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Abstract
Background 
and Study Aim

Student-athletes studying abroad experience increased risks of anxiety and depression as they 
balance academic and athletic responsibilities in cross-cultural environments. These psychological 
challenges may vary depending on individual adaptation, motivation, and environmental stressors. 
Although previous studies have applied network analysis to explore the structure of anxiety and 
depression symptoms, the relative effectiveness of advanced semantic approaches in identifying 
subgroup heterogeneity remains of practical interest. As a follow-up study, this research aimed to 
apply a transformer-based semantic embedding approach to cluster the mental health profiles of 
international student-athletes and to compare the model’s performance with traditional clustering 
methods.

Material and 
Methods

Data were collected from 219 Chinese international student-athletes who completed the 
Generalized Anxiety Disorder 7-item (GAD-7) and the Patient Health Questionnaire-9 (PHQ-9).
Three models were compared: (1) K-means clustering on raw item scores, (2) K-means clustering 
after dimensionality reduction using Principal Component Analysis (PCA), and (3) K-means 
clustering on pseudo-text representations embedded via a transformer model, followed by PCA and 
K-means. Internal validity was assessed with silhouette scores. Between-cluster differences were 
analyzed using t-tests with Holm correction, effect sizes (Cohen’s d), and cluster profiles.

Results Model 3 (Transformer embeddings + PCA + K-means) outperformed Models 1 and 2, achieving 
the highest silhouette score (0.391). Visualization in 2D and 3D projections confirmed clearer 
separation. Three clusters were identified: Cluster 2 (high symptoms), Cluster 0 (intermediate), and 
Cluster 1 (low symptoms). Pairwise comparisons revealed significant differences across nearly all 
items.

Conclusions Transformer-based semantic embeddings provide an effective approach to clustering psychological 
symptoms, outperforming traditional numerical methods. The results indicate the heterogeneity of 
anxiety and depression subgroups among student-athletes during study abroad, offering valuable 
insights for targeted screening, early identification, and long-term monitoring.

Keywords: anxiety, depression, machine learning clustering, transformer embeddings, student-athlete.

Introduction
International student-athletes represent a 

unique population facing complex psychological 
and social challenges during their studies abroad. 
The combination of academic responsibilities, 
competitive athletic demands, and adaptation to 
new cultural environments creates conditions that 
may heighten emotional vulnerability and affect 
overall mental well-being. Managing this dual 
role requires sustained cognitive, physical, and 
emotional resources, often leading to increased 
stress and potential development of anxiety or 
depressive symptoms. Taken together, these 
interrelated factors determine the mental state 
and academic performance of student-athletes in 
international educational settings.

In this context, previous research on anxiety 
and depression among college students or athletes 

has been well established [1, 2, 3], but studies 
on the mental health of student-athletes during 
their study abroad period remain scarce [4]. This 
unique group, with dual identities as both college 
students and athletes, must manage the combined 
pressures of academic progress and athletic 
demands [5]. Additionally, they encounter the extra 
challenges of adapting to overseas academic and 
living environments [6, 7]. Within the context of 
studying abroad, multiple interacting factors such 
as academic pressure, training demands, cultural 
differences, language barriers, and insufficient 
support make student-athletes more susceptible to 
anxiety, depression, and emotional fluctuations [4, 
7, 8]. Previous research has shown that issues such 
as cross-cultural adaptation, time differences, and 
limited social networks may increase mental health 
risks and emotional vulnerability during study 
abroad [6, 8, 9, 10].

