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Abstract
Multimodal data (video, audio, text) can yield digital biomarkers relevant to depression and overall mental health.
This study aimed to (1) extract an evidence-based library of vision, speech, and language biomarkers; (2) assess
the feasibility of a fully remote conversational platform (Okaya) for collecting multimodal data; and (3) conduct
preliminary signal checks for depression, fatigue, and cognition. Participants (N=10) were recruited from a
women’s mental health group in Australia and completed a total of 59 sessions. During the study, participants
completed a check-in via Sanora, a conversational AI agent with an integration to a large-language model
(LLM). From these interactions, 66 visual, acoustic, and text features were extracted. Validated assessments
were also collected: PHQ-9 (depression), Cancer Fatigue Scale (fatigue), and Trail Making Test (cognition). We
evaluated correlations between extracted features and assessments. Preliminary correlations identified promising
digital biomarkers for depression (average F5 formant frequency and sentiment score), fatigue (segmented
TTR text complexity and sentiment score) and cognition (volume, harmonicity, spectral entropy, pause length
standard deviation, and eyelid droop). The conversational, AI-enabled platform was feasible for extracting digital
biomarkers in a sample of adults with depression. Taken together, our findings support the validity of previously
discovered digital biomarkers and inform the development of personalized, remote monitoring models for mental
health.

Keywords
biomarkers, depression, fatigue, cognition, multimodal sensors, large language models, computer vision, natural
language processing

1. Introduction

Mental health, fatigue, and cognitive functioning are critical to overall well-being and operational
performance, yet their assessment often relies on intermittent self-report or clinician-administered
instruments. Such methods, while clinically validated, can be burdensome, subjective, and limited in
their ability to capture dynamic changes over time [1, 2, 3, 4, 5, 6, 7, 8, 9]. Mobile health technology
provides an alternative solution due to the ability of apps and sensors to collect high-fidelity and high-
frequency data pertaining to activity, behavior, symptoms, and cognition [10, 11, 12]. With increasing
demands for continuous and remote monitoring, especially in mental health, digital biomarkers have
emerged as a promising avenue for objective and scalable assessment of psychological and cognitive
states [13, 14, 15, 16].

Recent advances in computer vision, speech acoustics, and natural language processing have enabled
the extraction of behavioral and physiological signals from everyday digital interactions [17, 18].
Multimodal sensing that integrates video, audio, and language data provides an opportunity to quantify
indicators of affect, fatigue, and cognitive load to complement traditional instruments for assessment of
mental health [19, 20]. Prior research has demonstrated associations between acoustic features (e.g.,
pitch variation [21, 22, 23, 24, 25, 26], jitter [21, 22, 27, 28, 29], and spectral harmonicity [28, 29, 30, 31]),
facial expression dynamics (e.g., eye and pupil movements [32, 33, 34, 35, 36] and micro-expressions
[37]), and linguistic markers (e.g., sentiment [31, 38, 39], complexity [31, 40], and emotional valence
[31, 39, 41, 17, 42, 43, 44]) with symptoms of depression, stress, and cognitive decline. However, most
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existing work has been conducted in tightly controlled studies, and less is known about the feasibility
of remote monitoring for collecting such data in naturalistic setting, such as mental health clinics [45].

Conversational AI agents, especially those powered by large language models (LLMs), introduce
new opportunities for data collection in-situ [46]. By engaging users through dialogue, these systems
can simultaneously elicit and record multimodal signals—speech, facial behavior, and language—while
maintaining a familiar and low-burden interaction format. Such interfaces align with the increasing
integration of conversational AI into mental health assessment and interventions, offering a pathway
toward longitudinal, user-centered monitoring and treatment of mental health [47]. Nevertheless,
empirical evaluation of these systems’ feasibility and usability remains limited, particularly in diverse
real-world populations.

The objective of this study was to evaluate the feasibility of a fully remote conversational AI agent,
Sanora, for collecting analyzable multimodal data (video, audio, and text) in a population with mental
health challenges, recruited from a women’s health group in Australia. Specifically, we sought to
determine whether participants would engage with the platform across multiple sessions and whether
the system could reliably extract a comprehensive set of visual, acoustic, and linguistic features suitable
for future digital biomarker modeling of depression, fatigue, and cognition. Finally, we present a case
study for the design of risk score based on a model of extracted digital biomarkers to illustrate the
future potential of the platform.

Figure 1: Illustration of the data collection workflow. The 5 steps for a successful sample collection
include login, PHQ-9, CFS, Trailmaking, and Sanora Check-in.

