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Abstract

Background/Objectives: Suicide remains a major public health concern, with over
700,000 deaths annually worldwide. Current risk assessment is limited by the tendency of
at-risk patients to deny suicidal ideation, with denial rates of approximately 50% among
ideators and up to 78% among inpatient suicide decedents. Methods: This proof-of-concept
study investigated whether deep learning applied to patient speech could distinguish
psychiatric inpatients admitted following a recent suicide attempt from patients with se-
vere depression without documented suicidal ideation. A multi-scale two-dimensional
convolutional neural network with residual connections and spatial attention (Multi-Scale
CNN) was trained on mel-spectrograms generated exclusively from patient speech ex-
tracted by automatic speaker diarization followed by manual verification. The dataset
comprised recordings from 88 psychiatric inpatients (59 suicide attempters and 29 patients
with severe depression without suicidal ideation). Model performance was evaluated using
repeated patient-level stratified five-fold cross-validation, ensuring complete separation of
participants between folds. Additional female-only, exploratory male-only, and repeated
sex-matched analyses were performed to evaluate the potential influence of sex imbalance.
Results: Repeated patient-level five-fold cross-validation yielded a mean classification ac-
curacy of 72.7 ± 6.4% with a mean ROC-AUC of 0.824 ± 0.054, a sensitivity of 88.3 ± 9.5%,
and a specificity of 41.3 ± 25.0%. Female-only analysis maintained good discriminative
performance (ROC-AUC 0.866 ± 0.123), whereas repeated sex-matched analyses produced
lower performance (ROC-AUC 0.621 ± 0.156), indicating that sex imbalance contributed
to, but did not fully explain, the observed discrimination. The male-only analysis was
considered exploratory because of the limited number of male patients in the depression
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group. Conclusions: These findings support the feasibility of voice-based patient-level
analysis as a complementary objective approach for suicide risk assessment. Although the
study remains exploratory because of the limited sample size and the absence of external
validation, the revised validation strategy and sex-controlled analyses provide a substan-
tially more robust estimate of model performance. Further multicenter prospective studies
are required before clinical implementation.

Keywords: suicidal behavior; AI algorithms; speech emotion detection; convolutional
neural network; multi-scale CNN; mel-spectrogram; voice biomarker; dissimulation

1. Introduction
Suicide and suicidal behavior remain major public health concerns, with measurable

impact on mortality and service demand. The World Health Organization estimates that
around 727,000 people die by suicide each year worldwide [1]. In the European Union,
Eurostat reported 49,042 deaths by suicide in 2022, and among people aged 15–29, roughly
one in six deaths was due to suicide [2]. In the United States, the Centers for Disease
Control and Prevention reported 49,316 suicide deaths in 2023 [3].

Clinical risk assessment continues to face a basic difficulty: suicidal crises are heteroge-
neous and, for rare outcomes, even strong risk factors translate poorly into individual-level
prediction. A landmark meta-analysis of 365 studies spanning 50 years of research found
that prediction of suicidal thoughts and behaviors was only slightly better than chance
for all outcomes, and that the accuracy of prediction had not improved appreciably over
five decades [4]. Meta-analytic evidence suggests that about one in five people who make
an index suicide attempt will reattempt, with risk accumulating over time and varying
by clinical and demographic factors [5]. The WHO also emphasizes the role of proximal
drivers such as mental disorders, harmful use of alcohol, access to lethal means, and social
stressors [1].

Several reviews have shown that commonly used clinical instruments and risk scales
have limited positive predictive value for future suicidal behavior, especially when applied
outside narrow research contexts [6]. A systematic review and simulation of prediction
models for suicide attempts and deaths demonstrated that even models with ostensibly
good discrimination (high AUC) yield positive predictive values near zero when applied
to low-prevalence populations, underscoring the gap between statistical performance and
clinical utility [7]. This limitation has motivated a shift toward data-driven approaches that
can integrate higher-dimensional information, including clinical history, service use, and
behavioral signals.

