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Abstract
We examine vocal and facial data from a new study with

n=954 depressed participants, each characterized by six time
points of the eight-item Patient Health Questionnaire survey
(PHQ-8). Patients interacted with a smartphone app over four
weeks, with a 3-month follow-up. The app’s animated character
asked participants to describe, for 90 seconds, an emotional ex-
perience from the past 24 hours. We obtained 4,875 audio-video
recordings, and applied linear mixed-effects models to examine
associations between depression severity and 30 acoustic, lin-
guistic and facial action unit features. Significant associations
were found with speech timing and prosody, voice quality, lin-
guistic sentiment, the use of self-referential pronouns, and facial
action units related to smiling. We also show that these features
allow accurate estimation of depression severity in multimodal
mixed-effects machine learning models.
Index Terms: multimodal, longitudinal depression assessment

1. Introduction
While conventional methods for mental health care are often
effective for those who can access them, demand far exceeds
supply, and thus there is an unmet need. Now that smartphones
are ubiquitous, there has been a surge in interest in developing
digital technologies to support monitoring and treatment, with
the view to incorporate them into clinical workflows or direct-
to-consumer products [1]. An important requirement for these
systems is accurate assessment. When assessing a patient, a
clinician will take into account both their description of their
well-being and life experience, as well as details on how they
present (e.g., tone, choice of language, and affective responses).
They also consider inter-individual and intra-individual differ-
ences – i.e., how does this patient present relative to other pa-
tients and relative to their own baseline levels of relevant factors
(e.g., expressivity). A digital system should take into account
these same components. Given recordings of speech and facial
video are readily obtainable from smartphones, identifying lon-
gitudinal mental health biomarkers from these modalities can
enable scalable digital tools to support mental health.

In this paper we focus on depression – one of the most com-
mon mental health conditions – and we investigate its associa-
tion with linguistic and acoustic features of recorded speech, as
well as with facial features from simultaneously recorded video.
Most relevant to our acoustic analysis, Cummins et al. study
the relationship between acoustic features and depression in a
longitudinal study with 585 participants and bi-weekly speech
and PHQ8 measurements [2]. They identify several acoustic
features that are negatively associated with depression sever-
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Figure 1: Distribution of PHQ-8 scores over the study shows a
wide range of scores and decreasing trend over time.

ity: speaking rate, articulation rate, and how loudly a partici-
pant speaks. Other smaller scale longitudinal studies have been
conducted on depression and acoustic features, confirming the
importance of speech timing (or fluency) features [3], as well as
identifying other potential markers of depression severity such
as harmonics-to-noise ratio (HNR) and shimmer measured on
vowels [4]. The findings of many cross-sectional and longitudi-
nal studies are summarised in recent reviews [5, 6].

Regarding language, much prior work has used social me-
dia data [7], though more recently participant diaries [8] and
clinical interviews [9] have been studied. The Linguistic In-
quiry and Word Count (LIWC) is used to compute word fre-
quencies within psychological categories, and studies show that
self-referential pronouns and negative words correlate with de-
pression [10, 11]. Large language models (LLMs) offer deeper
linguistic context understanding, with recent findings showing
LLM-rated sentiment in open-ended symptom descriptions pre-
dicts depression changes [8]. Facial expressions have also been
studied for depression detection, initially in controlled settings
[12, 13], though mobile technology now enables remote assess-
ments. Recent work found that facial landmarks near the lips
are most predictive of depression [14].

Prior studies have also looked at multi-modal affective fea-
tures. The DAIC-WOZ dataset [15] contains speech and facial
video of participants in a lab interacting with either a human
or virtual interviewer and was studied extensively in the AVEC
challenges [6]. Furthermore, recent work has investigated de-
pression estimation from YouTube Vlogs, showing that audio-
visual features significantly improves accuracy (F1 of 63.9 vi-
sual and 67.8 audio to 73.5 audiovisual) for predicting vlogger’s
informally stated depression [16].

The novel dataset we present here (4,875 observations from
954 participants) is one of the largest longitudinal studies ex-
ploring facial-vocal biomarkers of evolving well-being within a
fully remote mobile intervention. In our first analysis, we find
significant vocal and facial action unit biomarkers associated
with depression severity. Furthermore, we implement a multi-
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Figure 2: Schematic of the BeWell study protocol. Participants describe an emotional experience they have had in the last 24-hours.
We extract acoustic, linguistic and facial features from these recordings and analyze their association with depression.

modal machine learning model to estimate depression that im-
proves over baselines. We probe our models through an ablation
study and SHAP analysis to offer insights about the importance
of different modalities for estimating depression severity.

