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Background

Mood symptoms are highly heterogeneous between individuals and are known to fluctuate over Sixteen individuals (5 M, 11 F, mean age + SD= 30.8 + 9.3, mean daily depression score + SD= 13.1 ;- |
time. Previous research has demonstrated that individuals with major depressive disorder can be + 9.4) participated in the study. Participants provided ~380 audio samples and 400 depression ™ 094 . NPT ™ 097
separated into distinct classes based on how their symptoms fluctuate [1]. The degree to which scores (79% and 83% of scheduled assessments, respectively), indicating high study adherence.
mood symptoms fluctuate has also been linked to global functioning and quality of life measures, o 3 i \
with high fluctuating individuals having significantly poorer outcomes [2]. One barrier to é ) g
understanding fluctuating symptoms is that repeated clinical assessments are not always feasible = a
and can be burdensome for patients to complete. There has been a growing interest in the use of " 0" é’ E .
automated speech and language assessment to objectively characterize mood symptoms in S 3 . =
psychiatric disorders [3]. Speech assessments can be completed remotely, at high-frequency, and B 20- X
are low patient burden. The goal of the current study was to determine the feasibility of collecting S
daily speech and mood data and to characterize daily speech fluctuations relative to depression '« | | | | | ol | | | |
symptoms over a one month period. qg_ 10- 0 ) Depr;c;sion Score ’ i O ) Deprezgsion Score ’ i
T,
E Figure 4: Significant negative repeated measures correlations (r__) were observed between depression scores
“ g o and sentiment valence (r_=-0.34, 95% Cl [-0.43, -0.24], p< 0.0015rgnd sentiment dominance (r_=-0.31, 95% Cl
O [-0.40, -0.22], p< 0.001). Intra-individual associations with speech rate were not significant.
7y
Daily assessments of speech and mood were completed remotely for 30 days. Audio recordings in & -10-
response to an open-ended prompt asking how participants were feeling that day (Figure 1A)
were obtained using a speech app and analyzed using signal and natural language processing - “
(NLP) to derive >500 acoustic and linguistic measures (Figure 1B). Daily depression symptoms = 4 2 8 7T B8 8 W9k W”i9 1%k B 44292t e b el 26 @
were separately collected using a 9-item electronic questionnaire based on items from the Patient Visits This study supports the feasibility of high-frequency remote speech assessment as a means to
Health Questionnaire-9, with total daily scores ranging from 0 (no symptoms) to 55 (severe understand fluctuating depression symptoms. The results indicate that speech measures could be

Figure 2: Residual plots confirmed within- and between-subject variability in daily depression scores. Daily

Ssymptoms). residual depression scores were derived for each participant by subtracting individual means from all time used to monltor dally fluctuations of d.eprESSIOn §ymptoms and that measures of particular
points, from each daily score. Each colour represents one participant. relevance include sentiment valence, sentiment dominance, and speech rate.
A B Linguistic Features | o | y | |
| | Sentiment analysis involves the use of NLP to identify and quantify affective states through
feel so down  andtired | guess . inguistic analysis. Sentiment valence informs the use of positive, negative or neutral words, with
Il E e NEs 7 re=-0.50 . re=-0.40 S r=-0.33 ower scores indicating the use of more negative words (e.g., unhappy). Sentiment dominance
Journaling TR PR : describes feelings of power, with lower scores indicating words that denote feeling less power
How are you feeling ' o | Vi e : Lo (e.g., controlled). Lower sentiment valence and dominance were associated with higher
today? . « O . . . . . . . . .
Acoustic Features % g S g i BRISRIT N : depression scores when examining pooled and intra-individual data. Consistent with the
< § P TR PO iterature [3, 4], higher depression was also associated with slower speech rates when examining
) = = 3 i intra-indivi
_,||| m_"“||||_,||||H|“|| U||,_||||"|N” |,||| hu”“hmu_ E : g pooled data, but not intra-individually.
" @ 0] 3 "esr, mall 8% 2 : : :
g & Taken together high-frequency remote speech assessment to monitor depression symptoms may
nave clinical utility particularly with growing interest in telehealth and digital health interventions.
. . However, future studies on larger clinical samples are warranted to determine specifically how
Figure 1: A. Screenshot of the open-ended question prompt as displayed in the mobile speech app. B. ; N % ; ] = Ss‘o B ; P speech may inform symptom fluctuations in the context of symptom remission and/or relapse.
Schematic representation showing how audio samples are used to derive acoustic and linguistic speech Depression Score SPIEssIon SEore P
features [4]. For linguistic measures, samples are transcribed and NLP methods are applied to assess lexical, . o | | |
syntactic, and content measures. Audio waveforms can be directly analyzed to capture acoustic aspects of Figure 3: Significant negative correlations were observed between speech and depression measures pooled

speech such as speech rate, pause time, and pitch. across participants over time, with the strongest correlations being with sentiment valence (left), sentiment References

dominance (middle), and speech rate (right) (p< 0.0001, Bonferroni corrected).
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