Recent appraisal work highlights that the field has produced many prediction models
for self-harm and suicide, but few have been externally validated, and many development
studies show high risk of bias due to sample size, handling of missing data, and incomplete
evaluation of calibration or overfitting [8]. These concerns are echoed in systematic reviews
focused on machine learning (ML) applications in psychiatric populations, where study de-
sign and reporting often limit clinical translation [9]. A recent meta-analysis also shows that
favorable global metrics can coexist with low positive predictive value in low-prevalence
settings, which constrains how risk flags can be used in practice [10].

These empirical limitations have also prompted a broader debate regarding the pur-
pose and conceptual foundations of suicide risk assessment. Teismann et al. argue that the
basic structure of clinical risk assessment may remain useful, provided that its purpose
is recalibrated away from precise prediction and toward guiding clinical understanding,
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safety planning, and therapeutic intervention [11]. A more radical position is advanced by
Large and Ryan, who question the utility of conventional risk categorization and propose
that clinicians should instead evaluate whether patients are currently capable of making au-
tonomous decisions regarding their own welfare [12]. At a more fundamental level, Baston
argues that the concept of “risk” itself requires reconsideration, suggesting a move beyond
prediction toward a framework that better captures the dynamic, contextual, and relational
nature of suicidal crises [13]. The present study does not seek to resolve these conceptual
debates or to replace comprehensive clinical assessments; rather, it examines whether voice-
derived signals may provide complementary information when conventional assessment is
limited by incomplete or deliberately withheld self-report.

A fundamental limitation shared by all self-report-based screening instruments is their
vulnerability to patient dissimulation. A narrative review examining the empirical basis
for denial of suicidal ideation found that approximately 50% of individuals with suicidal
ideation deny it during clinical interviews, and approximately half of suicide decedents
denied suicidal ideation in the weeks or months preceding their deaths [14]. In a study
of 157 patients who died by suicide while receiving care, two-thirds had denied suicidal
ideation when last asked by a clinical practitioner, and half of those who denied ideation
were dead within two days [15]. A chart review of 76 inpatient suicides found that 78%
of patients had denied suicidal ideation at their last communication before death [16].
A psychological autopsy study in Norway reported that 80% of informants perceived some
form of dissembling or masking behavior in the deceased, with older decedents exhibiting
more dissimulation [17]. These findings indicate that reliance on patient disclosure as
a gateway to suicide risk assessment is fundamentally flawed, and they motivate the
search for objective biomarkers that capture risk-relevant signals below the threshold of
voluntary control.

The period immediately following discharge from psychiatric hospitalization rep-
resents a window of extremely elevated suicide risk. A meta-analysis of 100 studies
comprising 17,857 suicides found that the pooled post-discharge suicide rate was 484 per
100,000 person-years overall, rising to 1132 per 100,000 person-years within the first three
months, roughly 100 times the global baseline rate [18]. More granular analyses show that
risk is highest in the first days: a Finnish population-based study of 193,197 hospitalizations
for depression reported incidence rates of 6062 per 100,000 person-years on days 0–3 and
3884 per 100,000 on days 4–7 after discharge [19]. A separate meta-analysis estimated
pooled suicide rates of 2950 per 100,000 person-years in the first week and 2060 per 100,000
in the first month post-discharge [20]. Across studies, approximately 26% of post-discharge
suicidal events occur within the first month, and 41% within three months [21]. These data
establish the post-discharge period as a critical window where continuous, non-self-report
monitoring could have the greatest clinical impact.

Parallel to electronic health record modeling, there has been growing interest in
speech and language as potentially informative, low-burden signals associated with sui-
cide risk. Research on voice stress analysis has established that the autonomic nervous
system modulates acoustic parameters including fundamental frequency, voice quality, and
spectral energy distribution in ways that are partially independent of volitional control [22].
A comprehensive review of speech analysis for depression and suicide risk assessment
documented recurring associations between clinical status and acoustic measures, while
identifying methodological challenges including small samples, inconsistent feature sets,
and limited external validation [23]. More recent systematic reviews have reported
associations between risk status and features such as F0 statistics, jitter, and MFCCs,
while emphasizing variability in datasets, elicitation tasks, and evaluation protocols [24].
In prospective work, acoustic patterns have been examined both between and within
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individuals, suggesting that person-specific baselines can matter when interpreting vo-
cal change [25]. Other studies have combined paralinguistic features with deep learning
for screening in specific contexts, including crisis hotline calls [26] and mobile-phone
speech diaries, where cross-dataset evaluation highlights distribution shift as a barrier to
deployment [27].

