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Abstract

Background: Mood disorders have high relapse rates and existing monitoring relies on infrequent clinical assessments and self-
report, limiting timely intervention

Objective: To evaluate the feasibility of a smartphone-based system that passively infers mood from naturalistic phone
conversations using speech signal processing and artificial intelligence, and to examine alignment with self-reported mood and
clinical measures

M ethods: We deployed a background smartphone app to capture speech during routine calls and prompted post-call mood
ratings. Encrypted features (speaker diarisation, prosody, Mel-Frequency Cepstral Coefficients (MFCCs), Word2Vec
embeddings) were processed on secure servers. Phase 1 validated inferred mood against post-call self-ratings; Phase 2 compared
daily mood trajectories with the Montgomery—Asberg Depression Rating Scale (MADRS) and Early Warning Signs
Questionnaire (EWSQ). The MADRS, routinely used in the hospital service, was employed to maintain continuity with clinical
practice and minimise disruption to workflows.

Results: Eleven participants completed Phase 1. The inferred mood demonstrated a moderate correlation with self-reported
ratings, with performance improving as cal volumes increased. The pipeline operated across heterogeneous devices and
preserved privacy viafeature-vector transmission

Conclusions. Speech-based mood inference from naturalistic phone calls is feasible and aligns with subjective and clinical
indicators, especialy with sufficient call activity. Privacy-preserving design and multimodal features facilitate real-world
deployment while promoting proactive relapse prevention. Clinical Trial: No Trial
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Abstract

Background: Mood disorders have high relapse rates and existing monitoring relies on infrequent
clinical assessments and self-report, limiting timely intervention.

Objective: To evaluate the feasibility of a smartphone-based system that passively infers mood from
naturalistic phone conversations using speech signal processing and artificial intelligence, and to
examine alignment with self-reported mood and clinical measures.

Methods: We deployed a background smartphone app to capture speech during routine calls and
prompted post-call mood ratings. Encrypted features (speaker diarisation, prosody, Mel-Frequency
Cepstral Coefficients (MFCCs), Word2Vec embeddings) were processed on secure servers. Phase 1
validated inferred mood against post-call self-ratings; Phase 2 compared daily mood trajectories with
the Montgomery—Asberg Depression Rating Scale (MADRS) and Early Warning Signs
Questionnaire (EWSQ). The MADRS, routinely used in the hospital service, was employed to
maintain continuity with clinical practice and minimise disruption to workflows.

Results: Eleven participants completed Phase 1. The inferred mood demonstrated a moderate
correlation with self-reported ratings, with performance improving as call volumes increased. The
pipeline operated across heterogeneous devices and preserved privacy via feature-vector
transmission.

Conclusions: Speech-based mood inference from naturalistic phone calls is feasible and aligns with
subjective and clinical indicators, especially with sufficient call activity. Privacy-preserving design
and multimodal features facilitate real-world deployment while promoting proactive relapse
prevention.

https://preprints.jmir.org/preprint/89660 [unpublished, non-peer-reviewed preprint]



JMIR Preprints

Ranaet al

KEYWORDS: Mood disorders; relapse prediction; smartphone sensing; speech analysis; artificial

intelligence; mental health.

Introduction

Background

Mood disorders, including major depressive
disorder and bipolar disorder, are among the
leading causes of disability worldwide and
represent a significant public health challenge
[1]. The Global Burden of Disease Study
reported that mental and substance use disorders
accounted for a substantial proportion of years
lived with disability, with mood disorders
contributing the largest share [1]. Despite
advances in pharmacological and psychological
treatments, relapse remains common, with
estimates suggesting that up to 80% of
individuals who have experienced two episodes
of depression will relapse again [2].

Major depressive disorder affects approximately
one in six men and one in four women during
their lifetime [3], and bipolar disorder, though
less prevalent, is associated with severe
functional impairment and high recurrence rates
[4]. The recurrent nature of these conditions
imposes a heavy burden on individuals, families,
and health systems, including increased risk of
suicide [5] and substantial economic costs due to
lost productivity and healthcare utilisation [6].

Early detection of relapse is critical because
symptom deterioration often occurs gradually
over several weeks, providing a window for
timely intervention [7]. However, current relapse
prevention strategies rely heavily on self-report
and scheduled clinical assessments, which are
limited by poor insight, stigma, and restricted
access to services [8]. Furthermore, traditional
monitoring approaches fail to capture real-time
changes in mood, leaving clinicians without
objective data between appointments.

