than the
tree-based  models, suggesting that nonlinear
combinations among academic stressors contribute to
prediction. Figure 7 evaluates the high-risk decision
threshold because missed high-risk cases are the most
consequential screening error.

Precision-Recall Trade-off for High-Risk Threshold Selection

Metric Value

00 0z 04 06 08 10

Probabilty Throshold (lass: High Risk)
Figure 7. High-risk threshold trade-off analysis.

The threshold analysis clarifies the operational use of
the early-warning framework. Because the most
consequential error is missing a high-risk student,
institutions may select a lower high-risk threshold to
increase recall even if this increases false alerts. In the
present internal analysis, a threshold of 0.52 provided a
favorable high-risk F1-score. However, any threshold
used in practice should be validated with counseling
capacity, human review, and institutional policy before
deployment. Figure 8 compares academic stress profiles
between detected and missed high-risk students to
illustrate the model failure pattern.

Canrectly Detecse Missed fas ModLorw)
Feature Profile Comparison between Detected and Missed High-Risk Cases

Average Stress Scors (Unscaled, 1-5)

acat acd2 acal acd

Academic Strassor Variablos

Figure 8. Feature profile comparison of detected and missed high-
risk cases.

The high-risk error profile shows that correctly detected
high-risk cases tended to have consistently high
academic stress scores across multiple indicators,
whereas missed high-risk cases displayed lower or more
uneven academic stress profiles. This suggests that
some high-risk students may not express uniformly high
academic stress across all indicators, making them
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harder to identify from academic stress features alone.
This reinforces the need for human review and
complementary professional assessment when the
model is used for prioritization. Figure 9 assesses
whether predicted probabilities are reasonably aligned
with observed risk outcomes.

Calibration Curve of Predicted Risk Probabilities

Observed Probability

0o 02 04 08 08 10
Pradicted Probability

Figure 9. Calibration curve of predicted risk probabilities.

The calibration curve suggests that the model
probabilities are informative but not perfectly calibrated
across all probability ranges. Therefore, predicted
probabilities should be used as prioritization scores
rather than exact estimates of clinical risk.

The calibration curve indicates generally plausible
probability behavior, particularly at higher predicted
probabilities, but also shows deviations in the mid-
probability range. These deviations mean that
probability scores should not be interpreted as exact
clinical risk probabilities. For practical deployment, the
model should be recalibrated and externally tested
before probability thresholds are used as institutional
decision rules.

3.3 Subgroup Distribution and Bias Screening

Figure 10 presents the demographic distribution of risk
classes to screen visible subgroup imbalance. The
distribution plot shows that high-risk proportions vary
moderately across study programs, faculties, and
cohorts, while gender differences are relatively small.
These descriptive differences justify subgroup
monitoring but do not imply causal demographic
effects.

The subgroup distribution was broadly comparable by
gender, while study program, faculty, and cohort
showed modest variation. These descriptive patterns
should not be interpreted as causal demographic effects.
Figure 11 reports subgroup performance to identify
variation in accuracy, Fl-score, high-risk recall, and
false-negative rate.

The heatmap identifies variation in high-risk recall.
Higher false-negative rates in some subgroups indicate
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that deployment should include periodic fairness
monitoring.

Distribution of Mental Health Risk Classes across Demographic Subgroups

Ml Health Risk Clans by Gander Mental Hesith Risk Ciaas by Study Program

oo

Clags by Cohut Wental Heath Risk Class by Faculty

%Mg
0

Figure 10. Risk class distribution across demographic subgroups.

Subgroup Performance Heatmap for Model Fairness Assessment

Stugy Program: Sistem infomnasi
Study Program: Teknik Informatika
Study Program: Manajemen

Cohort: 2022

Cohort: 2023

Figure 11. Subgroup performance heatmap for fairness screening.

Most subgroups achieved high accuracy and F1-score
values. However, high-risk false-negative rates were
higher in the 2024 cohort and Informatics Engineering
subgroup. This does not establish discriminatory bias
because subgroup sizes are smaller than the full test set,
but it indicates where follow-up validation is needed.
The 2024 cohort may still be adapting to university
assessment norms and may report pressure less
uniformly, while Informatics Engineering stress may
appear through project-based workload, programming-
debugging pressure, and deadline cycles that are not
always captured by all seven academic stress items.

3.4 ROC, Precision-Recall, and Probability-Based
Evaluation

Figure 12 evaluates one-vs-rest class discrimination for
each risk category using ROC analysis. The ROC
curves indicate strong separability for low- and high-
risk classes, while moderate risk remains more difficult
because it occupies a transitional position between the
two extremes. ROC-AUC was included because it
supports class-discrimination assessment beyond
accuracy and is widely used for classifier audit and
explanation [38].