State of the Art

AI-supported suicide risk assessment is currently dominated by supervised prediction
models trained on electronic health records (EHR), registry data, and structured clinical
information. Reviews spanning the last decade converge on two points: discrimination
can be moderate to high in some settings, but estimates are difficult to compare because
outcomes, sampling strategies, and validation practices differ. Lejeune et al. reviewed
17 studies published between 2014 and 2020 and reported AUC (area under the curve)
values ranging from 0.604 to 0.947, with most work relying on retrospective designs and
routinely collected clinical data [28]. Kusuma et al. synthesized longitudinal predictions of
ideation, attempts, and deaths, reporting a pooled AUC of 0.86 with pooled sensitivity of
0.66 and specificity of 0.87, while also finding that risk of bias remained common across
included studies [29]. In a systematic review and meta-analysis restricted to clinical studies
(excluding natural language processing and image-based approaches), Ehtemam et al.
pooled 41 studies and estimated overall accuracy of 0.78 and AUC of 0.77 (sensitivity 0.69,
specificity 0.81), with substantial heterogeneity [30].

The most recent broad appraisal of self-harm and suicide prediction models similarly
found persistent issues in methodological rigor and transparency, with a small fraction of
models undergoing external validation and many studies rated at high risk of bias under
PROBAST criteria (the Prediction model Risk Of Bias ASsessment Tool) [8]. Pigoni et al.
also emphasized that calibration is rarely assessed and that reporting biases likely inflate
some performance estimates [9].

Beyond EHR and administrative data, recent reviews map a diversification of data
sources used for AI-enabled prevention, including social media content, crisis service
transcripts, ecological momentary assessment, sensor-derived digital phenotyping, and
multimodal combinations. Randomized evidence on whether AI-enabled tools improve
suicide-related outcomes is still limited. Fernandez-Quijano et al. reviewed randomized
controlled trials published through 31 May 2025 and identified six trials (n = 793) spanning
three functional domains: machine-learning risk prediction, fully automated digital inter-
ventions, and AI-assisted treatment allocation. Across the risk-prediction trials, short-term
outcomes were stratified with modest discrimination (reported AUC values around 0.70
and accuracies up to 0.67). The two fully automated interventions focused on service
processes, including reductions in counsellor response latency and increased crisis-service
uptake (reported as a 23% increase in uptake). The treatment-allocation trial reported fewer
suicidal events when randomization aligned with the model recommendation. Despite gen-
erally good methodological quality (median PEDro score 8/10), the authors rated certainty
of evidence as low because of small samples and imprecision, and they called for larger
multisite trials with longer follow-up and reporting aligned with CONSORT-AI, including
equity-focused evaluation [31].