Recent advances in mobile health and artificial
intelligence (AI) offer promising solutions for
continuous, passive monitoring of mental health
status. Speech is a rich source of emotional and
cognitive information; changes in prosody, pitch,

https://preprints.jmir.org/preprint/89660

and linguistic patterns often precede clinical
deterioration [9, 10]. By leveraging these
features through machine learning, automated
mood inference from naturalistic phone
conversations becomes possible, offering an
objective and scalable approach to relapse
prediction.

This study evaluated the feasibility of a privacy
preserving, smartphone-based system that infers
mood from naturalistic phone conversations
using Al-driven speech analysis. The system
processes only encrypted, de-identified acoustic
features, never raw audio or linguistic content,
ensuring  participant  confidentiality — while
enabling automated mood inference. Analyses
focused on whether the system could generate
consistent mood estimates from de-identified
numerical outputs, aligning these with self-
reported and clinical measures, all within a
secure research environment that safeguards
participant privacy. A fine-tuned wav2vec model
generated emotion probability sequences from
speech, which were then mapped to mood
categories using a proprietary algorithm. A
detailed account of the analytical pipeline is
included in the Methods section.

Methods

Study Design

This feasibility study was structured in two
phases:

« Phase 1: Validate the mood detection
algorithm against participants’ self-reported
mood ratings during routine phone calls.

« Phase 2: Map inferred mood states to
clinical assessment scores, including the
MADRS and EWSQ), in participants with a
confirmed diagnosis of a mood disorder.

We deployed a background smartphone app to
capture speech during routine calls and prompted
post-call mood ratings. Encrypted features,
including speaker diarisation, prosody,

[unpublished, non-peer-reviewed preprint]
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MFCCs, and Word2Vec embeddings, were
processed on secure servers. MFCCs, widely
used in both clinical and research settings,
effectively capture vocal timbre and emotional
expression [11]. Phase 1 validated inferred mood
against post-call self-ratings, while Phase 2
compared daily mood trajectories with the
MADRS and EWSQ. The MADRS, a clinician
rated instrument consisting of ten items scored
from O to 6 (total range 0-60), Is responsive to
short-term changes in symptoms and is
frequently used to measure treatment response.
Unlike patient-reported measures such as the
PHQ-9 or BDI, it exhibits lower vulnerability to
ceiling effects, maintaining utility across severity
levels and minimising extra assessments to
support efficient clinical processes. As the
standard assessment tool within the hospital
service, MADRS scores were collected at
baseline during the consent visit and, when
available, at follow-up to contextualise inferred
mood trajectories and validate the mood
inference algorithm.

Participants

Participants were recruited from Metro North

Mental Health outpatient services in Brisbane,
Queensland, Australia. This setting was chosen
because it provides ongoing support to
individuals with mood-related symptoms,
ensuring access to a clinically relevant
population while maintaining treatment stability.

Inclusion Criteria: Eligible participants were
required to have a documented history of mood
symptoms (e.g., depressive or bipolar features),
demonstrate stability in their current treatment
regimen (defined by clinical judgement of the
treating team), and engage in frequent phone

Textbox 1: System Components

Ranaet al

communication (Average > 1 outgoing or
incoming call per day over the past 2 weeks), as
the system relies on naturalistic voice data.
Participants also needed to own a compatible
smartphone capable of running the study
application.

Exclusion Criteria: Individuals were excluded
if they exhibited active substance use within the
previous 10 days, had a diagnosis of psychosis,
severe anxiety disorder, or personality disorder,
or were unable to provide informed consent.
Additional exclusions included insufficient
phone usage (fewer than 2-3 calls per day) and
lack of suitable hardware.

Recruitment was conducted by mental health
Registered Nurses, clinical psychologists, and
social workers during routine appointments to
assess suitability for the study. This process
ensured participants were clinically stable and
able to engage safely with the protocol. All
participants provided informed consent and were
advised that they could withdraw at any time
without any impact on their clinical care.

Data Analysis

All analyses were conducted within the
Queensland Cyber Infrastructure Foundation
(QCIF) secure research environment using only
encrypted, de-identified numerical data. The
primary aim was to assess the consistency and
validity of system generated mood estimates
derived from uplink only emotion probability
sequences, produced by a fine-tuned wav2vec
model, and the corresponding call level mood
classifications from a proprietary heuristic
algorithm.