Previous studies on anxiety and depression 
among college student-athletes have largely 
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relied on traditional statistical methods such as 
factor analysis, regression analysis, and structural 
equation modeling [2, 3]. In recent years, emerging 
technologies like machine learning have increasingly 
been applied to mental health research, expanding 
the exploration of complex symptom networks and 
underlying mechanisms [11, 12]. However, studies 
on subpopulation heterogeneity remain limited, 
and most still rely on clustering analysis based on 
numerical matrices, which fails to fully capture the 
semantic differences behind symptom expressions. 
At the same time, the rapid development of artificial 
intelligence, particularly large language models 
(LLMs) based on deep learning, has created new 
methodological opportunities for mental health 
and sports research [12, 13, 14]. These models can 
capture contextual information within language 
through semantic embeddings, transforming 
symptom differences from simple numerical data 
into meaningful health characteristics with richer 
semantic dimensions [15]. This growing research 
direction opens new possibilities for identifying 
symptom patterns, detecting potential subgroups, 
and improving the interpretability of mental health 
assessment clusters.

The ongoing development in mental health 
emphasizes dimension-based approaches to 
psychology, moving beyond traditional diagnostic 
categories to capture the heterogeneity of symptoms 
across different populations [16, 17]. Concurrently, 
the stepped care model has emerged as a research 
framework in psychology, education, and sports 
medicine, advocating that individuals receive 
interventions commensurate with their symptom 
severity [18, 19, 20]. This perspective aligns with 
the present study’s use of machine learning-based 
clustering to analyze anxiety and depression 
symptoms among student-athletes. Based on these 
theoretical models, a data-driven machine learning 
paradigm grounded in symptom dimensions and 
stepped care principles was applied. By utilizing 
transformer-based semantic embeddings with 
widely used screening tools [Generalized Anxiety 
Disorder 7-item scale (GAD-7), Patient Health 
Questionnaire-9 (PHQ-9)], the analysis sought to 
identify natural groupings among student-athletes 
across a spectrum of mental health risks. This 
approach extends the new model to educational 
and sports contexts and demonstrates how machine 
learning can be integrated into actionable analytical 
frameworks through symptom-based perspectives 
[17, 21]. It also provides opportunities for early 
monitoring and tiered intervention of mental health 
issues among student-athletes.

Recent advances in mental health and sports 
research increasingly integrate traditional statistical 
approaches with deep learning-based analytical 
frameworks [12, 13, 14, 22, 23]. Conventional 
clustering techniques, including K-means and 

dimensionality reduction methods such as Principal 
Component Analysis, remain effective for exploring 
structural relationships within psychological 
data [22, 23]. However, emerging transformer 
architectures based on self-attention mechanisms 
provide a means to capture subtle semantic variations 
underlying psychological responses, offering a more 
context-sensitive reflection of health status [15, 24, 
25]. Through semantic embeddings, these models 
represent scale items as multidimensional linguistic 
constructs rather than isolated numerical scores, 
enriching the interpretability of psychological 
symptom patterns [25]. The feasibility and reliability 
of such semantic approaches have been validated 
across studies in mental health, sports science, and 
diverse populations [12, 14, 26]. As large language 
models continue to evolve, they open possibilities 
for analyzing extensive datasets, identifying latent 
clusters, and supporting continuous monitoring 
in sports and mental health domains [12, 13, 27]. 
This conceptual shift toward language-based 
representations of psychological data provides a 
foundation for deeper exploration of individual 
variability in mental health profiles among student-
athletes.

Analysis of research findings has shown that the 
mental health of student-athletes studying abroad 
is influenced by a complex interplay of emotional, 
academic, and cultural factors. Researchers 
emphasize that while traditional approaches 
have revealed the structural characteristics of 
anxiety and depression symptoms, their ability to 
capture subgroup variability remains limited. Deep 
learning and semantic embedding methods offer 
promising directions for advancing the precision 
of psychological analysis and for identifying latent 
patterns within symptom dimensions. Therefore, 
the present study aims to apply transformer-based 
semantic embedding methods to cluster the mental 
health profiles of international student-athletes 
and to compare their performance with traditional 
clustering approaches.