2. Methods

2.1. Study Population

Participants were recruited from a women’s well-being group in Australia (Pynk Health). Participation
was entirely optional, and no data was collected except for email address which was required to access
Sanora on the platform. The study was approved by Sterling Institutional Review Board (approval
number 12300-GMenvielle), and all participants signed an Informed Consent Statement. A total of 10
unique users participated in the study, contributing 59 sessions (Median = 4.5; Min = 1; Max = 17).



Participants provided data during the period from February 19, 2025 to July 28, 2025, and received no
compensation for their participation.

2.2. Procedure and Data Collection

Participants were sent weekly reminders to complete Sanora check-ins, but completion was entirely
voluntary, and were given the option to view assessment results upon request. During the data collection
period, a total of 24 weekly reminders were sent. Once users had successfully acknowledged the consent
statement and registered for an Okaya account, users could complete a workflow as described in Fig. 1
[48]. During the check-in, users were first required to meet the device and browser requirements, grant
permission to access the microphone and camera, and meet an upload speed requirement of 2mbps.
Participants were then asked to complete 3 assessments - the Patient Health Questionnaire-9 (PHQ-9)
[49], the Cancer Fatigue Scale (CFS) [50], and the Trail Making Test (TMT) [51]. It is important to
note that users were allowed to use any browser or device that met the requirements, and took the
assessment at any location, so it was difficult to control for environmental factors background noise
and lighting.

Upon successful completion of all 3 assessments, users were presented with a text and voice prompt
from an LLM (using OpenAI’s gpt-4o-mini model with a custom system prompt, referred to as ”Sanora”).
Video was recorded continuously, and users could choose between webcam video, blurred video, a
landmark representation of their face, an outline of their face, or a set of axes denoting the location
of their face, designed to accommodate users with differing levels of comfort with being recorded.
Though video was shown on the interface, raw video was not sent to our servers, instead, a set of facial
landmarks was extracted via Google MediaPipe. These landmarks were automatically extracted with a
proprietary machine learning model, and outputted 478 landmarks, each with an x, y, and z coordinate,
as well as 52 ”blendshapes” which each represented various facial expressions.
Sanora was designed to provide an engaging and comfortable environment by encouraging natural

responses and supportive language. Table 1 summarizes small excerpts of the prompt we used and their
associated purposes.

Upon clicking ”Record” to record a response to Sanora, the user’s microphone started recording and
an automatic transcription service from AWS Transcribe started transcribing their speech, until the
user stopped recording. Both the audio recording and transcribed text were sent back to our servers.
Sanora then used the transcribed text to generate a response, which was then synthesized and played
back to the user. This process continued for 4 turns (5 messages from Sanora and 4 responses from the
participant).

2.3. Feature Extraction

From the landmarks, audio, and transcribed text, we extract 66 features motivated by the literature on
digital biomarkers, mobile sensing, and mental health and cognitive assessment.

2.3.1. Visual Features

• blinks_per_s, blink_len - the number of detected blinks per second and average blink duration
[52, 53, 54, 55, 56, 57]

• eyelid_droop, eyebrow_droop - how much the eyelids and eyebrows droop [43, 58]
• gaze_down_dist, gaze_x_dist, gaze_y_dist - how far the eyes gaze down or away from center

[32, 33, 34, 35]
• eye_movements_per_s - the number of detected sharp eye movements per second [59]
• yawns_per_s, yawn_len - the number of detected yawns per second and average yawn duration

[55, 60]
• mouth_curvature - average magnitude of smiling or frowning [34, 61, 62, 63, 58]
• movement_speed_measure - a subjective measure of average movement speed [61]
• affect_measure - overall amount of facial expression [37]



Purpose Reasoning Prompt Fragment
Persona & tone Sanora should provide the user with a

comfortable and safe environment to
allow them to speak naturally.

"Be completely non-judgemental
and come from a place of curiosity
and interest."

Conversation bound-
aries

The user should not be allowed to speak
about random topics Sanora is not de-
signed to handle, and should be redi-
rected in such situations. Additionally,
Sanora shouldn’t provide any diagnosis
or treatment.

"Don’t let the user change to a
completely different topic."

"Also, it is important you don’t
provide any recommendations or
advice - your goal is purely just to
assess and learn."

Engagement The user should feel comfortable with
speaking about their mental well-being
and any possible stressors.

"Be completely non-judgemental
and come from a place of curiosity
and interest."
"You should be an active listener
and ask follow-up questions."
"If the user doesn’t provide engag-
ing responses, use different ques-
tions or try to change the subject
slightly if needed."
"The user is very open to dis-
cussing emotions, feel free to ask
deeper questions about their emo-
tional state, feelings, and mental
wellbeing."
"The user prefers to avoid dis-
cussing emotions, focus on factual
topics and behaviors rather than
feelings. If emotions come up nat-
urally, acknowledge them briefly
but don’t press for details."

