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Abstract: Mental health issues, particularly depression among young adult university students,
are often detected late due to stigma and reluctance to seek medical consultation. The objective
of this study is to develop an early screening model employing machine learning techniques,
specifically the random forest algorithm, on a dataset of 268 students (aged 17-29 years; con-
sisting of 98 males and 170 females) within a multicultural educational setting. The principal
challenges associated with this dataset are class imbalance and the potential for data leakage
from clinical scores. This study implements a rigorous feature selection approach that involves
the elimination of depression score features and the utilization of the Synthetic Minority Over-
sampling Technique (SMOTE) to balance the training data distribution. Furthermore, a Thresh-
old Tuning strategy is employed to prioritize detection sensitivity (Recall). The findings indicate
that reducing the decision threshold to an optimal value of 0.25 led to a substantial enhancement
in the recall value, increasing it from 36% (baseline) to 77%. A feature importance analysis was
conducted, the results of which indicated that Total Social Connectedness (ToSC) is the most
dominant predictor. In summary, the present study corroborates the notion that optimizing sensi-
tivity through threshold tuning is of paramount importance for medical screening. Furthermore,
social isolation factors emerge as more significant indicators of depression risk than demograph-
ic attributes.
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Abstrak: Masalah kesehatan mental, khususnya depresi di kalangan mahasiswa dewasa muda,
sering terdeteksi terlambat akibat stigma dan enggan mencari konsultasi medis. Tujuan studi ini
adalah mengembangkan model skrining dini menggunakan teknik machine learning, khususnya
algoritma random forest, pada dataset 268 mahasiswa (usia 17-29 tahun; terdiri dari 98 laki-laki
dan 170 perempuan) dalam lingkungan pendidikan multikultural. Tantangan utama yang terkait
dengan dataset ini adalah ketidakseimbangan kelas dan potensi kebocoran data dari skor Klinis.
Studi ini menerapkan pendekatan seleksi fitur yang ketat, yang melibatkan eliminasi fitur skor
depresi dan penggunaan Teknik Over-sampling Minoritas Sintetis (SMOTE) untuk menyeim-
bangkan distribusi data pelatihan. Selain itu, strategi Penyesuaian Ambang Batas diterapkan
untuk memprioritaskan sensitivitas deteksi (Recall). Hasil penelitian menunjukkan bahwa men-
gurangi ambang batas keputusan ke nilai optimal 0,25 menyebabkan peningkatan signifikan
dalam nilai recall, dari 36% (dasar) menjadi 77%. Analisis pentingnya fitur dilakukan, hasilnya
menunjukkan bahwa Total Social Connectedness (ToSC) adalah prediktor yang paling dominan.
Secara ringkas, studi ini membenarkan bahwa mengoptimalkan sensitivitas melalui penyesuaian
ambang batas sangat penting untuk skrining medis. Selain itu, faktor isolasi sosial muncul se-
bagai indikator risiko depresiyang lebih signifikan daripada atribut demografis.

Kata kunci: penambangan data; depresi; data tidak seimbang; hutan acak; smote; penyesuaian
ambang batas
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INTRODUCTION

Depression poses a significant
global challenge [1], particularly within
the context of higher education. Interna-
tional students encounter elevated levels
of risk due to acculturative stress, lan-
guage barriers, and feelings of isola-
tion[2]. Early detection is of the essence,
yet this is frequently impeded by social
stigma and restricted access to ser-
vices[3]. It is evident that delayed inter-
vention has a detrimental effect on aca-
demic achievement and increases the risk
of suicide[4]. Consequently, the utilisa-
tion of an objective, artificially intelligent
screening system that employs demo-
graphic and social patterns is imperative.

Recent studies have indicated an
escalation in  depressive  symptoms
among students in the post-pandemic era,
attributable to prolonged isolation and
future uncertainty[5][6]. Furthermore, the
transition to hybrid learning has given
rise to novel stressors, including digital
fatigue and diminished peer interac-
tion[7].