Smartphone application

Neutral, Negative).

Server component

emotion classification.

 Runs continuously in the background on the participant’s device.
« Captures voice samples during routine phone calls without disrupting normal usage.
« Prompts participants to rate their mood immediately after the call using icons (Positive,

« Collects initial voice samples during setup by asking participants to read a short text for
2-3 minutes, enabling accurate speaker diarisation.

« Processes encrypted speech features using Al algorithms on secure QCIF infrastructure.
« Converts audio into encrypted feature vectors before transmission to ensure privacy.

Jlprepni R RS PUARE diarisation, feature extraction (Filter Bank, MFCR2 RS- APEg) < igyed Preerint
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each call, the wav2vec model produced a
probability distribution across Ekman’s six basic
emotions. To derive a single mood label for each
call, these emotion probabilities were mapped
onto a valence axis according to their affective
polarity (for example, joy was mapped as
positive, while sadness and anger were mapped
as negative). A weighted average of these
valence mapped probabilities was then calculated
across the duration of the call, resulting in a
single call-level mood label (positive, neutral, or
negative).  This approach enabled the
transformation of complex, temporal emotion
profiles into a concise summary of overall mood
for each call. Internal stability of mood estimates
was assessed across individual calls, and
alignment with participants’ self-reported post-
call ratings was evaluated using correlation
analyses based solely on de-identified values.

To examine mood dynamics over time, call level
mood estimates were aggregated into daily
trajectories using a weighted function accounting
for call frequency and duration. These daily
profiles were compared with self-reported mood
and, where available, with clinical assessments
(MADRS and EWSQ). The analysis emphasised
convergence of temporal trends rather than point-
to-point prediction, reflecting the feasibility
focus of the study.

Feasibility was further assessed by examining
participant engagement, device differences, and
system performance in everyday use. Metrics
included the number of calls per participant, the
distribution of call durations, and compliance
with post call self-ratings. All procedures
adhered to ethics protocols, ensuring no
possibility of reconstructing speech content.

Automated mood detection tool
(AMDT)

To facilitate automated mood detection from
naturalistic phone conversations, our study
implemented a two-part system architecture. This
architecture was designed to operate This

architecture ~ was  designed to  operate
unobtrusively in real-world settings while
ensuring robust privacy protections for

https://preprints.jmir.org/preprint/89660
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participants. The following textbox outlines the
key components and workflow of the system,
highlighting both the smartphone application and
the secure server infrastructure that underpin the
mood inference pipeline.

[unpublished, non-peer-reviewed preprint]
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Processed by a computer
program without human
viewing any data

Phone conversation
Automatically

Highly Secure Server provided by QCIF (the Queensland Cyber Infrastructure Foundation)

converted by the
App to an array of
numbers,
encrypted and sent
to the Server

Participant making a
phone call

Study Participant (P)

Encrypted

Start: Participant
consent obtained to
download the App.

reversible format)

Android OS separates uplink

> (participant) from downlink
(callers); we use uplink only.
v
Fine Tuned Wave2Vec
Model
Embeddings (Non-

1000
0100
0010
000 1

Automatically
processed by a
computer program
without human
viewing any data

Automatically
processed by a
computer pregram
without human
viewing any data

. ) Automatically processed
Emotion extraction
N based by a computer program
usm% Albaseglon without human viewing
eatures any data

P’s Emotional state
at time point 1

P’s Emotional state
at time point 2

—

P’s Mood Score
(calculated) for
the call

¥

Aggregate Mood Score
(calculated) over all calls
over a day

v

Store de-identified P's
calculated mood for
individual calls with

timestamp and mood score
for sum of calls in a day in
the QCIF server database

P’s Emotional state
at time point n

Emotion Mapping

v

QCIF Database

Encrypted Database

END: Data extraction only
by project team members
for post-analysis
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Figure 1: System framework for mood il1femam&,-fa1@m;§mhmahﬁmiahwaﬂhaudio During routine calls, the Android
. . _ -b at

operating system provides uplink-onlf aﬂg?guaagﬁ’stﬂ’fﬁ ggé’{;z{’gﬁ y Cthe Wf)&nts speech is processed. Short

waveform segments are passed througlj a hlerar Fically fine-tuned wavavec 2.0 model, which outputs probabilities

across Ekman’s six universal emotions. These probabilistic emotion estimates are then processed by a proprietary

heuristic inference algorithm that derives call-level mood. Encrypted numerical outputs are aggregated into daily

mood trajectories within the secure QCIF research environment.