Materials and Methods
Participants
This study is a follow-up to a previous 

investigation that examined anxiety and depression 
among 219 Chinese student-athletes during their 
study abroad period [4]. Anxiety and depression were 
assessed using the GAD-7 and PHQ-9 scales [28, 29]. 
Participants were Chinese college students aged 18 
years and above who were enrolled in undergraduate 
or postgraduate programs in Malaysia and held 
athlete qualifications recognized by the General 
Administration of Sport of China [30]. Recruitment 
of student-athletes was conducted voluntarily 
through the distribution of recruitment information 
via university channels and overseas student 



2025

0505

385

communities. The study was approved by the Faculty 
of Education at the National University of Malaysia. 
All participants provided informed consent online 
prior to completing the questionnaire. Detailed 
sociodemographic characteristics are presented in 
Table 1.

Table 1. Demographic information of participants

Variable Detailed 
characteristics N (%)

Sports program

Ball 77 (35.1)

Track and field 102 (46.5)

Water sports 8 (3.7)

Combat sports 3 (1.4)

Dance sports 10 (4.6)

Gymnastics 7 (3.1)

Strength sports 12 (5.5)

Educational level

Degree 120 (54.7)

Master 42 (19.2)

Doctoral 57 (26.1)

Gender
Male 131 (59.8)

Female 88 (40.2)

Athlete level

Elite athlete 3 (1.4)

Division I 25 (11.4)

Division II 161 (73.5)

Division III 30 (13.7)

Total N = 219

This research adopts a novel analytical 
perspective by utilizing machine learning clustering 
methods to explore potential symptom subgroups. 
Three distinct models were compared: 
1.	 K-means clustering applied directly to raw item 

datasets; 
2.	 K-means clustering performed after dimensionality 

reduction using Principal Component Analysis 
(PCA); 

3.	 K-means clustering conducted after converting item 
scores into pseudo-text input for a large language 
model (BERT), extracting semantic embeddings, and 
subsequently applying PCA and K-means clustering.
Specifically, traditional numeric item scores 

were transformed into semantically meaningful 
text representations to enable language model 
embeddings. For example, for the GAD1 item, a 
participant’s response was reformulated as “This 
student-athlete felt nervous, anxious, or on edge 
nearly every day during the last two weeks.” Due 
to space constraints in this article, the complete 
embedded text based on the GAD-7 and PHQ-9 
scales is provided as code available in the GitHub link 
below. This approach moves beyond purely numeric 
inputs by converting responses into semantic text 
that can be modeled and vectorized through the 
transformer architecture [31]. Model 3 represents 

a Transformer-based semantic embedding model 
(sentence-transformers/all-roberta-large-v1-5.0.0) 
used to encode the data. The present research focuses 
on comparing different methodological paradigms 
rather than developing new NLP models; therefore, 
open-source, reproducible, general-purpose models 
were utilized. The use of mature models ensures 
transparency and reproducibility of analyses, 
and such applications are common in structured 
text response research. This model is a variant 
of RoBERTa pre-trained on a large corpus [32]. It 
employs the Transformer (4.53.1) architecture and 
a multi-head self-attention mechanism to capture 
contextual semantics and linguistic nuances [33]. 
Compared to raw numerical matrices, Transformer 
embeddings represent the semantic meaning of 
responses (e.g., “not at all” vs. “almost every day”) 
in a continuous vector space with interpretable 
distances [33], facilitating clearer interpretation of 
the meaning conveyed by pseudo-text statements.

In Models 2 and 3, principal component analysis 
(PCA) was applied prior to clustering to reduce 
the dimensionality of the original feature space. 
PCA identifies latent components that explain 
the maximum variance in the data, improving 
computational efficiency while reducing noise [14]. 
In addition to dimensionality reduction, PCA allows 
intuitive two- and three-dimensional projections of 
high-dimensional embeddings, facilitating visual 
inspection of clustering structures and inter-group 
separation [34]. Furthermore, interpretability was 
enhanced by evaluating the clustering effectiveness 
of each model through internal validity measures 
and pairwise t-tests, as well as by generating cluster 
portraits to illustrate anxiety and depression patterns.