As demonstrated in previous stud-
les, machine learning has been shown to
be an effective method for identifying
mental disorders[8], [9]. While Convolu-
tional Neural Networks (CNNSs) and oth-
er deep learning models demonstrate high
levels of accuracy, they necessitate sub-
stantial computational resources and ex-
tensive datasets, which are frequently not
available  in university clinical  set-
tings[10].  Consequently,  conventional
algorithms such as Random Forest con-
tinue to be the preferred approach for
tabular data due to their interpretability
and efficiency on smaller datasets[11].
Furthermore, Random Forest has been
shown to be more effective in processing
multi-dimensional medical data and is
less susceptible to overfitting compared
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to single decision trees[12].

Social factors have also been
identified as playing a critical role in this
regard. Theories propose that social con-
nectedness constitutes a fundamental
human need[13], while discrimination or
social isolation have been shown to have
a significant impact on students' well-
being[14]. Furthermore, it has been evi-
denced that problematic internet use is a
comorbidity of depression in  young
adults [15].

However, extant datasets fre-
quently exhibit wulnerabilities with re-
spect to data leakage risks and severe
class imbalance[16]. In addressing these
gaps, the present study employs a sec-
ondary dataset from a multicultural set-
ting. The primary objective is to develop
a robust screening model that is opti-
mised for sensitivity. The objective of
this research is to address the issue of
class imbalance through the implementa-
tion of the Synthetic Minority Over-
sampling Techniqgue (SMOTE), with the
ultimate goal of enhancing the identifica-
tion of at-risk students (Recall) by lever-
aging Threshold Tuning. Additionally,
the research seeks to analyse significant
social predictors, thereby supporting the
development of preventive interventions.

METHOD

The method delineated in this sec-
tion adheres to the Knowledge Discovery
in Databases (KDD) standard, with modi-
fications to accommodate imbalanced
classification. As illustrated in Figure 1,
the research process encompasses a series
of stages, including data collection and
performance evaluation.
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Dataset Nguyen et al.
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Result
(Recal & Feature Impotance)

Figure 1. Proposed Research
Methodology

The dataset used in this study is
sourced from Nguyen et al.(2019), col-
lected through a survey at Ritsumeikan
Asia Pacific University (APU), Japan. It
consists of 268 respondents, comprising
75% international students and 25% do-
mestic  students, predominantly falling
within the young adult age category (17-
29 years). The dependent variable is de-

pression status (Dep), derived from the
PHQ-9 instrument. The independent var-
iables include demographics and social-
psychological factors.

The preprocessing of data entailed
a rigorous procedure of feature selection
and encoding. The 'Total Depression
Score” (ToDep) variable was eliminated
to avert data leakage, thereby ensuring
that the model predicts based on social
profiles rather than clinical scores. The
conversion of categorical variables was
executed through the utilization of Label
Encoding. Imbalanced datasets present a
considerable challenge in the context of
medical diagnosis, as conventional classi-
fiers often exhibit bias toward the majori-
ty class, thereby overlooking the minority
positive cases[17]. In order to remediate
the class imbalance, characterized by a
preponderance of "Healthy" respondents
relative to "Depressed” respondents, the
Synthetic Minority Over-sampling Tech-
nique (SMOTE)[18] was implemented.
SMOTE is an algorithm that generates
synthetic data for the minority class
based on k-nearest neighbors in the fea-
ture space.

Table 1. Description of Dataset Attributes

Attribute  Group

Variable Description

Demographics

Includes Gender (Sex), Age (Years), Academic (Level of study),
and Stay (Duration of stay in years).

Social Metrics

ToSC (Total Social Connectedness): A score measuring the sense
of belonging and social bond.

Ten variables measuring preference to seek help from: Partner,

Help-Seeking

Friends, Parents, Relative, Profess (Professional), Doctor, Reli (Re-

ligion), Alone (Self-help), Others, and Internet.

ToDep (Total Depression Score): The raw PHQ-9 score used to la-

Clinical Score

bel the target. (Note: This feature is removed during training to
prevent data leakage).

Target Class

Dep (Depression Status): The binary classification target (0 =
Healthy, 1 = Depressed).