2. Methods
2.1. Study Protocol

This study uses data from the Behavior, Biology, and Well-
Being (BeWell) randomized clinical trial (NCT05183867): an
intervention study where participants are randomized to arms
receiving meditation, well-being psychoeducation, or usual
care treatment. The dataset comprises 954 participants inter-
acting with a custom behavioral research platform, Teddy (Fig-
ure 2). Regarding demographics, the self-reported genders are
75.74% female, 21.03% male, 2.18% non-binary, and 1.05%
other. Ages include young adults (18-30) 27.72%, adults (30-
65) 71.58%, and seniors (65+) 0.69%. Self-reported races
are 77.44% white, 8.97% black, 7.19% more than one, 5.51%
Asian, and 0.89% indigenous or Pacific Islander.

The study follows a clinical population, where recruited
participants scored over 5 on the nine-item Patient Health Ques-
tionnaire (PHQ-9) and many also underwent a Structured Clin-
ical Interview for DSM-5 (SCID-5). As shown in Figure 2,
the Teddy-BeWell longitudinal dataset was collected at base-
line (before study start), once a week for 4 weeks, and then at
a 3-month follow-up. At each of the 6 checkpoints, participants
completed a PHQ-8 [17] to assess depressive symptom sever-
ity. Participants then interacted with the Teddy app that (1) re-
quested the user’s consent for the recording, (2) showed them a
funny video, (3) asked the user to rate the video, (4) prompted
the user: “Please tell me about an emotional experience, pleas-
ant, or unpleasant that you had in the last 24 hours” with the
camera and microphone turned on, and (5) asked the user to
close the app with a farewell. Our analysis focuses on step (4),
which creates a 90-second video log. The length of 90 seconds
was decided upon after user testing, which indicated that the
longer duration facilitated the sharing of more genuine experi-
ences. The distribution of PHQ-8 scores is shown in Figure 1,
displaying a diverse range of depression severity levels.

2.2. Audiovisual Feature Pre-processing

We compute a set of vocal and facial features. The language
transcripts were obtained using WhisperX [20], a model that
incorporates voice activity recognition (VAD) and a phoneme

model into OpenAI’s Whisper to produce more correct time-
stamped transcripts. LIWC-22 [11] was used to extract word-
frequency features posited to be associated with well-being
based on psychological theories [10]. The RoBERTa language
model fine-tuned on the GoEmotions dataset [21, 22] was used
to extract fine-grained sentiment characteristics that account for
the context of words. The positive and negative sentiment fea-
tures were derived from the average intensity of all positive and
negative emotions estimated by RoBERTa.

Acoustic features were extracted using Parselmouth [23].
These features, building from Cummins et al. [2, 24], measure
properties of the speech production process that may become
impaired during depression. These include speech timing (e.g.,
articulation rate and pauses), prosody (e.g., loudness and pitch
variation), voice quality (i.e., related to the generation of the
speech signal in the larynx), and spectral properties (i.e., related
to the shaping of the vocal tract to produce phonemes). Facial
expression action units (AUs) were extracted using Affdex 2.0
[25], a proprietary algorithm chosen because it is rated to per-
form fairly across diverse demographics based on both mobile
and computer settings. The AU features are based on prior the-
ories from controlled lab experiments, including smile-related
expressions and head pose (looking up or down) [26].

We took several steps to ensure the quality of the data. For
the vocal features, we excluded recordings that: (i) do not con-
tain any interpretable speech in the transcripts, and (ii) where
the participant speaks for less than 10% of the recording (using
VAD). For the facial features, users were excluded if their face
tracking confidence was below the fifth percentile, luminance
darker than 40 RGB, and head scale larger than 3.3 interocular
distance. The facial recording quality exclusion had a user re-
tention of 99%, 98%, 98%, 100%, and 100% for white, black,
more than one, asian, and indigenous racial groups respectively.
We combine the resulting features to the PHQ-8 scores, and this
results in a total of 5,096 sessions across 1,112 users that at min-
imum have successful audio recordings.

For the analysis in Section 2.3, we exclude users with less
than 3 observations so that we can examine trajectories of indi-
vidual change. Given this analysis considers each feature in
isolation, we preserve all clean sessions by feature to study
as many observations as possible. This results in 4,875 ses-
sions from 954 users for acoustic and linguistic features, and
4,307 sessions from 905 users for facial features. For the mul-
timodal ML analysis in Section 2.4, to ensure no missingness
for a modality, we only use observations that have all modali-
ties present – this results in a total of 4,055 sessions from 1,086
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Figure 3: Linear mixed-effects results of within- and between-individual associations between audiovisual features and PHQ-8 total
score (α = 0.05 using a Benjamini-Hochberg procedure [18]). We see (i) several acoustic speech timing and prosodic features are
significant; (ii) linguistic sentiment and emotional tone – as well as use of self-referential and cognitive processing language – are
significant with strong effects; and (iii) facial action units related to smiling are significant. Coefficients are pseudo-standardised [19].

users with face and audio recordings.