Statistical Analysis
All statistical analyses and model construction 

were conducted in Python (3.12.2) using the 
packages scipy (1.14.0), statsmodels (0.14.5), 
scikit-learn (1.7.0), and other supporting libraries. 
Independent-samples t-tests were used to compare 
clusters, with multiple comparisons corrected using 
the Holm method. Cohen’s d was calculated as the 
standardized effect size. 

Internal validity was evaluated using the silhouette 
score, which quantifies cohesion within clusters and 
separation between clusters. Silhouette values range 
from –1 to 1, with higher values indicating more 
compact and well-separated clusters [35]. Silhouette 
scores were compared across the three analytic 
models to assess relative clustering quality. For 
each item within clusters, descriptive statistics were 
calculated, including means, standard deviations 
(SD), and 95% confidence intervals (95% CI). These 
results provided an overview of symptom levels and 
variability across clusters. Confidence intervals were 
computed using t-distribution–based estimates [36].

Pairwise comparisons between clusters were 
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performed using independent-samples t-tests, 
with Holm correction applied to adjust for multiple 
comparisons [37]. To complement significance 
testing, pairwise effect sizes were reported as 
Cohen’s d [38], with 95% bootstrap confidence 
intervals based on 1,000 resamples, quantifying 
the magnitude and precision of between-cluster 
differences. Results were summarized in tables, and 
forest plots were generated to visually represent 
effect sizes across items [39].

Results
Model Validity Comparison
As shown in Table 2, Model 1 (Raw + K-means) 

and Model 2 (Raw + PCA + K-means) achieved 
their highest silhouette scores when the number 
of clusters was set to two, with values of 0.208 and 
0.356, respectively. In contrast, Model 3 (Raw + 
Transformer-based embeddings + PCA + K-means) 
demonstrated its best performance with three 
clusters, yielding the highest silhouette score of 
0.391. These results indicate that the semantic 
embedding approach produced more coherent 
and better-separated clusters when allowing for a 
slightly higher cluster solution.

Table 2. Silhouette coefficient for the optimal 
number of clusters for each model

Model Cluster Silhouette 
Score

1 Raw + K-means 2 0.208

2 Raw + PCA + K-means 2 0.356

3 BERT (TRAN) + PCA + 
K-means 3 0.391

To further illustrate the clustering structure of 
Model 3, the three-cluster solution was projected 
into a reduced feature space using PCA. As shown 

in Figure 1 (2D projection) and Figure 2 (3D 
projection), the three clusters formed relatively 
distinct groups with minimal overlap, suggesting 
improved separation compared with the raw data–
based models. Both the quantitative validity indices 
and the visual inspection of the embedding space 
consistently demonstrated that Model 3 provided 
the most effective clustering solution.

Cluster Characterization and Differences
Descriptive statistics and between-cluster 

comparisons are summarized in Table 3. Clear 
differentiation was observed between clusters across 
all GAD and PHQ items. Cluster 2 consistently 
demonstrated the highest mean scores, while Cluster 
1 showed the lowest scores across most items. 
Cluster 0 generally fell between these two groups. 
For example, for GAD1, the mean scores were 2.17 
(SD = 0.68, 95% CI [1.98–2.36]) for Cluster 2, 1.19 (SD 
= 0.44, 95% CI [1.10–1.28]) for Cluster 0, and 0.72 (SD 
= 0.52, 95% CI [0.60–0.85]) for Cluster 1.

Pairwise comparisons confirmed statistically 
significant differences across clusters, with large 
effect sizes in several items. Cluster 2 scored 
significantly higher than Cluster 1 on nearly all 
items, with Cohen’s d ranging from 1.30 to 2.45 (all 
p < .001). Cluster 2 also scored higher than Cluster 
0 on multiple items, with effect sizes ranging from 
moderate to large (d ≈ 0.45–1.85). In addition, 
Cluster 0 scored significantly higher than Cluster 1 
on most items (d ≈ 0.42–1.99).