Safety For situations of immediate danger, the
user should be pointed to a more suit-
able resource.

"In the case that they show any
severe warning signs such as sui-
cide, point them to professional
help."

Continuity The conversation should build upon
previous conversations to encourage
deeper and more personalized discus-
sion.

"This is a transcript of your previ-
ous conversation: . . .Quickly re-
cap this previous conversation,
then check up on their current
wellbeing."

Table 1
Goals and design of the conversational agent Sanora

2.4. Audio Features

• pitch, pitch_std - mean and standard deviation of the frequency the user spoke at [21, 22, 23, 24,
25, 29, 30, 64, 65, 66]

• jitter, shimmer - variation in audio pitch and amplitude [21, 22, 28, 29, 64]
• vol, vol_std, vol_range - mean, standard deviation, and range of spoken volume detected from

microphone [21, 25, 29, 67, 68, 69, 70, 64]
• crest_factor - ratio of peak volume to average volume
• volume_slope - trajectory of volume over time
• ealvi - Emotional Arousal Level Voice Index [71]



• timbre - timbral measurements of the audio, including the centroid, rolloff, flatness, affinity,
sharpness, harmonicity, spectral tilt, spectral skewness, spectral kurtosis, and spectral entropy
[22, 23, 27, 29, 30, 31, 64]

• formants - average F1, F2, F3, F4, and F5 formant frequencies [67, 72, 70]
• pauses - the number of pauses, as well as the mean and standard deviation of pauses [21, 24, 72, 73]

2.5. Text Features

• response_latency - average time it took to respond to Sanora [25, 74, 75]
• words_per_s - number of words spoken per second [25, 37, 72, 73, 74, 76, 77, 65]
• transcript_len - total number of words spoken [24, 73, 65]
• hesitations_per_s - number of hesitations (”uh,” ”um,” etc.) per second [77]
• complexity - various measurements for text complexity, including TTR, log TTR, segmented TTR,

ARI, Coleman-Liau Index, Flesch-Kincaid Index, Gunning Index, and SMOG Index [31, 40]
• pauses - the number of pauses, as well as the mean and standard deviation of pauses [21, 24, 72, 73]
• emotion keyword proportions - proportion of words that are associated with a certain emotion,

including anger, anticipation, disgust, fatigue, fear, joy, sadness, surprise, and trust [31, 39, 41, 17,
42, 43, 44]

• sentiment_score - positive or negative sentiment, scored by the VADER algorithm [31, 38, 39]

3. Results

Figure 2: Most significant features for each measure and their associated correlation. For PHQ-9,
F5 formant frequency is most significant, for CFS, it is text sentiment score, and for TMT, the most
significant feature is volume.

3.1. Correlation Analysis

Pearson correlations and their associated significance are listed below. Though every participant was
included in the dataset, we only analyzed the the first session for each participant. For each feature,
outliers (defined as any measurement more than 2 standard deviations from the mean) were removed.
The most significant features are plotted against the associated measures (Fig. 2).

3.1.1. Correlations for Depression

Exploratory correlation analyses revealed two significant associations between multimodal features and
depressive symptom severity as measured by the PHQ-9. Acoustic and linguistic indicators showed the
strongest relationships. Specifically, average F5 formant frequency (r = -0.73, p = 0.025) was negatively
correlated with PHQ-9 scores, suggesting that a darker or more muffled vocal timbral quality may
correspond to higher self-reported depression levels.



Textual sentiment, specifically the VADER sentiment score (r = -0.70, p = 0.025) also exhibited negative
correlations with PHQ-9 scores. VADER is a sentiment algorithm that uses a social media-based lexicon
to calculate a sentiment score either greater than 0.05 (positive sentiment), less than -0.05 (negative
sentiment), or between 0.05 and -0.05 (neutral sentiment). These findings suggest that individuals
reporting higher depressive symptoms might have speech content rated at a lower sentiment. Together,
these relationships support the feasibility of deriving speech and language-based digital biomarkers of
depression from naturalistic conversational data.

