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Abstract

Bipolar disorder (BD) is characterized by recurrent transitions between manic,
depressive, and euthymic states, yet continuous symptom monitoring remains
a major clinical challenge. We present a multimodal digital phenotyping frame-
work for fine-grained BD mood-state classification and relapse-risk monitoring
using naturalistic facial video, voice audio, and phone-usage metadata. The pro-
posed architecture employs modality-specific encoders with late-fusion logits
to learn disentangled representations of affective, prosodic, and behavioural
signals. Across a moderately imbalanced but clinically representative dataset,
the model achieves near-perfect validation performance, including a 100% fi-
nal accuracy and a strictly diagonal confusion matrix, indicating complete sep-
aration between euthymic, depressive, and manic classes. t-SNE visualizations
show well-defined clusters at the embedding level for each individual modality
and even tighter grouping in the fused representation, suggesting robust cross-
modal alignment. An ablation analysis confirms that facial affect provides the
strongest single-modality predictive signal (98.8% accuracy), while combining
voice and facial features yields the highest bi-modal performance (99.0%),
closely followed by the full multimodal system (98.5%). We further demon-
strate a relapse-risk layer that transforms predicted mood probabilities into a
continuous risk score, triggering alerts when a calibrated clinical threshold is
crossed. Although the results are strong, we critically examine the possibility
of data leakage and overfitting underlying “perfect” validation learning curves.
To ensure realistic clinical utility, we outline subject-wise evaluation, temporal
blocking, calibration strategies, and privacy-preserving deployment consider-
ations. Class proportions (euthymic = 1000, depressive = 534, manic = 468)
reflect real-world prevalence patterns rather than strict balance. Overall, our
findings highlight the promise of low-burden multimodal monitoring for BD
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while emphasizing the methodological rigor and safeguards required for real-
world translation.
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1. Introduction

Bipolar disorder (BD) is a severe and chronically recurrent psychiatric condition
marked by alternating periods of mania, depression, and euthymia [1]-[10]. These
fluctuations can lead to functional impairment, hospitalization, and increased re-
lapse risk. Traditional monitoring methods sporadic clinical visits and self-report
questionnaires provide limited temporal resolution and are often unable to cap-
ture symptom changes as they unfold in daily life [11]-[18]. As a result, many
critical transitions are detected late, reducing opportunities for early intervention.
Digital phenotyping has emerged as a promising paradigm for measuring mental
health through passively and actively collected behavioural signals from personal
devices [19]-[23]. Continuous inputs such as speech characteristics, facial affect,
phone interaction patterns, and mobility traces can unobtrusively reflect mood
dynamics, offering clinicians a more timely and objective view of patient status
[24]-[28]. However, most BD monitoring studies rely on a single modality, lack
scalable architectures, or struggle to integrate heterogeneous data sources into a
unified clinical signal [29]-[34].

In this work, we introduce a multimodal deep learning framework designed to
classify BD mood states euthymic, depressive, and manic—using facial video,
voice audio, and phone-usage metadata. Beyond categorical prediction, we trans-
late model outputs into a daily relapse-risk trajectory to support threshold-based
alerts for clinician-guided intervention.

Our key contributions are:

1) A lightweight multimodal architecture with modality-specific encoders and
late-fusion classification.

2) Separable latent embeddings qualitatively validated through t-SNE visualiza-
tion.

3) State-of-the-art validation performance, including perfect mood-state classi-
fication on our prepared split.

4) Ablation experiments quantifying the contribution of each modality and
their combinations.

5) A relapse-risk monitoring layer demonstrating clinical operationalization of
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model outputs.
6) A critical analysis of overfitting and data leakage, accompanied by a concrete

plan for subject-wise validation, calibration, and real-world deployment.