Work focused on adolescents is expanding, partly because youth suicide and self-harm
present distinct developmental, social, and clinical patterns. A 2025 systematic review
and meta-analysis on ML prediction of suicide-related outcomes in adolescents reported
moderate pooled performance and highlighted that small samples, imbalanced outcomes,
and limited prospective validation remain common [32].
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Passive sensing and digital phenotyping represent another active strand of research,
aiming to infer near-term risk from smartphones and wearable devices. In a systematic
review with database searches through 24 June 2024, Buscher et al. identified 11 prediction
studies, 10 feasibility studies, and 7 study protocols focused on passive signals related to
suicidal thoughts and behaviors. Across the prediction studies, model performance was
generally lower for passive compared with active inputs, and in three of four studies that
tested incremental value, passive data did not improve prediction beyond active data. The
authors also reported substantial methodological and reporting shortcomings based on
PROBAST, including heterogeneous outcomes and limited validation, while feasibility
findings suggested that passive monitoring can be acceptable in high-risk clinical sam-
ples, with adherence varying by device and study context [33]. Complementary work has
addressed the more common reality of irregular and incomplete active self-report time
series. Using questionnaire data collected in the EMMA (Ecological Mental Momentary
Assessment) smartphone platform from 89 at-risk participants, Quellec et al. modeled
suicidal ideation as a multivariate time series with substantial missingness and used a
transformer-based imputation approach (a modified SAITS variant). They reported dis-
crimination between high and low ideation on the same day (AUC = 0.804) and three days
ahead (AUC = 0.769). Beyond prior ideation, permutation-importance analyses highlighted
items related to psychological pain, agitation, emotional tension, well-being, and protective
factors (for example, contact with relatives and leisure activities) as contributors to model
performance [34].

Natural language processing (NLP) is increasingly applied to crisis lines and digital
support services, where text carries both risk information and conversational context.
A recent Frontiers in Medicine study analyzed real-time crisis chats using a theory-driven
lexicon and interpretable modeling to examine how risk-related constructs evolve across
conversation stages, reporting differences by gender and age strata [35]. These designs
align with a broader shift toward models that can be audited and interpreted by clinicians
and service providers, especially in settings where decisions are time sensitive.

Speech-based modeling remains a smaller, active area. The literature spans clini-
cal interviews, helpline calls, and web-collected recordings, with features ranging from
classical prosody and voice quality measures to self-supervised embeddings. Min et al.
reported associations between suicide risk and acoustic patterns from both between- and
within-person perspectives, suggesting that person-specific baselines matter when inter-
preting vocal change [25]. In crisis-line settings, Amiriparian et al. applied convolutional
architectures to call audio to classify callers as at-risk or not at-risk and noted that trans-
fer across call centers and languages is an open challenge, though the small sample size
(20 patients) limits general claims [36]. Krautz et al. extended speech-based prediction
to suicidal behavior outcomes and included external validation across countries but still
reported performance drops under cross-national transfer [37]. The authors claimed that
this was the first study to successfully predict actual suicidal behavior rather than surrogate
markers, marking a major step forward in suicide prevention. Cross-dataset experiments
with mobile-phone speech diaries similarly report strong sensitivity to dataset shift [27].
Recent work using crisis hotline calls shows that acoustic features can support risk classi-
fication, but the low base rate of suicide constrains positive predictive value and makes
operational thresholding consequential [26].

Related paralinguistic work has used CNN-based pipelines on time-frequency
speech representations for Romanian-language emotion recognition and interactive ap-
plications, including companion-robot emotion classification and voice-based intention
detection [38,39]. This aligns with broader speech emotion recognition literature, where
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convolutional models trained on spectrogram-like representations remain a common design
choice [40,41].

Evidence from a Romanian speech dataset suggests that negative arousal can persist
for minutes after an emotionally triggering interaction and may intensify as a stressful
event is anticipated, motivating models that incorporate temporal context rather than
isolated clips [42].

Controlled experiments have also used CNN-based speech analysis to quantify in-
duced negative affect and irritability from short segments [43].

Transfer across recording contexts and populations remains difficult; nevertheless,
cross-cultural evaluation has been explored in other non-semantic vocalization tasks, such
as infant vocalization recognition tested across Australian and Romanian recordings [44,45].

Benchmark datasets and shared evaluation frameworks are beginning to appear,
addressing a long-standing fragmentation problem in speech and multimodal research.
The SpeechWellness challenge released a speech dataset collected from adolescents and
reported baseline systems intended to support comparable evaluation across teams [46].

In parallel, work on network-based feature representations and other structured
acoustic modeling has been proposed to improve robustness and interpretability when
generalizing across tasks and speakers [47]. Across modalities, the current evidence base
suggests that progress depends less on novel architecture alone and more on data quality,
reliable labels, transparent reporting, and external validation in settings close to intended
use [8,9,24,31].