This process was applied exclu-

sively to the training set, while the origi-
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nal testing set was maintained for the
purpose of valid evaluation.

The classification model em-
ployed is Random Forest [18], an ensem-
ble learning technique that combines pre-
dictions from multiple decision trees. The
mechanism in question involves two dis-
tinct processes: Bootstrap Aggregating
(Bagging) and Random Feature Selec-
tion. The purpose of these processes is to
reduce the correlation between trees. In
the context of tree construction, the Gini
Impurity index serves as a metric for
evaluating the quality of node splits. The
calculation of impurity for a node t is de-
lineated in Equation (1).

Gini(t) = 1 - Y22 pEl)]? (1)

In this context, p(i|t) signifies the
proportion of records that fall into class i
at node t, with ¢ representing the total
number of classes. The final prediction is
subsequently determined through a Ma-
jority Voting mechanism, as expressed in
Equation (2).

y =mode{h,(x),h,(x),..., h,(x)} (2)

In this context, h,(x) signifies the
prediction output of the i-th decision tree,
while k represents the total number of
trees in the forest. In this study, the mod-
el was configured with 200 trees
(n_estimators=200) and a maximum
depth of 5 (max depth=5) to prevent
overfitting. The class that manifests most
frequently among these k predictions is
selected as the final output. This ensem-
ble approach effectively reduces variance
and improves model stability in compari-
son with the use of a single decision tree.

In order to validate the model, the
dataset was divided into a training set,
which constituted 80% of the data, and a
testing set, which constituted 20% of the
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data. This division was accomplished
through the use of stratified sampling, a
technique that was employed to ensure
the preservation of the class distribution.
The experiment was executed in its en-
tirety through the utilization of the Py-
thon 3.9 programming language in con-
junction with the Scikit-learn library.
Moreover, given that the conventional
classification threshold (0.5) frequently
proves to be inadequate for imbalanced
data, this study employs a Threshold
Tuning strategy. This process entails the
adjustment of the decision boundary,
predicated on the estimation of probabili-
ties, with the objective of optimizing the
recall while maintaining a reasonable
level of precision.

RESULT AND DISCUSSION

This section undertakes an eval-
uation of the classification results on the
20% testing set, with a focus on prioritis-
ing recall (sensitivity) over accuracy, a
strategy necessitated by the imbalanced
nature of the dataset. The experiment
compares the standard Random Forest
model with the proposed model that has
been optimised with SMOTE and
Threshold Tuning.

Performance Analysis and Threshold
Tuning

Initially, the Random Forest mod-
el with the standard decision threshold
(0.50) demonstrated unsatisfactory per-
formance in detecting the minority class.
As demonstrated in Figure 2(a), the
standard model failed to identify a sub-
stantial number of depressed students,
leading to 14 false negatives and a low
recall of 36%. This is particularly prob-
lematic in the context of medical screen-
ing, where the failure to adequately rec-
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ord a patient's vital signs can have serious
consequences.
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In order to rectify this issue, a
threshold tuning strategy was initiated,
which entailed the reduction of the deci-
sion boundary to 0.25. As illustrated in
Figure 2(b), the confusion matrix of the
optimized model is presented.
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The optimized model demon-

strates high efficacy, identifying 17 out
of 22 depressed cases (True Positives),
and significantly reducing false negatives
to 5. Quantitative analysis of these results
is presented in Table 2. While the stand-
ard threshold (0.50) offered superior pre-
cision (0.70), its recall (0.36) was inade-
quate for medical screening. Conversely,
an adjustment of the threshold to 0.25
resulted in a surge to 0.77. Despite the
rise in false positives, this strategic trade-
off is deemed acceptable in order to min-
imise the number of missed diagno-
ses[11].