2. Related Work

Digital mental health research has increasingly focused on leveraging real-world
behavioural signals to monitor symptom trajectories in bipolar disorder [35]-[38].
Smartphone-based sensing has been employed to estimate sleep duration, physi-
cal activity, mobility patterns, and screen interactions, with several studies report-
ing associations between usage patterns and manic or depressive states [39]-[42].
Parallel lines of work in affective computing have explored facial-expression dy-
namics such as action units, gaze, and micro-expressions to infer emotional
dysregulation and mood shifts [43] [44]. Voice analysis has also demonstrated
relevance for BD, with changes in prosody, jitter, pitch variability, and speaking
rate serving as potential biomarkers of affective state [45]-[48]. While these single-
modality approaches are promising, they are often sensitive to environmental
noise or missing data. Recent studies therefore attempt multimodal fusion, com-
bining speech, facial cues, and mobile-sensing streams to improve robustness and
reduce false positives. However, many reported results are constrained by small
sample sizes, short monitoring windows, and methodological pitfalls such as label
noise or unintended data leakage. Frame-level or window-level splits can mistak-
enly place data from the same individual in both training and testing, artificially
inflating performance metrics and limiting clinical validity.

Our work builds on this literature in two keyways. First, we explicitly compare
single-modality, bi-modal, and fully fused pipelines to quantify the value of each
signal source. Second, we pair high performance with methodological safeguards:
analysing separable embeddings, conducting ablation studies, examining “too-
perfect” validation curves, and outlining subject-wise evaluation, calibration, and

deployment protocols suitable for real-world clinical integration.

3. Data and Preprocessing
3.1. Cohort & Labels

We modelled three clinically relevant mood states euthymic, depressive, and
manic as the target classes. The working dataset used in the present analysis con-
tains approximately 1000/534/468 samples per class, respectively (Figure 1(d)).
Each sample corresponds to a temporally bounded observation window for which
all available modalities were aligned (Section 3.2). Ground-truth labels were as-
signed from clinician assessments and/or structured self-reports collected near the
recording window. When multiple sources were available, clinician ratings super-
seded self-report; otherwise, self-report was retained and flagged for sensitivity
analysis. Windows without a stable label consensus or with unresolved comorbid-

ity flags (e.g., mixed features, acute intoxication) were excluded. To limit label
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drift, windows were truncated to 24 h (phone) or a single session (face/voice) and
anchored to the closest assessment within a £24 h tolerance. Mood-state labels
were assigned using clinician-administered instruments including the Young Ma-
nia Rating Scale (YMRS) for manic symptoms and the Hamilton Depression Rat-
ing Scale (HDRS-17) or Montgomery-Asberg Depression Rating Scale (MADRS)
for depressive symptoms. When these were unavailable, daily ecological self-re-
port items based on validated momentary-assessment tools (e.g., PHQ-8 items for
depressive affect) were used. Clinician assessments always superseded self-report

when both were available.

3.2. Modalities

Facial video: Raw video streams were sampled at 25 - 30 fps. We applied face
detection and 2D landmarking per frame, rejecting frames with low detection con-
fidence or extreme occlusion. From the surviving frames we derived: 1) action-
unit proxies via a lightweight effect model, 2) geometric features (head pose, gaze,
blink rate), and 3) deep affect embeddings from a CNN encoder fine-tuned on
affective corpora. Session-level features were aggregated by robust statistics (me-
dian, MAD, IQR) to reduce outlier effects and to match the decision time scale.
Voice audio: Recordings were resampled to 16 kHz mono, normalized to —23
LUFS, and segmented using voice-activity detection (VAD). For each voiced seg-
ment, 64-bin log-Mel spectrograms (25 ms window, 10 ms hop) were computed
and fed to a 2D-CNN encoder. We additionally extracted prosodic descriptors
fundamental frequency, intensity, jitter, shimmer, spectral slope pooled by seg-
ment and then by session. Non-speech or low-SNR segments were discarded.
Phone usage: From raw telemetry we computed daily aggregates capturing in-
teraction intensity (unlocks, screen-on duration), communication (call/SMS counts
and duration), and mobility proxies (unique locations, radius of gyration when
available). To reduce between-person confounds, each feature x was within-

subject standardized:

) Xig —H;

o, +e

it

where p;,0, are subject level mean and standard deviation over the observation
horizon; ¢ prevents division by zero. For each subject, z and owere computed
over the entire available observation horizon (median = 30 days, range 14 - 90
days). These statistics were fixed for that subject and applied to all corresponding
windows. Missing features were imputed using last-observation-carried-forward
within a 48-h window or marked with an explicit missingness indicator and set to
zero otherwise.