[unpublished, non-peer-reviewed preprint]



JMIR Preprints Ranaet a

Workflow: Figure 1 illustrates the end-to-end calls, and post-call mood ratings were recorded
process. Speech segments are first partitioned for 92% of calls, indicating strong compliance
using speaker diarisation to isolate the and usability across different devices.
participant’s voice. Acoustic features such as

MFCCs, a standard representation capturing

speech timbre together with prosodic measures

coefficients, and prosodic measures (pitch

variability, energy dynamics) are extracted

alongside linguistic embeddings (Word2Vec) to

capture semantic context. These features feed

into AI models that learn complex relationships

between speech patterns and mood states. The

computed mood scores are stored in an

encrypted QCIF database, accessible only to

authorized project team members. All data

remained de-identified, and Queensland Health

held the only link between participant IDs and

personal information.

Results

Participant overview

Of the 40 referrals screened, 11 participants
(27.5%) were eligible and 29 (72.5%) were
ineligible. The overall sample had a mean age of
39.7 years (range 24-66), with eligible
participants averaging 38.8 years (median 33).
Females comprised 65% of the cohort and 82%
of the eligible group. Clinical presentations were
dominated by depression/anxiety (27.5%) and
suicidal ideation (25%), followed by recurrent
depression with suicide attempts (10%). The
primary reason for ineligibility was non-Android
devices (41.4% of ineligible), with other
exclusions including clinical ineligibility
(20.7%) and private practice care (17.2%). All
eligible device and OS versions used helped in
assessing participants used Android smartphones,
most how the system performed on different
phones. commonly

Samsung (n = 5), with operating Table 1
illustrates participant demographics for systems
predominantly Android 9 or 10. The Phase 1.

The smartphone application successfully
captured voice samples during routine phone

https://preprints.jmir.org/preprint/89660 [unpublished, non-peer-reviewed preprint]
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Table 1: Participant demographics (Phase 1)
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Study ID Gender Age Diagnosis Eligible Reason Type of phone Android
version
AMDTO01  Male 45 Recurrent Depression No Non-Android iPhone N/A
with suicide attempts
AMDTO02 Male 45 Depression/ Anxiety No Clinically Nokia not
ineligible specified
AMDTO03 Female 52 Depression/ Anxiety Yes N/A Samsung (model not
unspecified) specified
AMDTO04 Female 35 Depression No Non-Android iPhone N/A
AMDTO05 Male 27 PTSD with Depression No Not contactable N/A N/A
AMDTO06 Female 26 Suicidal ideation No Transferred care N/A N/A
AMDTO07 Female 60 Suicidal ideation No Non-Android iPhone N/A
AMDTO08 Female 33 Suicidal ideation Yes N/A Samsung Galaxy V9
10+
AMDTO09 Female 27  OD attempt No Non-Android iPhone N/A
AMDT10 Male 62  Major depressive disorder = No Clinically N/A N/A
ineligible
AMDT11  Male 41 Depression/ Anxiety No Private practice N/A N/A
AMDT12 Female 60 Depression Yes N/A Oppo R11s N/A
AMDT13 Female 25  Depression Yes N/A Oppo (model not
unspecified) specified
AMDT14  Female 43  Depression/suicidal Yes N/A Xiaomi Redmi 6 V9
AMDT15 Female 27  Suicidal ideation No Declined study Unspecified N/A
Android
AMDT16 Female 43  Low mood/ increasing No Not contactable N/A N/A
anxiety
AMDT17  Female 33 Suicidal ideation No Non-Android iPhone N/A
AMDT18 Female 25  Depression/ Anxiety No Non-Android iPhone N/A
AMDT19 Female 50  Depression/ Anxiety No Non-Android iPhone N/A
AMDT20 Male 29  Depression/ Anxiety No Clinically N/A N/A
ineligible
AMDT21 Male 29  Depression/ Anxiety No Declined study N/A N/A
AMDT22 Female 50  Major depressive disorder ~ No Non-Android iPhone N/A
AMDT23 Male 30  PTSD with depression No Non-Android iPhone N/A
AMDT24 Male 28  Depression/ Anxiety No Not contactable N/A N/A
AMDT?25 Female 37 No Private practice N/A N/A
AMDT26 Female 39  Depression/ Anxiety No Private practice N/A N/A
AMDT27 Male 62 No Non-Android iPhone N/A
AMDT28 Male 41 Recurrent Depression No Non-Android iPhone N/A
with suicide attempts
AMDT?29 Female 32 OD attempt No Non-Android iPhone N/A
AMDT30 Female 27  Suicidal ideation Yes N/A Google Pixel 3 V10
AMDT31 Male 33  Depression/suicidal Yes N/A Samsung Galaxy 9 V9
AMDT32 Female 29 Depression/ Anxiety No Private practice Galaxy 9 N/A
AMDT33 Female 54  Suicidal ideation No Clinically N/A N/A
ineligible
AMDT34  Female 27  Depression/ Anxiety No Private practice N/A N/A
AMDT35 Male 60  Suicidal ideation No Clinically N/A N/A
ineligible
AMDT36 Female 66  BPAD with depression No Clinically N/A N/A
ineligible
AMDT37 Female 24 Suicidal ideation Yes N/A Xiaomi Redmi 6 V7.1.1
AMDT38 Female 33  OD attempt Yes N/A Samsung Galaxy 9 V10
AMDT39 Female 31  Suicidal ideation Yes N/A Samsung Galaxy V10

