&5 "
3
‘I FERP ISSN (Online) 2394-2320
International Journal of Engineering Research in Computer Science and Engineering
(IJERCSE)
Volume 13, Issue 3, March 2026

A Comprehensive Depression Identification
Strategy for Medical Students Using Psychometric,
Computational, and Clinical Methods

(21 Madina Amiri, 2! Sundresan Perumal, ! Norita MD Norwawi, [l Nurazah Ismail

218 Faculty of Science and Technology, Universiti Sains Islam Malaysia (USIM), Bandar Baru Nilai, Malaysia
[l psychiatry Unit, Faculty of Medicine and Health Sciences, Universiti Sains Islam Malaysia (USIM),
Bandar Baru Nilai, Malaysia
Corresponding Author Email: I madina.amiril001@raudah.usim.edu.my, ' sundresan.p@usim.edu.my, F!
norita@usim.edu.my,

“lazah.ismail@usim.edu.my

Abstract— Post-COVID-19 public health has witnessed a significant rise in depression, anxiety, suicidal ideation, and other mental
health disorders. Although machine learning (ML) techniques and sentiment analysis have been widely applied to detect depressive
symptoms from social media, major gaps remain in misclassification, limited clinical validation, and cultural bias. This study proposes a
Human-in-the-Loop (HITL) integrative framework combining the Patient Health Questionnaire-9 (PHQ-9), sentiment analysis of social
media text, and psychiatrist-led clinical interviews to enhance depression detection accuracy. Data were collected from 29 medical
students at Universiti Sains Islam Malaysia (USIM), whose social media posts were analyzed. Statistical analyses including chi-square
test, Fisher’s exact test, multinomial logistic regression, agreement analysis, and confusion matrix were applied. Results show significant
disagreement between automated sentiment detection and clinical interviews (x*> = 33.908, p = 0.00001), demonstrating that AI-based
detection alone is insufficient. The findings emphasize the necessity of clinical validation and HITL integration for reliable depression
detection.
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I. INTRODUCTION Il. LITERATURE REVIEW

Depression is a major global mental health concern ~ A. Machine Learning in Depression Detection
affecting over 280 millgy individuals_ worldwide.(Duﬁfy. 4 Supervised learning algorithms such as Support Vector
al., 2023). The COVID-19 pandemic further intensified Machines (SVM), Random Forest (RF), and Neural

psychological distress, leading to increased suicide ideation Networks (NN) have been widely applied for depression

and depressive symptqms (_Movahed e_t iy, “9). 'V'ed'c?" classification (Radhoush et al., 2023). Yang et al. (2020) and

students represeghge WO riclSgRgRulatiggggue to acadermic Shatte et al. (2020) demonstrated promising results using

pressure, emotional stress, and professional expectations SVM on Facebook and Reddit datasets

(O\I/L\J/mhet EI" 2020)‘. £ ial dia platf h However, Kim et al. (2022) reported only 68.3% accuracy
Ith the expansion OF Sgcia’ g8 ¥ pat QTsuch as using PHQ-9 guided NLP models, indicating significant

Facebook, Instagram, and Threads, indivals increasingly misclassification risks

express emotional distress online. Researchers have Unsupervised metﬁods like K-means clustering and

Ieveraggd machine learning and .Natyra! Language Affinity Propagation have also been explored (Joshi &

Processing (NLP) to detect depressive indicators from Patwardhan, 2020; Aragon et al., 2023). Yet, these models

user?generated content (K.O”'ak(?u. et.al., 2020). HOV\{eyer, struggle with noisy social media data and cultural expression
studies frequently report misclassification and lack of clinical

validation (Milintsevich et al., 2024). variability.
This study addresses these limitations by integrating: B. Clinical Assessment and PHQ-9
¢ PHQ-9 standardized screening PHQ-9 is a validated depression screening instrument with
e Sentiment analysis of social media posts severity cutoffs:
e Psychiatrist-led clinical interviews e (0-4: Minimal
e Human-in-the-Loop (HITL) validation e 5-9: Mild

e 10-14: Moderate
e 15-19: Moderately Severe
e 20-27: Severe
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Clinical interviews remain the gold standard for diagnosis
(Baydili et al., 2025a). However, most Al studies lack
psychiatric verification.

C. Human-in-the-Loop (HITL)

HITL integrates human expertise into ML decision-
making to reduce misclassification and improve
interpretability (Baydili et al., 2025b). Previous studies
recommend clinical validation but rarely implement it.

This study operationalizes HITL by incorporating
psychiatrist assessment alongside Al analysis.

I11. METHODOLOGY

This study employed a quantitative cross-sectional design
to evaluate the integration of PHQ-9, sentiment analysis, and
clinical interviews for depression detection among medical
students. The research framework was based on a
Human-in-the-Loop (HITL) approach, where automated
sentiment analysis was validated through standardized
psychometric assessment and psychiatrist evaluation. The
purpose was to reduce misclassification and improve
diagnostic reliability.