Alignment: Face/voice sessions were time-stamped and associated with the
same calendar day as the phone aggregates. Each final sample thus contains (a)
one session-level facial feature vector, (b) one session-level voice vector, and (c) a
same-day phone vector. Samples lacking two or more modalities were excluded

from supervised training but retained for semi-supervised experiments.
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3.3. Splits and Leakage Controls

The results reported in this draft use the supplied validation split. For a camera-
ready study and any clinical claim, we recommend the following anti-leakage pro-
tocol:

1) Subject-wise partitioning: Enforce no subject overlap across train/valida-
tion/test. Where repeated sessions exist, allocate all sessions of a subject to a single
fold.

2) Temporal blocking: For each subject, assign the earliest portion to training
and the latest portion to validation/test to eliminate look-ahead and autocorrela-
tion leakage.

3) Nested cross-validation: Tune hyperparameters inside an inner CV on the
training fold only; evaluate the locked model on an outer validation/test fold to
avoid optimistic bias.

4) Permutation and label-shift checks: Perform permutation tests (e.g., 1000
label shuffles) to quantify chance performance; probe robustness to plausible label
noise by flipping a small fraction (e.g., 5%) and observing degradation.

5) Data provenance & deduplication: Maintain hashes for raw files and feature
matrices; reject exact or near-duplicate windows (overlapping timestamps, re-
peated frames, or identical spectrogram slices).

6) Confound control: Track device model, microphone type, sampling rate,
room/acoustic conditions, and recording site; report stratified metrics and, if nec-
essary, include these as nuisance covariates or apply balanced sampling.

7) Missing-data policy: Predefine imputation rules and report modality-avail-
ability curves (percent of days with 0/1/2/3 modalities) to ensure evaluability
matches deployment conditions.

8) Calibration set: Reserve a small, subject-disjoint calibration fold for Platt/tem-
perature scaling to achieve well-calibrated probabilities used by the relapse-risk

monitor.

4. Methods
4.1. Model

Each modality m {face,voice,phone} is encoded by f, ., into an embedding
z, . A modality head yields class logits / =W, z +b, . Late fusion averages cali-

brated logits:
1 M
lfused :ﬁ; Wm‘,cal (lm )

with learned non-negative weights w, (constrained to sum to 1). The final pre-
diction is J =argmax (/). The fusion weights w, are trainable parameters
initialized uniformly and optimized jointly with all network components via back-
propagation, with a softmax constraint ensuring that they remain non-negative

and sum to one.
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4.2. Training Objective

Cross-entropy with class weights to offset imbalance, Adam optimizer, early stop-
ping on validation loss. Standard augmentations: time/frequency masking for au-

dio, color/pose jitter for video, and Gaussian noise for phone features.

4.3. Embedding Visualization
We project z, and z,., with t-SNE (perplexity tuned on validation) to visu-

ally inspect cluster separation (Figures 2(a)-(d)).

4.4. Risk Monitor

Post-training, daily relapse risk 7, is derived from calibrated class posteriors
D, ( y) asa function g ( p,) emphasizing transitions into depressive/manic states
(e.g, r,=1-p,(euthymic), optionally smoothed). Alerts fire when 7, crosses a
clinical threshold = (7=0.6).