https://preprints.jmir.org/preprint/89660
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User ID score depression at8 depression score depression
Weeks
AMDTO03 24 Moderate 26 Moderate
AMDTO08 26 Moderate A7
AAMEIIA  Male 39 66 nJdepigssion/ Ankiety o Yesr;ig N/A rgAlcatehANIarate V10
AMDT13 18 Mild 16 Mild
AMDT14 30 Moderate 16 Mild
AMDT30 24 Moderate 16 Mild
AMDT31 26 Moderate
AMDT37 8 Mild
AMDT38 26 Moderate 24 Moderate 30 Moderate
AMDT39 22 Moderate 4 Mild
AMDT40 16 Mild

Mood detection performance

Table 2: MADRS scores and severity of depression (Initial, 8 Weeks, Final)

Initial MADRS scores ranged from 8 to 30

(mean =24.1), indicating predominantly
moderate depressive symptoms across the
cohort. Preliminary analysis revealed a
moderate  positive  correlation = between
algorithm- inferred mood scores and self-
reported ratings (Pearson’s r =0.61, p < 0.01),
suggesting that the speech-based model reliably
approximated subjective mood states. Table 2
also shows that final MADRS scores were
unavailable for several participants due to
study dropout or missed follow-up
assessments. These gaps highlight real-world
challenges in longitudinal mental health
monitoring and emphasize the value of passive
data collection methods.

https://preprints.jmir.org/preprint/89660 [unpublished, non-peer-reviewed preprint]
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Call activity and variability across
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Survey Mood.
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9
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2019-12-01
2019-12-1

74.00 |

Ranaet al

Table 3: Call statistics

2020-02-15 4

Figure 2: User AMDTO03: High call volume enabled consistent mood inference

users

Table 3 summarizes call activity for three
participants (Users AMDTO03, AMDT38, and
AMDT39), selected to illustrate variability in
engagement. These users represent extremes in
the dataset: two contributed a very high number
of calls (207 and 198 calls, totalling 6.8 and
10.7 hours, respectively), while one provided
only 15 calls (2.4 hours). Although this table
includes only three of the 11 participants, it
highlights a critical factor for model
performance: greater call volume yields richer
speech data, enabling more accurate and stable
mood inference. Limited call activity reduced
predictive granularity and may have weakened
the strength of observed correlations.

Table 3 complements Figures 2—-4 by
quantifying call activity for the same users.
High call volumes for Users AMDTO03 and
AMDT38 correspond to dense mood data and
frequent call spikes in their figures, while the
low engagement of User AMDT39 explains the
sparse data points and limited variability
observed. These figures illustrate substantial
variability in call activity and mood trajectories
across participants.

https://preprints.jmir.org/preprint/89660

Figure 2 demonstrates strong alignment
between predicted and self-reported mood
scores for User AMDTO03, who made 207 calls.
The purple line (daily predicted mood) remains
stable with subtle fluctuations, reflecting
consistent speech input. The orange dots (self-
reported ratings) follow closely with the
system’s output, indicating a reliable match.
Blue crosses (call-level predictions) are densely
distributed, showing fine-grained variation
across calls. The red line (MADRS scores)
serves as a clinical benchmark and remains
relatively stable. Together, these elements show
that frequent engagement supports reliable
mood tracking.