Figures 3 and 4 summarize the pairwise effect 
sizes across all GAD-7 and PHQ-9 items. The 
forest plots provide an intuitive visualization of 
the magnitude and direction of between-cluster 
differences, with horizontal bars indicating the 
95% confidence intervals. Values to the right of the 
zero line indicate higher scores in the first-named 
cluster, whereas values to the left indicate higher 

Figure 1. Cluster visualization of Model 3 (2D PAC 
projection)

Figure 2. Cluster visualization of Model 3 (3D 
PAC projection)
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Table 3. Cluster Characterization and Between-Cluster Differences.

Item Cluster 0 (Mean 
± SD, 95% CI)

Cluster 1 (Mean 
± SD, 95% CI)

Cluster 2 (Mean 
± SD, 95% CI) Group differences (pairwise d)

GAD1 1.19±0.44 
[1.10–1.28]

0.72±0.52 
[0.60–0.85]

2.17±0.68 
[1.98–2.36] 2>1 (d=2.44***); 2>0 (d=1.85***); 0>1 (d=0.99***)

GAD2 1.03±0.30 
[0.97–1.09]

0.40±0.49 
[0.28–0.52]

1.75±0.95 
[1.49–2.01] 2>1 (d=1.85***); 0>1 (d=1.63***); 2>0 (d=1.20***)

GAD3 1.22±0.50 
[1.12–1.32]

0.78±0.48 
[0.66–0.90]

2.19±0.77 
[1.98–2.41] 2>1 (d=2.25***); 2>0 (d=1.61***); 0>1 (d=0.88***)

GAD4 1.10±0.56 
[0.99–1.21]

0.71±0.79 
[0.51–0.90]

1.98±0.64 
[1.80–2.16] 2>1 (d=1.76***); 2>0 (d=1.50***); 0>1 (d=0.60***)

GAD5 1.07±0.45 
[0.98–1.16]

0.62±0.70 
[0.44–0.79]

1.44±0.54 
[1.29–1.59] 2>1 (d=1.30***); 0>1 (d=0.81***); 2>0 (d=0.77***)

GAD6 0.97±0.30 
[0.91–1.03]

0.35±0.54 
[0.22–0.49]

1.38±0.84 
[1.15–1.62] 0>1 (d=1.50***); 2>1 (d=1.49***); 2>0 (d=0.76**)

GAD7 0.96±0.40 
[0.88–1.04]

0.52±0.64 
[0.36–0.68]

1.69±0.64 
[1.51–1.87] 2>1 (d=1.82***); 2>0 (d=1.48***); 0>1 (d=0.86***)

PHQ1 1.03±0.48 
[0.94–1.12]

0.58±0.83 
[0.38–0.79]

1.92±0.68 
[1.73–2.11] 2>1 (d=1.75***); 2>0 (d=1.61***); 0>1 (d=0.70***)

PHQ2 0.86±0.40 
[0.78–0.94]

0.12±0.33 
[0.04–0.21]

1.40±0.69 
[1.21–1.60] 2>1 (d=2.45***); 0>1 (d=1.97***); 2>0 (d=1.05***)

PHQ3 1.22±0.58 
[1.10–1.33]

0.69±0.71 
[0.52–0.87]

2.00±0.71 
[1.80–2.20] 2>1 (d=1.84***); 2>0 (d=1.25***); 0>1 (d=0.83***)

PHQ4 1.20±0.47 
[1.11–1.29]

0.68±0.64 
[0.52–0.84]

2.02±0.67 
[1.83–2.21] 2>1 (d=2.05***); 2>0 (d=1.50***); 0>1 (d=0.96***)