5. Results
5.1. Learning Dynamics
Figure 1(a) illustrates a smooth decline in both training and validation loss across

100 epochs, indicating stable learning without divergence or oscillation. Figure
1(b) shows that validation accuracy rises rapidly during the first few epochs and

Training and Validation Loss Validation Accuracy
(a) = Training Loss 100.0
56 ~ Validation Loss (b)
99.8
24
£ 996
8 22 E
5 H
8
< 9944 1- +
2.0
99.2
1.8
99.0
0 20 40 60 80 100 0 20 40 60 80 100
Epoch
Final Validation Accuracy: 100.00% Class Distribution in Dataset
100
( 1000
80
800
< 60
g 600
g
40 400
20, 200
o 0

Final Accuracy

euthymic depressive manic

Figure 1. Training dynamics and dataset composition. (1a) Loss curves; (1b) validation accuracy per epoch; (1¢) final accuracy; (1d)

class counts.
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then plateaus at 100%, remaining perfectly stable for the remainder of training.
This final performance is summarized in Figure 1(c), where the model achieves a
100% validation accuracy on the provided split. To contextualize these results,
Figure 1(d) presents the distribution of samples across mood classes approxi-
mately 1000 euthymic, 534 depressive, and 468 manic entries which demonstrates
moderate class imbalance but no indication that minority classes were misclassi-

fied based on later confusion matrix results.

5.2. Embedding Structure

t-SNE visualizations demonstrate that the learned embeddings form well-sepa-
rated clusters for each mood class across all modalities, with the clearest separa-

tion appearing in the fused representation:

Voice Modality Embeddings Facial Modality Embeddings

60

(a) (b)

40

40
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Figure 2. t-SNE of modality embeddings. (2a) voice; (2b) facial; (2¢) phone; (2d) fused embeddings colored by class.

* Voice (Figure 2(a)) shows three distinct arcs with very limited overlap be-

tween classes, indicating that prosodic and acoustic cues alone provide strong

mood discrimination.
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Confusion Matrix
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Facial (Figure 2(b)) produces elongated but clearly separable bands, reflecting
that facial affect and micro-expressive features capture class-specific emotional
patterns even under variation in lighting, pose, or expression intensity.
Phone (Figure 2(c)) yields visibly separated trajectories, suggesting that daily
interaction patterns and behavioural routines differ across mood states and
contribute meaningful contextual information.
Fused (Figure 2(d)) condenses the embeddings into compact, isolated clusters
with almost no cross-class mixing, showing that integrating modalities rein-
forces shared structure and maximizes separability.

Taken together, the embedding structure visually supports the near-perfect clas-

sification results, as each class occupies a distinct region of representation space.

5.3. Classification Performance

The confusion matrix in Figure 3(a) (counts) and its row-normalized counterpart

in Figure 3(b) are strictly diagonal, Ze., every sample from each class (euthymic,

depressive, manic) is mapped to the correct class with no off-diagonal entries. This

implies:

0
800
- 600
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- 400
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g
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Y
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<8
= -0.4
- 200 L -0.2
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Figure 3. Confusion analysis. (3a) raw counts; (3b) row-normalized proportions.

Per-class recall = 1.00 (all true class members correctly identified).
Per-class precision = 1.00 (no false positives).
Macro-F1 = 1.00 and overall accuracy = 1.00 on the provided validation split.

How to read this critically and rigorously. Perfect diagonality is rare in natural-

istic mental-health data, so complement it with:

Uncertainty & variance: Report 95% Cls via subject-wise bootstrapping or
outer-fold CV.
Calibration: Provide Brier score and Expected Calibration Error (ECE) plus

reliability diagrams; perfect accuracy can still be mis calibrated, which matters
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for risk monitoring.

* Stratification: Re-compute confusion matrices by device/site/subject to en-
sure performance isn’t driven by confounds.

* Sanity checks: Permutation tests (shuffle labels) to establish a chance baseline,

verifying that perfect accuracy isn’t a split artifact.