[unpublished, non-peer-reviewed preprint]
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Figure 3 shows mood inference for User
AMDT38, who made 198 calls. The predicted
mood (purple line) remained stable and showed
strong alignment with self-reported ratings
(orange dots), particularly during periods of
increased call activity. Blue crosses indicate
individual call-level predictions, which are
frequent and consistent.

The red line represents MADRS scores, which
remained within the moderate range. The plot
illustrates how consistent call engagement
enables the system to maintain temporal
continuity and effectively detect mood trends.

https://preprints.jmir.org/preprint/89660 [unpublished, non-peer-reviewed preprint]
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reflecting low call volume, and the red line
(MADRS scores) indicates a drop in symptoms
10 Predicted Mood. over
Survey Mood. time.
----- Call Minitues. The
ne —— Clinical Mood Scores (Scaled).
—— Predicted Mood Scores (Scaled).
06 |
041 3
70.00 7200 72.00
0.2497_/ 0.2498 02514 2 =T

0z

0.0 1

2020-11-22
2020-12-01 4
2020-12-08

2020-12-15 4
2020-12-22 4

Figure 3: User AMDT38: Frequent calls supported stable mood prediction

Figure 4 illustrates mood tracking for User
AMDT39, who made only 15 calls. The
predicted mood (purple line) exhibits minimal
variation and weaker correspondence with self
reported ratings (orange dots), likely due to
limited input data. Blue crosses are infrequent,

25| 96,

10 {

0.2519

figure illustrates that limited engagement
reduces the system’s effectiveness in capturing
mood dynamics.

User AMDTO03 demonstrated an exceptionally
high call frequency, with pronounced peaks in
call duration (normalized to 1.0) around
December 6 and December 21, 2019, averaging
approximately 14 calls per day. User AMDT38
Predicted Mood.
Survey Mood,
Call Minitues.

—— Clinical Mood Scores (Scaled).
—— Predicted Mood Scores (Scaled).

0.2515

0.2517

00

20-11-25

20
2020-11-29

2020-11-17
0

2020-12-05
2020-12-09
2020-12-13

020-12-17

Figure 4: User AMDT39: Sparse data limited mood prediction accuracy

https://preprints.jmir.org/preprint/89660
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showed similarly frequent calls with slightly
less pronounced peaks, while User AMDT39
demonstrated minimal engagement, averaging
about one call per day with no major spikes.
This variability directly influenced the amount
of speech data available for mood inference.
Predicted mood (blue crosses) and self-reported
ratings (orange dots) clustered closely for
Users AMDTO03 and AMDT38, indicating
strong agreement. In contrast, User AMDT39
displayed fewer data points and greater
dispersion, likely due to limited call activity.
Clinical mood scores (red line) remained
relatively stable across all wusers, while
predicted mood scores (purple line) showed
minimal variation, suggesting that aggregated
predictions were less sensitive to short-term
fluctuations. These findings underscore the
importance of sustained engagement for
accurate and feasible speech based mood
monitoring.

Safety and acceptability

No adverse events were reported. Participants
provided positive feedback regarding the
unobtrusive nature of the monitoring system.
Data security protocols were successfully
implemented, with no breaches occurring
during the study period.

Discussion

Principal findings

This feasibility study demonstrates that mood
can be inferred from naturalistic phone-call
speech using a privacy-preserving, content-free
architecture that analyses only the participant’s
uplink audio. We used a two-stage fine-tuning
process for the wav2vec 2.0 model, which
allowed it to produce emotion probability
estimates based on Ekman’s six categories.
These emotion probabilities were then
translated into a call-level mood estimate
through a lightweight heuristic algorithm

https://preprints.jmir.org/preprint/89660

Ranaet al

designed to comply with stringent governance,
privacy, and clinical acceptability
requirements. The resulting system requires no
diarisation, no access to the callee’s speech,
and no transcription or linguistic content
extraction, thereby addressing a common
barrier in  speech-based  mental-health
monitoring: the need to preserve confidentiality

while maintaining analytical value. By
deploying the system across heterogeneous
smartphones and linking daily mood

trajectories with validated clinical instruments
MADRS and EWSQ, we extend the growing
body of evidence that passive, real world
digital measures can complement clinic based
assessments and provide earlier signals of
clinical change [12—14].