PHQ5 0.85±0.62 
[0.73–0.97]

0.35±0.57 
[0.21–0.50]

1.19±0.97 
[0.92–1.46] 2>1 (d=1.08***); 0>1 (d=0.83***); 2>0 (d=0.45*)

PHQ6 0.79±0.41 
[0.71–0.87]

0.22±0.41 
[0.11–0.32]

1.48±0.83 
[1.25–1.71] 2>1 (d=2.00***); 0>1 (d=1.41***); 2>0 (d=1.18***)

PHQ7 1.02±0.28 
[0.96–1.08]

0.72±0.67 
[0.56–0.89]

1.62±0.63 
[1.44–1.79] 2>0 (d=1.38***); 2>1 (d=1.36***); 0>1 (d=0.62**)

PHQ8 0.93±0.41 
[0.85–1.01]

0.15±0.36 
[0.06–0.24]

1.27±0.77 
[1.05–1.48] 0>1 (d=1.99***); 2>1 (d=1.92***); 2>0 (d=0.61**)

PHQ9 0.10±0.30 
[0.04–0.16]

0.00±0.00 
[0.00–0.00]

0.35±0.68 
[0.16–0.54] 2>1 (d=0.76**); 2>0 (d=0.53*); 0>1 (d=0.42**)

N=101 N=66 N=52

Note. *** p < 0.001, ** p < 0.01, * p < 0.05; d = Cohen’s d for pairwise group comparisons

scores in the second cluster. Larger absolute effect 
sizes reflect more pronounced differences between 
clusters. For instance, in the GAD1 plot shown in 
Figure 3, Cluster 2 scored substantially higher than 
both Cluster 0 and Cluster 1, with large effect sizes 
(d > 1.8), while Cluster 0 also exceeded Cluster 1 with 
a moderate effect size (d ≈ 1.0). These plots offer a 
visual summary of the robustness and consistency 
of between-cluster differences across the full item 
set.

Discussion
The purpose of this study was to apply 

transformer-based semantic embedding methods to 
cluster the mental health profiles of international 
student-athletes and to compare their performance 

with traditional clustering approaches. The analysis 
revealed that the transformer-based model, 
combined with PCA and K-means clustering, 
achieved the highest internal validity, as indicated 
by the silhouette score. This model produced more 
coherent and better-separated clusters compared 
with those based on raw or numerically reduced 
data. Three distinct subgroups of student-athletes 
were identified, reflecting high, intermediate, and 
low levels of anxiety and depression symptoms. 
These findings demonstrate the potential of 
semantic embedding techniques to enhance the 
interpretation of psychological symptom structures 
in the context of mental health assessment among 
student-athletes studying abroad.

This study presents a clustering analysis 
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Figure 3. GAD7 Pairwise Effect Size Forest Plot
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Figure 4. PHQ9 Pairwise Effect Size Forest
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approach in the field of student-athlete mental 
health, applying a machine learning method based 
on Transformer embeddings (Model 3) to group 
anxiety and depression symptoms during study 
abroad. This approach addresses the limitations of 
traditional statistical and network analysis models 
in capturing the semantic content of symptoms. 
The results showed that the Transformer (BERT)-
embedding-based model achieved higher internal 
validity and clearer visual separation compared 
with raw numerical clustering methods. Model 3 
identified three distinct clusters of psychological 
symptom distribution: Cluster 2 exhibited elevated 
anxiety and depression levels, representing a 
potential high-risk group; Cluster 1 showed the 
lowest symptom levels, indicating a relatively 
low-risk group; and Cluster 0 represented an 
intermediate level, possibly corresponding to 
subclinical or transitional states. These findings 
reflect the heterogeneity of psychological symptoms 
and provide typological evidence relevant to 
understanding the mental health characteristics of 
student-athletes at different performance levels. 
Furthermore, the clustering results suggest that 
the use of large language models may enhance the 
precision of screening for anxiety and depression 
risks among student-athletes in educational 
contexts. The subdivision of clusters also points to 
subtle differences between subgroups, implying that 
machine learning–based monitoring approaches 
can complement, rather than replace, traditional 
clustering methods in this area.