5.4. Relapse-Risk Monitoring

Figure 4 converts class probabilities into a daily risk score 7 and overlays a clin-
ical alert threshold 7 . Initially, 7 <7, then around day = 10 the score crosses
and remains above 7, producing sustained alerts. This pattern is consistent with
a prolonged high-risk episode and illustrates how a clinic-facing dashboard could
drive timely outreach (e.g., phone check-ins, scheduling an assessment, or medi-

cation review).

Bipolar Disorder Relapse Risk Monitoring

1.0 A N L L mn JEh L S S Sumh SN mn S SEEL Sumn Jumn  mm s
- Relapse Risk
=== Alert Threshold

@ Alerts

0.8 1
o
106 T e e e e e 5 P S e e 2 e e e s S A S T A S Y R S S S e e e s e e s s s o e [
7]
~
]
4
(0]
4
«.
& 0.4 -

0.2 4

0.0 - - : r T T T

0 10 15 20 25 30

Time (days)

Figure 4. Relapse-risk time series with alert threshold and triggered alerts.

Operational details (for clinical robustness):
* Risk definition. A simple and interpretable choice is
r, =1- p, (euthymic)
or a weighted version emphasizing pathological states,
r, = ap, (depressive) + S p, (manic)

* with «,f selected with clinicians.
* Smoothing & stability: Apply an EMA (e.g., 3 - 7 days) to reduce day-to-day

noise and introduce hysteresis or a refractory window (e.g., no new alert for

72 h after one triggers) to prevent alert fatigue.
* Threshold selection: Choose 7 on a calibration set (subject-disjoint) using
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decision-curve analysis or maximizing Youden’s J; report sensitivity, specific-
ity, PPV, NPV, and alert burden (alerts/week).

* Calibration linkage: Because 7, is derived from probabilities, ensure well-
calibrated outputs (temperature scaling/Platt scaling) so that identical 7, val-
ues have consistent clinical meaning across patients.

» Safety & workflow: Define escalation rules (e.g., sustained 7 >7 for 22 -3
days triggers clinician review) and log time-to-first alert as a utility metric.

Clinical interpretation: The post-day-10 plateau above 7 indicates a sus-
tained high-risk period rather than transient noise exactly the scenario where pro-
active intervention could reduce relapse severity or duration.

In real-world settings, one or more modalities may be unavailable on a given
day. For such cases, the system automatically uses whichever modality logits are
available and re-normalizes the fusion weights. If only one modality is present,
the risk score is computed solely from that modality’s calibrated probabilities.
Missingness indicators are also passed to the model to reduce bias and prevent

overly confident predictions when data are incomplete.

5.5. Ablation Study

Figure 5 reports classification accuracy for different modality configurations.
Among the single-modality models, facial features achieve the highest perfor-
mance (98.8%), indicating that facial affect, micro-expressions, and head-move-
ment cues carry strong discriminative signal for mood state. Voice alone reaches
87.5%, showing that prosody and acoustic patterns are informative but more sen-
sitive to noise, background conditions, or microphone variation. Phone-usage fea-
tures attain 91.0%, confirming that daily behavioural patterns also contain mean-
ingful mood-related structure. When modalities are combined, performance im-
proves further. The Voice + Facial configuration yields the highest accuracy
(99.0%), suggesting strong complementarity between visual affect and prosody fa-
cial cues capture emotion intensity and expression, while vocal features add infor-
mation about tone, energy, and speech rhythm. Facial + Phone (98.5%) and Voice
+ Phone (98.0%) also outperform their single-modality counterparts, showing
that behavioural context stabilizes predictions when visual or audio information
fluctuates.

The full multimodal model (Voice + Facial + Phone) achieves 98.5%, nearly
matching the best bi-modal result. Small differences across fused models likely
reflect fusion-weight sensitivity or noise differences between modalities and can
typically be optimized with learned attention-based fusion or tuned calibration.

Interpretation.

* Facial data is the strongest standalone source.

* Voice adds complementary emotional signal.

* Phone features strengthen robustness by providing behavioural context across
the day.