The moderate agreement we observed is
similar to reports from earlier studies, where
the amount of passive data collected tended to
influence how well early changes could be
detected. For example, in the mindLAMP
program, anomaly rates in smartphone-derived
passive features increased markedly in the
month preceding relapse and outperformed
survey-only models [12].

Similarly, longitudinal wearable studies have
shown that rich streams of heart-rate variability
and activity data track month-to-month
symptom variation, supporting the premise that
more frequent, higher-quality signals enable
fine grained inference [15, 16].

Clinically, our results fit within two main
directions seen in relapse-prediction work. On
one hand, EHR/NLP models can achieve high
discriminative performance by leveraging
structured data and topics from clinical notes,
although external generalization often degrades
[17]. On the other hand, digital phenotyping via
smartphones and wearables offers continuous,
patient-centred streams that capture preclinical
changes in behaviour and physiology [12, 13].
Speech sits at the intersection of these
approaches: it is both readily available in
routine life and tightly coupled to affect,
cognition, and thought organization. Existing
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review papers note that changes in speech and
language features may appear a few weeks
before relapse, underscoring the potential of
speech-based monitoring as an actionable
early-warning modality [14, 18].

Methodologically, our pipeline’s multimodal
feature set (prosodic + spectral + semantic) and
post-call, single-item mood labels were chosen
to keep the study practical while still capturing
data from everyday phone use. This design
mirrors large-scale smartphone efforts (e.g.,
mindLAMP/SHARP) that combine passive
sensing with brief, user-centred prompts [12,
13]. Looking ahead, extending our framework
to incorporate additional passive streams (e.g.,
step counts, sleep regularity, or HRV from
consumer wearables) could improve robustness
and reduce reliance on call frequency, in line
with recent evidence that sleep and nocturnal
physiology contribute informative signals for
relapse risk [15, 16].

A central contribution of this work is its
privacy preserving architecture. We process
audio into non-reconstructable feature vectors
before transmission to the server, store only de-
identified data, and restrict access within a
secure research environment. These steps are in
line with current expectations in digital mental-
health research to reduce identifiability while
still producing data that clinicians can use [12,
19]. Given the inherently sensitive nature of
voice data, we view on-device preprocessing,
encryption, purpose limitation, and transparent
consent as preconditions for clinical translation
and public trust.

Finally, beyond feasibility, these findings
support a pathway toward proactive care.
Continuous, low-burden mood trajectories
between appointments can inform earlier
outreach, shared decision-making, and timely
adjustments to care plans. When integrated
with clinical scales and care-team workflows
and paired with clear action thresholds, speech-
based mood inference may assist services in
identifying changes earlier rather than
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responding only after symptoms worsen,
complementing both EHR-driven risk models
and multimodal wearable platforms [12, 17].

Limitations

This feasibility study has several limitations.
First, the sample was relatively small and
participants varied in how often they used their
phones, which reduced statistical power and
affected the consistency of predictions. Similar
data density effects have been noted in
smartphone and wearable studies [12, 15].
Second, post call mood labels are self-reported
and may be biased by momentary context or
insight. Third, incomplete follow-up MADRS
scores limited our ability to quantify
longitudinal concordance at individual level;
future studies would benefit from using
scheduled clinical assessments and clearly
defined relapse outcomes. Fourth, it is still
unclear how well the system would perform
across different accents, languages, or phone
types;  personalization and  multilingual
evaluation are active areas of work in speech-
based relapse prediction and are likely
necessary for equitable performance [14]. Fifth,
while feature vector transmission reduces
identifiability, voice derived data are still
sensitive; ongoing work will need to focus on
privacy, data governance, and giving users
clear control over what is shared [19].