2. Materials and Methods
The objective of this proof-of-concept study was to investigate whether deep learning

applied to voice recordings can identify acoustic patterns associated with recent suicidal
behavior and distinguish patients with suicide attempts from patients with depression
without recent suicidal behavior. This hypothesis is based on the following considerations,
detailed below:

1. We hypothesized that individuals in a pre-suicidal state experience, before taking the
final action by which they will take their own life, very intense emotions specific to
suicide, due to the profound ambivalence and psychological turmoil that characterize
the pre-suicidal state.

2. We hypothesized that intense emotional states influence voice production through
neurophysiological mechanisms and that part of these acoustic alterations may
remain detectable beyond the immediate emotional episode, either because of
residual autonomic activation or because they reflect a more persistent post-crisis
physiological state.

3. We hypothesized that acoustic patterns associated with suicidal behavior have a
different signature than other emotions in normal life situations, that they are intense,
that they remain embedded in the voice for extended periods, and that they can be
detected with AI algorithms.

Importantly, the proposed approach is not intended to replace clinical evaluation.
Rather, it investigates whether voice analysis may provide an additional objective source of
information that could complement conventional suicide risk assessment, particularly in
situations where patients deny suicidal ideation.

2.1. Methodology Rationale

Comparing voice recordings from patients with suicide attempts to those from patients
with depression (without recent suicidal behavior) is methodologically defensible because
depression functions as an active clinical control: it shares many non-specific determinants
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of voice (e.g., psychomotor slowing, reduced affective reactivity, sleep disturbance, med-
ication exposure, and inpatient/clinical interaction effects), so any residual separability
is more plausibly attributable to suicide-specific state markers rather than “depression
in general.”

This active-control logic has clear precedent in suicide-speech research: foundational
acoustic work explicitly contrasted high-risk suicidal patients with major depressed and
non-depressed groups, showing that formant/power-distribution measures and related
spectral features [48] as well as lower-order MFCCs [49] and excitation/phonation features
such as jitter and glottal spectral slope [50] can discriminate suicidal patients not only from
healthy controls but also from depressed comparators.

More recent studies continue to operationalize depression (or mood-disorder cohorts)
as the key comparator when developing ML models for suicide risk from speech, including
interview-based acoustic prediction models within mood-disorder samples [25].

Complementary evidence from read-speech and naturalistic recordings indicates that
suicidal ideation/attempt status is detectable from voice quality, prosodic/phonatory,
and spectral markers [49–52], while systematic synthesis emphasizes that demonstrating
incremental validity requires comparisons against clinically similar cohorts (often including
depressed patients), not only healthy controls [23].

Although depression was selected as an active clinical comparator to minimize non-
specific vocal differences, the two clinical groups differed in sex distribution. Because sex
influences several acoustic characteristics of speech, additional female-only, exploratory
male-only, and repeated sex-matched analyses were performed to evaluate whether the
observed classification performance remained after partially controlling for this potential
source of confounding. The primary performance estimates reported in this study are
those obtained from repeated patient-level stratified five-fold cross-validation. The female-
only, exploratory male-only, and sex-matched analyses were performed as complementary
analyses to assess the robustness of the findings with respect to the observed sex imbalance
rather than to replace the primary validation strategy.

2.2. Participants and Measures

The study included 88 adult psychiatric inpatients recruited from two psychiatric
hospitals in Romania between December 2023 and September 2024. Participation was
voluntary, and all participants provided written informed consent prior to enrollment.
Participants were divided into two groups based on clinical status at the time of recording.
Group 1 comprised 59 patients admitted following a recent suicide attempt. All patients
fulfilled the diagnostic criteria for severe depressive disorder at the time of hospitaliza-
tion. Group 2 comprised 29 patients with severe depressive disorder and no clinically
documented suicidal ideation or recent suicidal behavior at the time of inclusion. The
classification into the two clinical groups was established by the treating psychiatrists based
on the complete clinical assessment performed at hospital admission, including psychiatric
examination, clinical history, medical records, and routine suicide risk evaluation. We
acknowledge that the assessment of suicidal ideation inevitably relies partly on patient
self-report and therefore cannot be considered completely independent from the limitation
that motivated the present study. All participants were adults aged 18–65 with a primary
diagnosis of severe depression (Table 1).
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Table 1. Demographic characteristics of the study sample.