The one-vs-rest ROC analysis confirms strong
discrimination across classes. The AUC values were
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approximately 0.99 for low risk, 0.95 for moderate risk,
and 0.98 for high risk. The moderate-risk class
remained the most difficult to separate because it lies
between low- and high-risk profiles, which is consistent
with the PCA visualization and adjacent-category
misclassification pattern.

One-vs-Rest ROC Curves with Class-wise AUC Values and 95% CI

10 =i
IF

{

True Positive Rate (Sensitivity)

00 02 04 08 08 10

False Positiva Rata (1 - Specificity)
Figure 12. One-vs-rest ROC curves with class-wise AUC values.

Figure 13 evaluates precision-recall behavior across
risk classes, which is important for screening settings
with potential false alerts and missed cases.

Precision-R Il Curves for Risk Prediction

Precision (Positive Predictive Value)

00 02 04 08 08 10

Recall (Sensitivity)
Figure 13. Precision-recall curves for multiclass risk prediction.

The precision-recall curves confirm that the model
maintains strong precision at high recall ranges, which
is relevant for screening use where missed high-risk
students are more consequential than ordinary
classification errors.

The precision-recall analysis further supports model
performance under class-specific evaluation. This
analysis is particularly relevant in screening settings
because a high number of false alerts may burden
counseling services, whereas low recall may delay
support for students who need further assessment. The
high-risk curve remained strong, but threshold selection
should prioritize recall when the institutional objective
is early support rather than strict classification
accuracy.
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3.5 SHAP Interpretation and Stability

Figure 14 shows the SHAP distribution for high-risk
prediction to explain both feature importance and the
direction of feature effects.

SHAP Summary Plot of Academic Stress Predictors (High Mental Health Risk)
High

acd_mean
acd2_x_acd3 +
acd1_x_acd3
acd1_x_acd2
acd3_x_acdd
acd3_x_acd6
acd2_x_acd5
acd3_x_acd?
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acd6_x_acd?

Feature value
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acd5_x_acd6
acd1_x_acd?
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Figure 14. SHAP summary plot for high-risk prediction.

The beeswarm plot confirms that higher cumulative
academic stress generally pushes the model toward
high-risk predictions. It also shows that interaction
features involving exam anxiety and learning-method
adaptation contribute meaningfully to high-risk
classification.

The SHAP beeswarm plot indicates that acd_mean was
the most influential predictor for high-risk prediction.
High cumulative academic stress values pushed
predictions toward the high-risk class. Several
interaction features also appeared among the dominant
predictors, especially acd2_x_acd3, acdl x_acd3, and
acdl x acd2. These patterns indicate that parental
expectation-related pressure, exam anxiety, and
learning-method adaptation stress interact in shaping
the model’s risk prediction. Figure 15 evaluates
whether top SHAP feature rankings remain consistent
across cross-validation folds.

Rank Stability of Top SHAP Predictors across Cross-Validation Folds

acd_x_acdd
acdt_x_scaz
acd3_x_sos4

acd3_x_acds

Predictor Rank

acd2_x_acd5

aca3_x_aca?

acd3_x_acds

acd6_x_acd?

Fold 1 Fold2 Fold 3 Fold 4 Fald 5
Fold

Figure 15. SHAP rank stability across cross-validation folds.
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The rank-stability heatmap shows that the strongest
predictors remain relatively consistent across folds,
whereas lower-ranked interactions fluctuate more. The
discussion therefore focuses on stable top predictors
rather than overinterpreting every feature.

The SHAP rank stability analysis shows that acd_mean,
acd2_x_acd3, and acdl x_acd3 consistently appeared
among the top-ranked predictors across folds. Some
lower-ranked interaction features varied substantially
across folds, indicating that their importance may be
more sample-specific. The interpretation therefore
emphasizes the most stable predictors rather than every
interaction feature. Figure 16 reports bootstrap-based
SHAP stability to assess uncertainty around feature
importance estimates.

SHAP Feature Importance Stability (50 Bootstrap Repetitions with 95% CI)

e I —
Leaming etnod o I o
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Mean Absolute SHAP Value (High Risk Prediction)

Figure 16. Bootstrap-based SHAP feature importance stability.

The bootstrap analysis adds uncertainty information to
the SHAP interpretation. Cumulative academic stress
remains the most reliable predictor, while wider
intervals for several interactions indicate that their
importance should be interpreted cautiously.

The bootstrap-based SHAP stability analysis further
indicates that cumulative academic stress remained
among the most consistently influential features.
However, several interaction features had wider
uncertainty ranges, which suggests that their attribution
strength should be interpreted cautiously. These results
address the reviewer’s concern that SHAP explanations
should not be based solely on a single training-test split.

Table 7. SHAP-based interpretation of stable influential academic
stress features.