The study involved 29 medical students from Universiti
Sains Islam Malaysia (USIM). Participation was voluntary,
and informed consent was obtained prior to data collection.
Ethical approval was secured to ensure confidentiality and
compliance with psychiatric research standards. All
participants were active users of Facebook, Instagram, and
Threads, and only English-language posts were analyzed to
maintain linguistic consistency.

Data collection was conducted in three stages. First,
participants completed the Patient Health Questionnaire-9
(PHQ-9), which provided standardized depression severity
scores. Based on PHQ-9 results, 20 participants were
categorized as mildly depressed, 6 as moderately depressed,
and 3 as severely depressed.

Second, selected social media textual posts were collected
from participants. The text data were preprocessed using
Natural Language Processing techniques, including cleaning,
tokenization, and normalization. Sentiment analysis was then
applied to classify posts into positive, negative, and neutral
sentiment categories.

Third, each participant underwent a clinical interview
conducted by a psychiatrist. The clinical assessment served
as the gold standard for comparison. This step ensured that
automated predictions were evaluated against expert
psychiatric judgment, operationalizing the HITL framework.

For statistical analysis, descriptive statistics were used to
summarize PHQ-9 scores, sentiment results, and clinical
classifications. Chi-square tests and Fisher’s Exact Test were
applied to examine associations among the three methods. A
confusion  matrix ~was constructed to identify
misclassification patterns. Additionally, multinomial logistic
regression was performed to assess whether sentiment scores

significantly predicted PHQ-9 depression categories.

The results showed significant deviation from expected
agreement (y? 33.908, p = 0.00001), indicating that
sentiment analysis alone was insufficient for reliable
depression detection. This finding supports the necessity of
integrating clinical validation within Al-based systems.

IV. RESULTS

Descriptive analysis showed that most participants were
classified as mildly depressed according to PHQ-9 (n = 20),
followed by moderate (n = 6) and severe (n = 3) categories.
Sentiment analysis of social media posts produced varying
proportions of positive, negative, and neutral sentiment
scores across participants. However, the distribution of
sentiment polarity did not consistently align with PHQ-9
severity levels.

Clinical interviews conducted by the psychiatrist classified
the majority of participants as either mild or non-depressed,
with fewer cases identified as moderate or severe. When
comparing PHQ-9 results with clinical interviews,
discrepancies were observed in several cases, particularly
within moderate and severe categories.

The confusion matrix revealed misclassification patterns
between sentiment-based predictions and clinical diagnosis.
Several participants categorized as moderate or severe by
PHQ-9 did not exhibit strongly negative sentiment patterns in
their textual posts. Conversely, some participants with higher
negative sentiment percentages were not clinically diagnosed
with severe depression.

Chi-square analysis indicated a strong deviation from
expected agreement among PHQ-9, sentiment analysis, and
clinical interviews (x> = 33.908, p = 0.00001). Fisher’s Exact
Test further supported the presence of significant differences
between sentiment polarity and PHQ-9 categories.
Multinomial logistic regression analysis demonstrated that
sentiment scores were not strong standalone predictors of
depression severity. Overall, the findings highlight
inconsistency between automated text-based detection and
psychiatric evaluation.

V. DISCUSSION

The findings demonstrate that sentiment analysis alone is
insufficient for accurate depression detection. Although
negative sentiment may reflect emotional distress, it does not
necessarily correspond to clinical depression severity. This
may be due to cultural expression differences, emotional
masking, indirect language use, or sarcasm in social media
posts.

The observed misclassification patterns align with
previous studies reporting annotation and prediction
limitations in Al-based mental health detection. Automated
models often struggle to capture contextual meaning,
behavioral cues, and psychological nuances that trained
clinicians identify during interviews. Therefore, relying
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solely on sentiment polarity can lead to both false positives
and false negatives.

The integration of PHQ-9 screening and clinical interviews
within a Human-in-the-Loop  framework improved
interpretability and reliability. The psychiatrist’s evaluation
provided contextual understanding beyond textual analysis,
reducing over-reliance on algorithmic outputs. This supports
the argument that Al systems should function as supportive
screening tools rather than standalone diagnostic
mechanisms.

Furthermore, the small but clinically validated dataset in
this study emphasizes quality over quantity. While large
datasets may improve computational performance, they do
not guarantee diagnostic accuracy without expert validation.
Thus, clinical involvement remains essential in Al-assisted
mental health assessment.

VI. CONCLUSION

This study proposed and evaluated an integrative
framework combining PHQ-9, sentiment analysis, and
clinical interviews for depression detection among medical
students. The findings revealed significant disagreement
between automated sentiment analysis and psychiatric
diagnosis, confirming that Al-based models cannot
independently provide reliable depression detection.

The statistical results, particularly the significant
chi-square value (x> = 33.908, p = 0.00001), demonstrate the
necessity of clinical validation in mental health Al systems.
Sentiment analysis may serve as an early screening indicator,
but it should not replace standardized assessment tools or
psychiatric expertise.

The Human-in-the-Loop approach proved valuable in
enhancing reliability and reducing misclassification. Future
research should expand the sample size, incorporate
multimodal data such as behavioral and speech features, and
develop culturally adaptive models. Ultimately, effective
depression detection systems must balance technological
advancement with clinical responsibility.
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