Future research should: (i) validate this
approach in larger, more diverse cohorts with
prospective relapse outcomes; (ii) evaluate
cross-lingual ~ robustness and  fairness,
potentially leveraging multilingual corpora and
adaptive  personalization;  (iii)  integrate
additional passive signals (sleep, activity,
HRV) to mitigate sparse calling and improve
temporal coverage; (iv) compare centralized vs.
on-device/federated  learning to  further
strengthen privacy; and (v) embed clinician-
defined action rules and just-intime workflows
to test whether earlier, speech triggered
interventions measurably reduce relapse and
service utilization [16, 17].
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Conclusions

This prospective feasibility study demonstrated
that smartphone-based mood detection, based
on speech signal processing and artificial
intelligence, is a viable method for continuous
mental health monitoring. By leveraging
naturalistic phone conversations, the system
provided an unobtrusive and scalable method
to infer mood states, potentially enabling
earlier interventions and reducing relapse risk.
While challenges such as personalization,
privacy, and integration into clinical workflows
remain, the findings underscore the potential of
digital tools to complement traditional care.
Future research should prioritize large-scale
validation, multimodal data integration, and
adaptive feedback mechanisms to enhance
predictive accuracy and user engagement.
Ultimately, these innovations have the potential
to support earlier clinical responses compared
with standard review schedules.

Contribution to the field

This study advances the field of digital mental
health by demonstrating that clinically relevant
mood information can be derived from
everyday phone conversations using a fully
privacy  preserving, content-free  speech
analysis pipeline. Unlike traditional speech-
based systems that require diarisation, lexical
transcription, or detailed linguistic modelling,
our approach analyses only the participant’s
uplink audio and never accesses or stores
semantic content. This enables deployment in
real clinical settings where confidentiality,
regulatory  constraints, and acceptability
concerns typically prohibit speech monitoring.

Ethical considerations

Ranaet al

Methodologically, the work introduces a novel
hierarchical adaptation of the wav2vec 2.0
model for affective inference. The model was
first fine-tuned on large, diverse emotional
speech corpora and subsequently calibrated to a
domain-specific dataset collected from trained
actors, capturing conversational and dialectal
elements relevant to the local clinical
population. This two-stage fine-tuning enabled
the system to produce robust probabilistic
estimates across Ekman’s six universal

emotions directly from raw waveforms. A
lightweight, commercially confidential
heuristic algorithm then mapped these emotion
probabilities to call-level and daily mood
scores suitable for longitudinal monitoring.

The study demonstrates the feasibility of using
passive, ecologically valid speech captured
during routine phone calls to approximate
mood trajectories that align with self-reported
and clinical measures. By showing that
meaningful affective signals can be extracted
without explicit linguistic transcription or
semantic analysis, our approach provides an
ethically tractable pathway for integrating
speech-based monitoring into mental health
services. However, it is important to note that
the underlying wav2vec 2.0 model may still
encode latent linguistic information within its
feature representations. Recent work [20]
demonstrates that transformer based models
can leverage such information for affective
inference, particularly for wvalence. This
contributes substantially to ongoing efforts to
transition from reactive to proactive models of
care by enabling earlier detection of mood
deterioration in everyday life.

This study involving human participants was reviewed and approved by the Royal Brisbane and
Women’s Hospital Human Research Ethics Committee (HREC/2018/QRBW/47813) and the
University of Southern Queensland Human Research Ethics Committee (ETH2019-0007). All
participants provided written informed consent to participate, including consent for capture of
phone-call speech, processing into acoustic/linguistic features, secure storage of de-identified
data, and linkage to clinical assessments (MADRS, EWSQ). No identifiable audio is stored in
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research databases; only de-identified feature vectors are transmitted and stored with encryption
in transit and at rest.
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System framework for mood inference from naturalistic phone-call audio. During routine calls, the Android operating system
provides uplink-only audio, ensuring that only the participant’ s speech is processed. Short waveform segments are passed
through a hierarchically fine-tuned wav2vec 2.0 model, which outputs probabilities across Ekman's six universal emotions.
These probabilistic emotion estimates are then processed by a proprietary heuristic inference algorithm that derives call-level
mood. Encrypted numerical outputs are aggregated into daily mood trajectories within the secure QCIF research environment.
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User AMDTO3: High call volume enabled consistent mood inference.
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User AMDTO3: High call volume enabled consistent mood inference.
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User AMDT39: Sparse data limited mood prediction accuracy.
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Workflow between the Phone End and Server End, illustrating steps such as emotion extraction, mapping, encryption, and
storage in the QCIF secure database.
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