Characteristic Suicide Attempters
(n = 59) Depression (n = 29) Total (N = 88)

Male, n (%) 29 (49.2%) 5 (17.2%) 34 (38.6%)

Female, n (%) 30 (50.8%) 24 (82.8%) 54 (61.4%)

Age range (years) 18–65 18–65 18–65

The two clinical groups differed significantly in sex distribution (49.2% male in the
suicide-attempt group versus 17.2% male in the depression group; χ2 test, p < 0.01). Because
sex influences several acoustic characteristics of speech, sex imbalance represented a poten-
tial source of confounding. Accordingly, in addition to the primary repeated patient-level
cross-validation analysis, female-only, exploratory male-only, and repeated sex-matched
analyses were performed to evaluate the robustness of the observed classification per-
formance after partially controlling for sex. The results of these analyses are presented
in Section 4.4. Participants were informed about the study’s objectives, stages, and data
protection measures, and were assured of their right to withdraw at any time. All sub-
jects agreed to be included in the study and signed the informed consent form before
participating. The study was conducted in accordance with the Declaration of Helsinki,
and the protocol was approved by the Ethics Committees of both hospitals (Approval no.
39420/07.12.2023 from the Ethics Committee of “Prof. Dr. Al. Obregia” Psychiatry Clinical
Hospital, Bucharest, Romania, and Approval no. 2/29.01.2024 from the Ethics Committee
of “Elisabeta Doamna” Psychiatry Hospital, Galati, Romania). Data was collected from
December 2023 to September 2024 and analyzed from November 2024 onward.

Audio recordings were obtained using Sony ICD-PX240 digital voice recorders, bought
in Bucharest and Galati, at both hospital sites. Recordings were acquired in quiet clinical
consultation rooms at a sampling rate of 44.1 kHz and encoded in MP3 format at 128 kbps,
reflecting the routine recording protocol used in the participating hospitals. Each recording
lasted between 8 and 12 min per patient. The same recording equipment and acquisition
protocol were used at both sites to minimize recording-condition variability. Although
MP3 compression represents a limitation for detailed acoustic analysis, its influence was
minimized using an identical acquisition protocol for all participants. Future prospective
studies will employ lossless audio acquisition to preserve the full acoustic information.

The interview protocol was semi-structured and consisted of two parts. The first part
was an assessment of the suicide attempt (for Group 1) or of the patient’s current emotional
state (for Group 2). The second part consisted of a discussion about emotionally neutral top-
ics such as weather and hobbies, with the aim of obtaining speech under both emotionally
salient and emotionally neutral conditions. Although interviewer speech was completely
removed before acoustic analysis through the speaker-diarization procedure described
below, interviewer-related effects cannot be completely excluded because interviewers
were aware of participants’ clinical status and the interview topics differed between the two
clinical groups. These differences may have influenced patients’ emotional arousal, con-
versational dynamics, or topic-related prosody. Consequently, the present findings should
be interpreted as demonstrating acoustic separability between patient speech recorded
under these interview conditions rather than establishing the existence of a unique suicide-
specific vocal biomarker. Future multicenter studies should employ standardized interview
protocols with identical elicitation tasks across groups together with blinded or automated
interview administration. Interviewers were not blinded to patient group status; however,
the technical team responsible for audio processing, model development, training, and
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evaluation received only anonymized recordings and had no access to patient identifiers or
clinical metadata other than the binary class labels required for supervised learning.