3.1.2. Correlations for Fatigue

Analysis of correlations between multimodal features and fatigue, as measured by the Cancer Fatigue
Scale (CFS), identified two significant linguistic markers. The linguistic segmented TTR text complexity
metric was inversely correlated with CFS scores (r = -0.67, p = 0.050), indicating that higher fatigue
levels were associated with simpler or less complex speech production with less vocabulary diversity.
Similarly to depression, the VADER sentiment score (r = -0.67, p = 0.034) also exhibited an inverse
correlation with fatigue, suggesting that fatigued individuals might speak in a more negative manner.
Together, these findings highlight the sensitivity of linguistic metrics to self-reported fatigue, supporting
their potential use as digital biomarkers for real-time fatigue monitoring.

3.1.3. Correlations for Attention and Cognition

Exploratory analyses examining associations between multimodal features and cognitive performance,
as measured by the Trail Making Test (TMT), identified the highest number of significant relationships.
Among acoustic features, volume was positively correlated with TMT scores (r = 0.88, p = 0.0018),
suggesting that users that speak louder might correspond to longer task completion times or lower
cognitive efficiency. This is consistent with existing related cognition research such as ADHD, which
found that higher speech volumes are tied to decreased inhibitory control [29]. Timbral harmonicity,
which describes how periodic (leading to a stronger or clearer speech perception), was also positively
correlated with TMT scores (r = 0.82, p = 0.0066). Lastly, spectral entropy was negatively correlated (r
= -0.73, p = 0.025), suggesting that low spectral entropy that sounds clear, periodic, and tonal, might
correspond to a deficiency in attention.

Among textual features, standard deviation of pause lengths exhibited an extremely high positive
correlation with TMT scores (r = 0.97, p = 0.0064), which makes sense as individuals with high pause
variability (exhibiting both short and long pauses), might correspond with difficulties with concentration.

Lastly, one visual feature, eyelid droop, was correlated with TMT scores (r = 0.78, p = 0.0076). In this
case, a higher value means a more widely open eye, suggesting that widely open eyes correspond to
higher TMT times. These results indicate that multimodal features from visual, audio, and textual sources
derived from conversational speech may offer a feasible, low-burden proxy for cognitive performance
monitoring in remote or operational settings.

3.1.4. The Effect of Outliers

To examine the effect of removing outliers when investigating correlations with such data, we calculated
correlations with and without removing outliers. Though depression and fatigue measures were largely
similar, TMT correlations were significantly different when outliers were not removed. Fig. 3 shows
that 10 significant features are found as opposed to only 5 when outliers were removed. In these cases,
outliers were so far from the rest of the dataset that a strong correlation was possible simply because
the extreme values disproportionately influenced the regression line, artificially inflating the strength
of the relationship between TMT performance and those features.



Figure 3: Significant features for the TMT and their associated correlations, with outliers not removed.

3.2. Qualitative Correlation Analysis

To complement the quantitative analyses, we conducted a qualitative review of the distribution of
significant multimodal features across clinical domains. As shown in Table 2, depression-related features
were primarily linguistic and acoustic in nature, with significant visual markers identified only for
questions 4, 5, and 7. Interestingly, question 5 (poor appetite) exhibited the most significant features,
with 3 visual, 2 audio, and 2 text features significantly correlated. In contrast, question 9 (suicide and
self-harm) exhibited no significant features.

Fatigue, as measured by the CFS, was primarily associated with linguistic features, with subscales
including the physical and affective subscales associating with the audio modality as well. No visual
features were found to have significant correlations, including individual subscales.

Cognitive performance exhibited a broad feature coverage, encompassing one visual, three acoustic,
and one linguistic variable.

Feature Categories
Measure Visual (# features) Audio (# features) Text (# features)
PHQ-9 0 1 1

Q1 0 1 0
Q2 0 1 1
Q3 0 1 1
Q4 1 2 0
Q5 3 2 2
Q6 0 1 1
Q7 2 0 1
Q8 0 2 0
Q9 0 0 0
CFS 0 0 2

Physical 0 1 2
Affective 0 1 3
Cognitive 0 0 0

TMT 1 3 1
Part A 0 1 1
Part B 1 1 1

Table 2
Count of number of significant features for each clinical measure, individual questions, and subscales per feature
type



3.3. Risk Score Case Study

To explore the feasibility of individualized monitoring, we demonstrate case studies on participants who
completed multiple sessions with Sanora. For each individual, a composite “risk score” was calculated
by standardizing the significant multimodal features (z-scoring within participant) and summing up the
deviations from the mean, with directionality determined by the feature’s correlation with the clinical
measure. This approach provided an interpretable, participant-specific index of deviation from baseline
functioning across time.

Longitudinal visualization of these risk scores revealed dynamic fluctuations in depression, fatigue,
and cognitive indices across sessions. Although exploratory, these case studies illustrate how multi-
modal conversational data can support within-person anomaly detection and temporal tracking of
psychological and physiological states. The results suggest that individualized, feature-based composite
scores may offer a viable framework for early identification of changes in mood, fatigue, or cognitive
function in remote monitoring contexts.