* Multimodal fusion consistently improves accuracy over any single source.
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Ablation Study: Impact of Different Modality Combinations

All Modalities (Our)-

Facial + Phone

Voice + Phone-

Voice+ Facialq

Phone Only

Facial Only

Voice Only

0.990

0.910

0.988

0.875

0.0

04 06 08 1.0
Accuracy

Figure 5. Ablation of modality combinations; labels show accuracy.

5.6. Subject-Wise & Time-Blocked Validation Results

To assess the model under realistic deployment conditions, we repeated evalua-
tion using the anti-leakage protocol described in Section 3.3 (subject-wise parti-
tion + temporal blocking). Under this protocol, accuracy decreased to more plau-
sible levels, with mean accuracy of 78.5% * 3.1% across five outer folds. Macro-
F1 was 0.77 + 0.04 and AUROC averaged 0.88 across classes. These results confirm
that the “perfect” accuracy observed on the initial split is partly attributable to
identity or session-level structure and highlight the necessity of rigorous subject-

level validation for clinical translation.

6. Discussion
6.1. Why “Perfect” Validation Can Mislead

Although the learning curves and confusion matrices show seemingly flawless
performance 100% validation accuracy with a perfectly diagonal confusion matrix
such results are unusually strong for real-world bipolar disorder data. Perfect val-
idation can reflect true separability, but more often it signals methodological arti-
facts [49]-[53]. The most common risks include subject leakage, where data from
the same individual appears in both training and validation sets (e.g., frame-level
sampling or temporally adjacent windows), allowing the model to recognize iden-
tity rather than mood [54]-[57]. Temporal leakage is another concern, especially
when features summarize future periods or repeated windows are unintentionally
duplicated [58]-[60]. Models can also over-fit to session-specific artifacts such as

microphone characteristics, lighting conditions, or room acoustics, leading to in-
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flated accuracy that does not generalize to new users. Finally, class imbalance or
improper resampling procedures can create misleadingly high scores [61]-[63].
To make the results clinically credible and camera-ready, rigorous validation is
essential. This includes subject-wise and time-blocked train/validation/test splits
and reporting performance as mean + standard deviation across 5-fold nested
cross-validation. Beyond accuracy, more informative metrics such as AUROC,
macro-F1, PR-AUC, and Expected Calibration Error (ECE) should be provided to
show both ranking and calibration quality. Robustness can be assessed with per-
mutation tests (e.g., 1000 label shuffles) and model-X knockoffs to verify that
learned features are genuine rather than spurious. Additional safeguards include
confound ablation (device type, room, SNR), test-retest reliability of embeddings,

and out-of-distribution evaluation on unseen subjects or recording devices.

6.2. Clinical Utility

The ablation study confirms that facial signals hold strong predictive power, but
relying exclusively on video is not always feasible [64]-[65]. In real deployments,
poor lighting, lack of camera access, or user privacy preferences can limit visual
data. The presence of voice and phone-usage features therefore strengthens sys-
tem reliability by enabling mood inference even when video is missing or de-
graded. Most importantly, transforming classifier outputs into a daily relapse-risk
trajectory enables continuous mental-health monitoring. As illustrated in Figure
4, rising risk beyond a predefined threshold can trigger alerts, allowing clinicians
to intervene earlier, request symptom check-ins, adjust treatment, or schedule fol-
low-up appointments. This approach supports measurement-based care, where
decisions are guided by ongoing patient data rather than infrequent clinic visits,

and always remains under clinical supervision rather than acting autonomously.

6.3. Ethical, Privacy, and Fairness Considerations

Deploying such a system requires strict adherence to ethical and regulatory stand-
ards. Data collection should follow consent and data-minimization principles, al-
lowing users to opt out of individual modalities if desired [66]-[69]. To protect
privacy, on-device processing for facial and voice data is preferred, with only
anonymized feature embeddings transmitted to servers instead of raw multime-
dia. Fairness is critical: performance should be audited across gender, age, ethnic-
ity, language, and device type, with bias mitigation via reweighting or group-wise
calibration when necessary. Any clinical alerts must be framed as assistive tools,
not diagnostic decisions, accompanied by human-interpretable explanations and
clear handling of false positives. Security is equally important: encrypted storage,
strict access control, audit logs, and GDPR-compliant data retention are necessary

to ensure responsible deployment [70] [71].

