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TABLE I &40 4155 AR RS 4

Dataset Used For Size (posts) | Label Categories Avg. Text Length (words)
MHB [23] Binary, Differential Diagnosis 7,452 Depression, Anxiety, PTSD 253
CAMS [24] Binary Only 4,042 Depression 179
HelaDepDet [25] Binary, Severity Detection 33,498 Depression, Minimum, Mild, Moderate, Severe 120
RMHD [26] Binary, Differential Diagnosis 658 Depression, Anxiety 236
DepressionEmo [27] | Binary Only 4,830 Depression 95
AITA [2§] Binary Only 24,795 Non-Depression (control) 386
Total (unique) — 75,275 — —
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?;er;(iirif\‘ggit 0.91 0.96 0.90 0.93
Cmontension 4 | ose [ osr [ osr [ oo
(LEM Summmars) 093 | 096 | 093 | 095
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Confusion Matrix: Zero-Shot LLM-Based Classification
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Zero-Shot LLM-Based Severity Predictions
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