Previous research revealed the network structure 
of anxiety and depression symptoms among student-
athletes during their study abroad period [4]. This 
follow-up study incorporates a machine learning–
based clustering approach, addressing the limitation 
of network analysis being restricted to symptom 
correlations [40]. Unlike traditional clustering 
methods, the current analysis applies Transformer-
based semantic embeddings to convert item 
responses into vectorized semantic representations 
[14, 32]. This approach integrates structured data 
with a linguistic-semantic dimension, allowing for 
more precise differentiation of symptom patterns 
and identification of detailed mental health 
profile clusters [41]. Compared with modeling that 
relies solely on PCA or raw matrices, Transformer 
embeddings capture semantic gradient differences 
across scales [42]. For example, responses such as 
“not at all” and “almost every day” are positioned 
at natural and interpretable distances within the 
semantic space, reflecting meaningful variation in 
symptom intensity. This advantage is reflected not 
only in quantitative indices (e.g., higher silhouette 
scores) but also in the visual clarity of boundaries 
within 2D and 3D projections, illustrating the distinct 
separation between clusters [34]. Overall, this study 
highlights the applicability of natural language 

processing techniques in sports and mental health 
research and contributes methodological tools for 
future exploration of psychological characteristics 
among student-athletes.

The three-cluster structure identified in this 
study has both clinical and practical relevance. 
The high-symptom cluster (Cluster 2) represents 
student-athletes with markedly elevated levels 
of psychological distress. These individuals may 
be at increased risk of developing anxiety or 
depressive disorders and require timely attention 
and support from educational institutions and 
professionals [43]. The low-symptom cluster 
(Cluster 1) demonstrates relatively mild symptom 
levels. When considered alongside the GAD-7 and 
PHQ-9 scale thresholds, this cluster can serve as a 
reference group for mental health benchmarking 
and stratification. The intermediate cluster (Cluster 
0) reflects a subclinical level, suggesting that this 
group may be in a transitional stage of symptom 
progression or recovery. This provides an important 
observation window for continuous monitoring and 
early intervention during study abroad [44]. From 
a practical standpoint, this analytical paradigm 
may be applied in mental health screening and 
monitoring systems within higher education and 
sports environments, similar in concept to electronic 
log monitoring used in clinical settings [15].

Early identification of student-athletes 
experiencing abnormal psychological states can 
safeguard both their academic progress and athletic 
performance. It also serves as a preventive measure 
against potential psychological fluctuations that 
may arise in complex overseas learning and living 
environments [45, 46]. Existing research indicates 
that international students are more vulnerable to 
mental health risks due to factors such as cultural 
adaptation, language barriers, and limited social 
support [8, 47, 48]. Student-athletes, who face dual 
pressures from academic and athletic commitments, 
experience even greater risks during study abroad 
[4, 7, 49]. Therefore, applying deep learning–based 
mental health profiling and clustering in daily 
monitoring can facilitate early intervention and 
precise resource allocation [15]. Moreover, this 
approach may help prevent the negative effects 
of anxiety and depression on both academic and 
athletic performance.

The findings of this study indicate that a machine 
learning–based, step-up care-oriented research 
paradigm can be applied to managing the mental 
health of student-athletes in overseas educational 
contexts. From a theoretical perspective, the 
clustering results provide empirical support for 
the psychopathology and psychological dimension 
model, showing that mental health symptoms 
among student-athletes form clustering patterns 
beyond a simple dichotomy. When integrated 
with the stepped care framework, this approach 
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enables systematic alignment of support levels 
with the corresponding clustering tiers [17]. For 
example, preventive education may be offered to 
low-symptom groups, continuous monitoring and 
counseling to transitional groups, and specialized 
treatment and care to high-risk groups [17, 21]. 
Placing this machine learning approach within 
the framework of stepped care emphasizes not 
only the methodological contribution of semantic 
embeddings but also their conceptual integration 
into established theoretical models applied to new 
populations and domains [17, 21, 50]. In educational 
and sports environments, timely allocation of 
psychological support resources and athlete mental 
health monitoring systems remains essential [51, 
52], with this paradigm serving as a bridge between 
monitoring precision and traditional analytical 
approaches.