2.3. Analysis 1. Linear Mixed-Effects Modeling (LME)

To identify within- and between-person features associated with
depression scores, we use a linear mixed-effects model (LME).
Let yti represent the PHQ-8 score at time t for participant i. Our
LME model incorporates two key predictors: bi, the participant-
specific average of the audiovisual feature over time; and wti,
the within-individual deviation of the audiovisual feature from
this average at time t. This formulation disaggregates within-
individual variation from between-individual variation through
individual-mean centering [27]. The intercept β0i is composed
of a fixed effect γ00, a between-individual fixed effect γ01, and
a random effect u0i. The slope coefficient β1i for wti is mod-
eled as a fixed effect γ10, while the time slope coefficient β2i

consists of a fixed effect γ20 and a random effect u2i. Formally:

yti = β0i + β1iwti + β2it+ rti (1)
β0i = γ00 + γ01bi + u0i (2)
β1i = γ10 (3)
β2i = γ20 + u2i (4)

This estimates two key effects: γ10 is the within-person as-
sociation between fluctuations in the audiovisual feature and
fluctuations in depression severity, while γ01 is the between-
person association, indicating how an individual’s average fea-
ture level relates to depression severity. The fixed effect co-
efficients γ00 (the intercept) and γ20 (the association between
depression severity and time) help control the model.

We adjust the model in two ways to take into account as-
sumption violations. First, auto-regressive structure of type 1
is specified for the autocorrelation between residuals. Second,
we also tested our models for heteroskedasticity and normal-
ity of residuals. While residuals were normally distributed,
our models showed heteroskedasticity in various cases and re-
quired cluster-robust error correction of type CR1 [28]. We used
the R libraries nlme for LME with AR(1) correlation structure
and clubSandwich for cluster-robust error correction. We report
standardized coefficients using the pseudo approach [19].

2.4. Analysis 2. Multimodal Machine Learning

We subsequently analyze different machine learning (ML) mod-
els that use all of the features simultaneously. Our proposed
model is a mixed-effects random forest model [29] which has
previously been found to be useful when estimating depression
severity from wearable data [30]. In this approach, the ML
model is used as the estimator of the fixed effects, f(Zi; Θ)
where Zi is a matrix of features and Θ the hyper-parameters,
while random intercepts u0i are estimated per user. Formally:

yti = f(Zi; Θ) + u0i + rti (5)

We perform 5-fold nested cross-validation. For each fold,
80% of the data is used for training, and the remaining 20%
for testing. Hyperparameter tuning is performed on the inde-
pendent subset of users with <3 sessions for each modality. We
compare against a personalized baseline, which predicts that un-
seen PHQ-8 is equal to that participant’s average PHQ-8 score
(at training). Finally, we analyze feature importance using a
feature ablation approach and SHapley Additive exPlanations
(SHAP) for the predictions of the best model [31].

3. Results & Discussion
3.1. Analysis 1. Linear Mixed-Effects Results

Figure 3 displays the results of Analysis 1. Focusing first on
the within-person associations between depression severity and
acoustic features, we see that Speaking Rate and Mean Loud-
ness are significantly negatively associated with depression – on
days where participants are less depressed relative to their base-
line, they speak faster and louder. Speaking Rate is also signifi-
cantly associated with depression severity between individuals,
along with one other speech timing feature: Articulation Rate.
These associations corroborate findings from a recent longitudi-
nal study [2] and may be explained by psychomotor retardation,
which is a common symptom in depression. They might also
suggest increased hesitation in speech planning and production
in individuals with more severe depression, which could relate
to cognitive impairment. Two features related to voice qual-
ity are also significantly negatively associated with depression
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Table 1: Performance metrics (MSE, MAE, and R2) for different
ML models. The best values for each metric are in bold.