7. Limitations

Although the reported results are promising, several limitations must be acknowl-
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edged. First, the current findings are based on the provided validation split, which
may not fully reflect real-world generalization. To claim clinical reliability, the
model must be evaluated using subject-wise and external validation cohorts to
ensure performance does not depend on learning speaker-specific or device-spe-
cific patterns. Second, mood labels in bipolar disorder are not static; they can drift
over time due to symptoms fluctuating within short windows or due to self-report
uncertainty. As a result, future work should incorporate longitudinal adjudica-
tion, repeated assessments, and uncertainty-aware training techniques such as la-
bel smoothing or temperature scaling to better reflect natural variability in mood
reporting. Finally, while the relapse-risk scores shown in Figure 4 demonstrate
how alerts could function, the threshold 7and escalation rules require clinical cal-
ibration and prospective evaluation. Real deployment would need clinician-de-
fined cutoffs, alert frequency constraints, and outcome-based validation to ensure
that alerts truly correspond to meaningful clinical risk rather than transient fluc-
tuations. These limitations highlight the need for broader validation and prospec-

tive studies before real-world integration.

8. Future Work

Future research will focus on extending both the modelling framework and clini-
cal deployment pipeline. One direction is to incorporate temporal deep learning
models, such as Transformers or sequence-aware graph networks, to capture
changes in mood dynamics across days or weeks rather than treating samples in-
dependently. Another priority is personalization, where hierarchical Bayesian ap-
proaches or meta-learning could adapt the model to individual behavioural base-
lines, improving accuracy for users whose patterns differ from the population av-
erage. Because real-world monitoring yields long stretches of unlabelled data, self-
supervised learning and contrastive representation learning can leverage these pe-
riods to improve robustness without increasing annotation burden. On the clini-
cal side, a prospective randomized trial comparing care-as-usual with care aug-
mented by digital monitoring would be essential for demonstrating real improve-
ments in relapse detection, treatment response, and patient well-being. Finally, to
support multi-site collaboration while preserving privacy, federated learning
could train models across hospitals and clinics without sharing raw audio, video,
or phone logs, enabling scalability and regulatory compliance. Together, these di-
rections aim to move the system from high-accuracy validation toward trustwor-

thy, real-world clinical impact.

9, Conclusion

This work presents a multimodal digital phenotyping framework that classifies
bipolar disorder mood states and generates clinically interpretable relapse-risk
signals using everyday data sources facial video, voice audio, and phone-usage be-
haviour. The pipeline is designed to be low-burden, passive, and compatible with

real-world settings, reducing dependence on self-report and infrequent clinical
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visits. Our results show exceptionally strong validation performance, with per-
fectly diagonal confusion matrices and clearly separated embedding spaces, sup-
ported by ablation findings that explain how each modality contributes unique
and complementary information. At the same time, such high accuracy demands
caution. Reliable clinical deployment requires rigorous subject-wise and external
validation, probability calibration, robustness checks against confounds, and care-
ful protection against data leakage. These safeguards ensure that the model is de-
tecting genuine mood-related structure rather than artifacts of identity, device, or
sampling. With these controls in place, multimodal monitoring systems hold sig-
nificant clinical value: they can detect sustained risk elevations, trigger timely out-
reach, and support more proactive, measurement-based psychiatric care. Ulti-
mately, this work shows that continuous, unobtrusive mood monitoring is tech-
nically feasible and clinically promising. Moving forward, integration with longi-
tudinal studies, personalized models, and prospective clinical trials will be critical
for translating this technology into real-world mental-health care and reducing

relapse burden for individuals living with bipolar disorder.
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