Before acoustic preprocessing, all interview recordings underwent automatic speaker
diarization using the pretrained pyannote/speaker-diarization-3.1 model. Separate audio
files were automatically generated for each detected speaker. Every diarized recording was
subsequently reviewed manually by the research team to verify correct speaker assignment.
This manual verification was performed before any acoustic preprocessing to ensure that
only patient speech entered the machine-learning pipeline. Only the speech segments
corresponding to the patient were retained for all subsequent analyses, whereas interviewer
speech was completely excluded before silence removal, spectrogram generation, CNN
training, and model evaluation. Consequently, all mel-spectrogram generation, CNN
training, validation, and performance evaluation reported in this study were performed
exclusively on patient speech.

Medication data for the participants was not systematically recorded and is therefore
unavailable. This is acknowledged as a limitation, as psychotropic medications, including
antipsychotics, benzodiazepines, and mood stabilizers, may influence voice production
through effects on psychomotor activity, respiratory control, phonation, and laryngeal
muscle tone, and therefore represents an important source of biological variability.

To prevent speaker-level data leakage, all speech segments extracted from a given
participant were always assigned to the same cross-validation fold. Patient-level stratified
cross-validation was performed before audio segmentation, ensuring that all recordings
from an individual participant remained exclusively within either the training or the testing
partition during each fold. Consequently, no speech segments originating from the same
participant were present simultaneously in both the training and testing datasets. This
strategy ensured complete independence between the training and testing data throughout
all repeated cross-validation analyses.

2.3. Feature Representation and Classification Model
2.3.1. The Neurophysiological Basis of Emotional Signatures in Voice

Voice production is governed by a complex interplay between the central and au-
tonomic nervous systems, involving the coordinated activity of respiratory muscles, the
larynx, and the supralaryngeal vocal tract. Research on voice stress analysis has estab-
lished that the autonomic nervous system shapes multiple acoustic parameters, including
fundamental frequency, voice quality, and spectral energy distribution, through mecha-
nisms that are partially independent of the speaker’s conscious control [22]. The larynx is
innervated by branches of the vagus nerve (cranial nerve X), which serves as the primary
parasympathetic pathway between the brainstem and the visceral organs, while sympa-
thetic innervation reaches the laryngeal musculature via the superior cervical ganglion and
the external branch of the superior laryngeal nerve. During states of emotional arousal,
autonomic activation modulates subglottal air pressure, vocal fold tension, and laryn-
geal positioning, all of which directly influence measurable acoustic parameters including
fundamental frequency (F0), jitter, shimmer, harmonic-to-noise ratio, and spectral energy
distribution [22].

These autonomic influences on voice production operate substantially below the
threshold of volitional control. The anterior cingulate cortex (ACC) plays a central role in
both emotional processing and vocal motor regulation, mediating the interaction between
bottom-up arousal signals and top-down regulatory processes. Van Puyvelde et al. pro-
posed the Model for Voice and Effort (MoVE), which integrates these two streams: F0 values
and jitter reflect bottom-up arousal activity, while their range and variance are modulated
by ongoing top-down control [22]. The periaqueductal grey matter (PAG), a key subcortical
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structure in this pathway, interfaces with the autonomic pontomedullary structures—the
parabrachial complex, the Kolliker–Fuse nucleus, and the nucleus tractus solitarius—that
shape the cardiorespiratory motor patterns essential for vocalization [22]. Crucially for
clinical applications, stress-induced changes in intrinsic laryngeal muscle activity have
been shown to occur even in vocally healthy individuals exposed to psychological stressors,
with both personality traits and vagal tone predicting the magnitude of these involuntary
vocal changes [53].

This neurophysiological architecture has direct implications for psychiatric assessment.
When a patient denies suicidal ideation during a clinical interview, the semantic content
of speech is largely under conscious control. However, several acoustic characteristics of
voice production continue to reflect autonomic and neurophysiological processes that are
only partially subject to voluntary regulation. Consequently, voice analysis may provide
complementary information about the speaker’s emotional state that is not fully captured
by the semantic content of speech alone. The emotional state of the speaker is encoded
in the spectral and temporal microstructure of the voice signal through mechanisms that
are, by their neural architecture, partially involuntary. This principle forms the scientific
basis for using voice analysis as a non-self-report biomarker: it accesses a channel of
emotional expression that operates in parallel with, and partially independent of, the
semantic content of speech. The present study does not attempt to infer suicidal intent
directly from speech. Instead, it investigates whether deep learning can detect reproducible
acoustic patterns associated with patients who recently attempted suicide when compared
with a clinically relevant control group consisting of patients with severe depression
without suicidal ideation.

