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 Traditional methods (HRSD and BDI-II)
not fully robust to biases of both
clinicians and patients

 Detection of nonverbal behavioural
markers can limit the effect of biases
while reducing the costs
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Leave One Subject Out

2222 2 2 2

Training Set Training Set
Test Set

Leave One Subject Out approach for both Linear Kernel
SVM and Infinite Latent Feature Selection



Results

Task Precision Recall Accuracy
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Diary-FS

Tale-FS




Diary
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D 77.2% 22.8%
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Conclusions

« While being preliminary, the approach
discriminates well above chance

« Unlike previous works, the approach performs
better on read speech (in line with the
psychiatric literature)

« Future work includes the adoption of Deep
Networks and the use of the transcriptions
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