Important

Meaning Institutional Implication
Feature

acd_mean Cumulative Early mentoring for

academic stress  students with broad stress
exposure

acd2_x_acd3 Parental Exam and grading support
expectation & program; expectation
Exam anxiety counseling

acdl x_acd3 Learning Lecturer communication
method & Exam  and assessment
anxiety transparency

acd_std Variance in Targeted support for
academic specific acute academic
stressors issues

acdl Learning Review teaching

method pressure  methodologies and

workload
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Table 7 translates the stable SHAP predictors into
practical meanings and possible institutional
implications. Table 7 converts the stable SHAP
predictors into institutional meaning. The table
indicates that cumulative stress and combined pressures
involving parental expectations, exam anxiety, and
learning-method adaptation are the most actionable
signals for early support.

3.6 Practical, Ethical, and Deployment Implications

The revised analysis clarifies that the framework is an
assistive screening tool for prioritizing academic
mentoring or counseling referral. High-risk predictions
should trigger human review by authorized personnel,
not permanent labeling or clinical diagnosis [22], [23].

The Streamlit-based prototype demonstrates how the
framework can be operationalized in educational
settings. Users can input academic stress indicators and
obtain automated risk classifications with SHAP-based
explanations. However, deployment requires strict
governance: informed data use, restricted access,
logging of model outputs, clear referral protocols,
periodic recalibration, and monitoring of subgroup
performance. Because the current model was trained on
1,002 records from UMK, the Streamlit prototype
should be implemented only after local retraining and
recalibration with institutional data; otherwise, local
teaching culture, assessment practices, counseling
procedures, and student response patterns may shift
feature-risk relationships. These safeguards are
necessary because the model is based on a single-site
dataset and single-item academic stress indicators.

3.7 Limitations and Future Work

This study has several limitations. First, the dataset was
collected from a single institution, so local curriculum,
teaching culture, assessment practices, student-support
procedures, and data-collection timing may influence
the model. The trained model may therefore overfit to
the institutional characteristics of Universitas Muria
Kudus and should not be transferred directly to other
universities. Institutions outside UMK should treat the
current system as a transferable workflow rather than a
ready-to-use  trained model; local retraining,
recalibration, and external validation are required
before implementing the Streamlit prototype. Second,
the risk labels were derived from K-Means clustering
and therefore depend on DASS-21 score construction,
normalization, and cluster interpretation.

Although sensitivity and stability analyses were added,
cluster-derived labels remain empirical categories
rather than clinical diagnoses.

Academic stress dimension was operationalized using a
single-item Likert indicator. Single-item measures are
practical for early screening but cannot fully capture the
reliability and construct validity of multidimensional
academic stress constructs. Future research should use
validated multi-item academic stress scales and report
psychometric reliability. Fourth, the validation remains
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internal. Although hold-out testing, cross-validation,
subgroup analysis, calibration, threshold analysis, and
SHAP stability checks improve robustness, they do not
replace external, temporal, or prospective validation.
Fifth, SHAP explanations should be interpreted as
model attribution, not causal evidence.

Future work should evaluate the model in multiple
universities, test temporal stability across academic
semesters, incorporate validated multi-item stress
instruments, compare alternative clustering algorithms,
and examine whether human-in-the-loop review
improves support outcomes. Deployment studies
should also evaluate counseling workload, false-alert
management, student consent, and the fairness of
referral decisions.

4, Conclusions

This study developed and revised an explainable early-
warning framework for mapping student mental health
risk from academic stress indicators. K-Means
clustering was used to construct low-, moderate-, and
high-risk categories from DASS-21 subscale profiles,
while XGBoost predicted the cluster-derived labels
from academic stress indicators and engineered
features. On the 201-record hold-out test set, the model
produced weighted precision, recall, and F1-score
values of 0.8907, 0.8905, and 0.8906, respectively.

The revised analysis strengthens the manuscript by
adding ablation analysis, K-Means sensitivity and
stability testing, annotated error analysis, threshold
evaluation, calibration diagnostics, demographic
subgroup analysis, SHAP beeswarm interpretation,
SHAP rank stability, and bootstrap-based SHAP
stability. These additions address the reviewers’
concerns  about  methodological  transparency,
robustness, subgroup performance, and interpretability.

The findings indicate that cumulative academic stress
and interactions involving parental expectation, exam
anxiety, and learning-method adaptation are important
signals for predicting high-risk profiles. Nevertheless,
the model is intended only as non-clinical decision
support for early institutional prioritization and
counseling referral. Because the study uses a single-site
dataset and single-item academic stress indicators,
external validation and psychometric strengthening are
required before broader deployment. Any institution
intending to use the Streamlit prototype must retrain
and recalibrate the model on local student data before
implementation.

The framework was also translated into a Streamlit-
based prototype, demonstrating that the proposed model
can be operationalized as an interactive and explainable
early-warning interface for authorized academic
support stakeholders. In practical use, the prototype
should function as a locally retrained decision-support
interface rather than an automatically transferable
diagnostic system.
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