Modality Model MSE↓ (SD) MAE↓ (SD) R2↑ (SD)

Multimodal Standard Approach

All Group Mean 22.57 (1.85) 3.79 (0.14) 0.000 (0.000)
All Random Forest (RF) 20.96 (1.61) 3.63 (0.13) 0.070 (0.010)

Multimodal Mixed-Effects Approach

All Individual Mean 11.40 (0.99) 2.47 (0.11) 0.492 (0.061)
All ME-LASSO 10.50 (0.92) 2.44 (0.09) 0.533 (0.043)
All ME-RF 10.40 (0.95) 2.43 (0.11) 0.538 (0.044)
All ME-SVR 10.61 (0.85) 2.44 (0.09) 0.528 (0.038)

Individual Modalities (Mixed RF)

Acoustic ME-RF 10.55 (0.90) 2.44 (0.10) 0.531 (0.041)
Linguistic ME-RF 10.46 (0.89) 2.44 (0.09) 0.534 (0.043)
Facial ME-RF 10.67 (0.86) 2.45 (0.09) 0.525 (0.042)

across individuals: the Cepstral Peak Prominence (CPP) and
Spectral Slope. The CPP feature was designed to measure dys-
phonia (hoarseness of the voice) – with the negative association
suggesting individuals with lower levels of depression had less
dysphonic voices. However, the Spectral Slope – which quanti-
fies the difference in energies between high and low frequency
bands – has an opposite trend than expected. Another coun-
terintuitive result is that variability in pitch is positively asso-
ciated with higher depression severity. It is often posited that
more depressed individuals speak more monotonously which is
at odds with our reported association, though we note that our
finding does align with a recent meta-analysis [6]. These inter-
individual findings could also relate to the gender imbalance in
our dataset: there are many more women and their average de-
pression level is higher relative to other genders.

The linguistic features in Figure 3 show several strong and
intuitive effects, highlighting the importance of also analyzing
the content of speech when studying depression. Negative sen-
timent, as assessed using RoBERTa, shows the strongest effect
of all features – both intra-individually and inter-individually.
Its directionality is supported by the Negative Emotion LIWC
feature, as well as by the other RoBERTa and LIWC features
that are positively valenced. Furthermore, the use of more self-
referential pronouns (I LIWC) is positively associated with de-
pression severity, which aligns with prior findings [10, 32]. The
positive inter-individual relation between cognitive processing
and depression contradicts prior findings and may be a result
of the specific task performed. The facial action unit features
show that smiling – including the genuine Duchenne smile –
and raising one’s cheeks are significantly associated with lower
self-reported depression severity.

It is interesting that significant associations of the linguistic
and facial features are consistent within and between individu-
als, while this is not always the case for the acoustic features.
The weaker intra-individual effects for acoustic features related
to voice quality and tonality could potentially be explained
by the challenges of ambulatory, smartphone-derived speech
recordings: fine-grained changes in these properties are sub-
tle, and may be overshadowed by background noise or device-
specific audio filtering [33].

3.2. Analysis 2. Multimodal Machine Learning Results

Table 1 shows that the random intercept mixed-effects (ME)
machine learning models substantially outperform standard ma-
chine learning approaches. The mixed-effects models also per-
form slightly better than the challenging Individual Mean base-
line with the mixed-effects random forest (ME-RF) perform-
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Figure 4: SHAP plot from ME-RF shows that the most important
features (top to bottom) include all three modalities.

ing best compared to the support vector regressor (ME-SVR)
and Least Absolute Shrinkage and Selection Operator (ME-
LASSO). Finally, we show that using all the modalities with
ME-RF results in a lower error versus using single modalities
in isolation. To understand feature importance, we performed
a SHAP analysis on the ME-RF model, computed across each
outer testing cross-validation fold and aggregated in Figure 4.
The 10 most important features in the model include language,
acoustic, and facial features, which further highlights the utility
of using multimodal data to assess depression.

Our dataset exhibits demographic imbalances, with 75.74%
female and 77.44% white participants. Model performance
shows variation across groups, with higher R2 for females
(0.53, SD = 0.04) vs. non-females (0.52, SD = 0.09), and for
non-white (0.58, SD = 0.06) vs. white participants (0.52, SD =
0.04). The lower explained variance for non-female participants
highlights the need for future analysis of demographic-specific
performance especially across genders.

4. Conclusion
This analysis identified significant acoustic, linguistic and facial
biomarkers for depression from smartphone-derived audiovi-
sual recordings. We also showed that these features estimate de-
pression severity on held-out data using mixed-effects machine
learning. Limitations stem from the mobile-based and ambu-
latory nature of the study which results in noisier recordings,
potentially suppressing the detection of other relevant associa-
tions. Additionally, we only study associations relative to the
total score of the PHQ-8 which does not account for the hetero-
geneity in depression symptom profiles. Future work should an-
alyze how performance generalizes across demographics, how
features associate with individual symptoms, and what interac-
tions between features are significant.
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