This research highlights three main aspects of 
contribution. First, at the methodological level, 
Transformer-based semantic embeddings were 
introduced into the study of student-athletes’ mental 
health during overseas education, showing the 
potential of combining natural language processing 
with traditional psychometric scales. Second, 
regarding research participants, the focus on the 
distinctive group of international student-athletes 
provides additional evidence for understanding 
the heterogeneity of their mental health during 
study abroad. Third, at the empirical level, the 
comparative analysis of three modeling approaches 
demonstrated that Transformer-based clustering 
achieved higher validity and discriminative 
capacity, offering practical implications. Compared 
with previous network analysis emphasizing the 
structural interdependence of symptoms [4], the 
present clustering method shifts the focus to the 
hierarchical grouping of anxiety and depression at 
the individual level. This complementary approach 
links emerging subgroups to potential intervention 
tiers, increasing the applicability of the findings 
in educational settings. Furthermore, it extends 
the scope of previous research from a traditional 
mental health framework to practical applications 
within educational and athletic environments, such 
as stratified monitoring and targeted intervention.

Overall, the findings of this study contribute to the 
growing body of evidence supporting the integration 
of machine learning techniques into mental health 
research among student-athletes. The application 
of transformer-based semantic embeddings offers 
a data-driven framework for analyzing symptom 
heterogeneity while maintaining consistency with 
established theoretical models such as stepped 
care and dimensional psychopathology. These 
methodological advancements illustrate how 
modern computational tools can complement 
traditional assessment approaches, deepening the 
understanding of mental health variability within 

sports and educational contexts.
Limitations and Future Directions
However, this study also has several limitations. 

First, the sample size was relatively small and limited 
to student-athletes from a specific background, 
which may restrict the external applicability of 
the findings. Second, as a cross-sectional study, 
it cannot establish causality or capture dynamic 
changes in symptoms over time. Third, the 
Transformer model “sentence-transformers/all-
roberta-large-v1” was trained on general-purpose 
corpora, requiring further validation in alternative 
contexts. Additionally, text transformation and 
embedding using different large language models or 
psychological scales may produce varying clustering 
outcomes, with their generalizability remaining 
uncertain. Future research could fine-tune large 
language models on specialized sports psychology 
corpora to improve their performance across 
different athlete populations.

Conclusions
This study identified heterogeneous patterns of 

anxiety and depression symptoms among student-
athletes during their study abroad period using 
Transformer-based semantic embedding clustering 
analysis. The results showed that the Transformer 
embedding model performed better than traditional 
methods in terms of internal validity and visual 
separability, forming three distinct groups: high-
symptom, intermediate-level, and low-symptom. 
These findings provide additional evidence for 
understanding and stratifying the mental health 
management of student-athletes. The study also 
illustrates the applicability of natural language 
processing techniques in psychological and sports 
research, expanding methodological approaches for 
mental health monitoring and intervention. Despite 
limitations related to sample size, context, and the 
need for further validation across different language 
models and scale conversions, this research offers 
useful directions for future investigation. Further 
studies should validate these findings in larger and 
more diverse samples, employ longitudinal designs 
to observe symptom changes over time, and test 
model robustness when trained on domain-specific 
corpora. Through these efforts, deep learning–based 
methods may contribute to improving the efficiency 
of mental health screening and intervention in 
sports and educational environments.
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