Table 2. Model Performance at Different
Decision Thresholds

. False
Threshold  Recall  Precision Negatif
0.50 0.36 0.62 14
0.45 0.50 0.58 11
0.40 0.50 0.48 11
0.35 0.64 0.48 8
0.30 0.68 0.45 7
0.25 0.77 0.40 5
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This study also expanded the ex-
periment to lower thresholds, specifically
below 0.25, to assess the limits of the
model. Nevertheless,  the  findings
demonstrated a substantial decline in pre-
cision, a phenomenon often referred to as
a "precision crash." At thresholds below
0.25, the model exhibited a tendency to
categorize the majority of the test popula-
tion as the positive class, designated as
"Depressed.” This condition resulted in a
substantial increase in the number of
false positives, thereby diminishing the
model's capacity to differentiate between
subjects with healthy and depressed
states. Therefore, it was determined that
the threshold of 0.25 was the optimal
equilibrium point termed the "sweet spot”
in this context where detection sensitivity
(e., recall) is maximized just before the
rate of misdiagnosis (i.e., false positives)
becomes unmanageable.

Feature Importance Analysis

A comprehensive  understanding
of the determinants of depression is im-
perative for the development of effective
intervention strategies. As illustrated in
Figure 3, the Feature Importance scores
are based on Gini impurity reduction.
The analysis indicates that "Total Social
Connectedness” (ToSC) is the dominant
predictor.
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0.20
Importance

Figure 4. Feature Importance Score
identifying key predictors of depression

The analysis indicates that "Total
Social Connectedness” (ToSC) is the
most dominant predictor, as indicated by
its highest importance score. This finding
aligns with psychological theories that
posit a lack of belongingness as a funda-
mental precursor to depression[13]. Stu-
dents who exhibit low social connected-
ness scores demonstrate a heightened de-
gree of wulnerability. In accordance with
the findings of ToSC, the variables asso-
ciated with help-seeking behaviors name-
ly, "Internet” and "Alone" emerge as
preeminent predictors. This finding sug-
gests a concerning pattern among stu-
dents at risk, who often exhibit a tenden-
cy to withdraw from social interactions
and rely on non-interpersonal coping
mechanisms, such as the internet. The
present findings align with the conclu-
sions of Shannon et al.[15], which estab-
lish a correlation between problematic
internet use and depressive symptoms.

A salient finding of the study was
the relative insignificance of demograph-
ic variables such as gender and academic
level in  comparison to  social-
psychological factors. This finding indi-
cates that, within this particular multicul-
tural student population, the likelihood of
depression is predominantly influenced
by the quality of social interaction and

314

coping mechanisms, rather than biologi-
cal gender or academic strata. This in-
sight is of significant value to university
policymakers, as it underscores the im-
portance of fostering inclusive social en-
vironments rather than merely targeting
specific demographic groups.

CONCLUSION

The objective of this study was to
develop an early depression detection
model that is optimized for imbalanced
data in a multicultural student context.
The study was successful in achieving
this objective. The integration of SMOTE
and Random Forest was found to be an
effective method for recognizing patterns
characteristic of minority classes. A sali-
ent finding of this research is that the
conventional decision threshold proves
inadequate for medical screening. The
application of a Threshold Tuning strate-
gy at 0.25 was identified as the optimal
equilibrium  point, thereby significantly
enhancing recall to 77% while maintain-
ing a manageable false positive rate.
Lowering the threshold to this lower limit
resulted in a precision crash, thereby con-
firming 0.25 as the effective limit for this
dataset. In addition, the feature analysis
indicates that social isolation, as indicat-
ed by low Total Social Connectedness
(ToSC) and non-interpersonal  help-
seeking behaviors (e.g., reliance on the
internet), is the primary determinant of
depression risk. These factors have been
found to be more significant than biolog-
ical or academic factors in this regard.

In the interest of advancing the
field, it is advised that future endeavors
involve the validation of this model on
data sets with a more extensive cultural
background. This will facilitate an as-
sessment of its generalizability. Further-
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more, subsequent studies may investigate
the potential of hybrid deep learning
methods to enhance precision without
compromising recall. From a pragmatic
standpoint, higher education institutions
are strongly encouraged to prioritize in-
tervention programs that emphasize fos-
tering a sense of social belonging. Addi-
tionally, it is recommended that these in-
stitutions consider leveraging the opti-
mized screening model as a proactive
instrument to facilitate early mental
health support.
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