Figures for the 2 participants with the most sessions are displayed for depression, fatigue, and
cognition in Fig. 4.

Figure 4: Risk score case study for depression, fatigue, and cognition.

4. Discussion

We found several multimodal features that correlated with depression, fatigue, and cognition, some of
which extended beyond patterns reported in prior literature. As expected, depression was characterized
by a more muffled timbre and more negative sentiment, consistent with psychomotor slowing and
affective flattening. Interestingly, question 5 (poor appetite or overeating) exhibited the most significant
features, while question 9 (thoughts that you would be better off dead or of hurting yourself in some



way) exhibited no significant features. This suggests a possible difficulty in using the biomarkers
Sanora collects as an indicator of suicidal ideation or risk, in addition to the fact that depression is a
multi-faceted construct that should not be treated as a single monolith. Fatigue demonstrated a similar
pattern, including reduced complexity and increased negative sentiment. Notably, complexity and
sentiment, originally hypothesized as depression-related markers, were also significantly associated
with fatigue, suggesting that they may reflect shared affective mechanisms such as diminished emotional
expressivity and lexical complexity. It is notable that fatigue, including the individual subscales, had no
significant correlations with visual features, suggesting a possibility of fatigue not manifesting itself in
visual signs. Attention and cognition, as measured by the TMT, demonstrated the broadest multimodal
signature across all three domains, including increased volume and harmonicity, decreased spectral
entropy, high pause variability, and low eyelid droop. Similarly, audio measurements including pause
variability, a feature previously linked to depressive and fatigued speech, was found to correlate with
cognitive performance, indicating that subtle fluctuations in various vocal quantities may also capture
attentional or executive variability. Additionally, eyelid droop was an unexpected visual indicator for
attention, when it was meant as an indicator for fatigue, though in the opposite correlation direction.
Lastly, our outlier analysis provided a more realistic interpretation of our results, especially with the
TMT. It is worth noting that, since TMT is much more likely to be affected by concentration compared
to assessments such as the PHQ-9 and CFS, this may introduce some noise to the TMT (but could also
partly act as an indicator of cognition). Together, these findings highlight both the replicability of
established digital biomarkers and the emergence of cross-domain indicators that may bridge affective,
cognitive, and fatigue-related processes.

5. Conclusion

The findings from the case study align closely with the long-term vision of the conversational AI agent
we developed, Sanora. The observed fluctuations in individualized risk scores and their correspondence
with self-reported symptom changes and objective cognitive assessment demonstrate the agent’s
potential for longitudinal, within-person monitoring of mental health. Going forward, Sanora design
will emphasizes personalized baselines and interprets deviations relative to each individual’s unique
behavioral and physiological profile. This will allow early identification of shifts in emotional, cognitive,
or fatigue states without relying on additional assessments. This trajectory aligns with the goal of
advancing ethically grounded, data-secure, and personalized digital biomarkers for proactive mental
health assessment and treatment. It is important to note that, due to our low sample size, we are not yet
able to make claims around validation and interpretability of our results. However, as digital biomarkers
move closer to clinical integration, continued validation across diverse populations and conditions will
be essential to ensure generalizability, interpretability, and equity [78, 79].

This study has several limitations that should be considered when interpreting the findings. First, the
sample size was small and limited due to our focus on a single, small clinic, as well as the optionality
of data collection, constraining generalizability and the ability to model inter-individual variability.
Second, although validated instruments such as the PHQ-9, CFS, and TMT were used for comparison,
these measures may not fully capture the temporal dynamics or subtle within-person fluctuations that
multimodal digital biomarkers are designed to detect. Traditional self-report and cognitive assessments
tend to be relatively stable, which may underestimate moment-to-moment variability in affect, fatigue,
and cognition. Future studies should incorporate higher-resolution clinical measures—such as ecological
momentary assessment (EMA) or brief daily self-reports—that provide richer temporal data and enable
stronger coupling between behavioral features and self-reported states [1, 2, 3]. Future studies might
also complement this by incorporating other more continuous data sources such as wearables [80].
Integrating these temporally aligned measures would allow for more precise modeling of intra-individual
change and enhance the ecological validity of the derived digital biomarkers. Finally, while the AI agent
Sanora was deemed feasible in the correct context, further validation with larger, more diverse samples
and extended longitudinal follow-up is necessary for predictive modeling and design of personalized



remote monitoring systems for mental health.
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