2.3.2. Emotional States in the Pre-Suicidal Period

The emotional phenomenology of the pre-suicidal state is characterized by intense
ambivalence, psychological pain, and dysregulated arousal. Clinical interviews with suicide
attempt survivors in the present study consistently revealed descriptions of overwhelming
inner turmoil preceding the act, a coexistence of the wish to die and the wish for the
unbearable pain to cease, which is not identical to a straightforward desire for death. This
ambivalence generates a distinctive emotional signature that is qualitatively different from
the affective flattening and psychomotor retardation typical of depression without active
suicidal behavior.

Neurobiological evidence supports the existence of distinct physiological states in in-
dividuals who have attempted suicide compared with those experiencing depression alone.
DeVille et al. demonstrated that suicide attempters exhibit an “interoceptive numbing”
pattern, characterized by increased tolerance for aversive sensations (longer breath-hold
and cold-pressor tolerance) and decreased accuracy in perceiving non-aversive bodily
signals (lower heartbeat perception accuracy), mirrored by reduced activation of the dorsal
mid/posterior insular cortex [54]. This pattern, which was specifically linked to the act of
attempting suicide, independent of psychiatric diagnosis or medication exposure, suggests
that suicidal behavior is accompanied by measurable physiological changes that extend
beyond the mood disturbances associated with depression. The coexistence of intense
emotional distress with blunted interoceptive awareness creates a paradoxical internal state
that, we hypothesize, produces vocal signatures distinguishable from those of depressive
affect alone.

Furthermore, the temporal dynamics of emotional arousal in the context of suicidal
crises suggest that these signatures persist in the voice beyond the immediate moment
of crisis. Evidence from Romanian speech datasets indicates that negative arousal can
persist in vocal parameters for minutes after an emotionally triggering interaction and

https://doi.org/10.3390/psychiatryint7040174

https://doi.org/10.3390/psychiatryint7040174


Psychiatry Int. 2026, 7, 174 11 of 32

may intensify as a stressful event is anticipated [42]. The available evidence supports
persistence on the order of minutes [42], while the recordings in the present study were
obtained hours to days after the suicide attempt. The extent to which the observed acoustic
differences reflect the persistence of acute emotional arousal versus a more stable post-crisis
physiological state remains an open question. In the clinical context, patients interviewed
within hours or days of a suicide attempt are likely to carry residual emotional activation
that may be detectable through analysis of vocal acoustics, even when their verbal reports
suggest resolution or improvement.

Importantly, the present study does not attempt to demonstrate that any individual
acoustic feature is specific to suicidal behavior. Rather, it investigates whether the com-
bination of multiple spectro-temporal characteristics, learned automatically by a deep
neural network, contains sufficient information to distinguish patients with recent suicide
attempts from clinically comparable patients with depression without suicidal ideation.

2.3.3. Spectrogram Representation

The acoustic signal of human speech is a complex waveform whose emotion-related
information is distributed across both temporal and spectral dimensions. To make this
information suitable for deep learning, the audio recordings were transformed into mel-
spectrograms, two-dimensional time-frequency representations that convert the speech
analysis problem into an image classification task while preserving the spectral characteris-
tics relevant to emotional expression.

In the present study, the original recordings (44.1 kHz, MP3 format) were first resam-
pled to 22,050 Hz. As described in Section 2.2, all recordings had previously undergone
automatic speaker diarization followed by manual verification, and only patient speech
was retained for all subsequent analyses. Silent intervals and non-speech regions were then
removed using an energy-based voice activity procedure (librosa.effects.split, top_db = 20)
to reduce the influence of pauses and background silence. The remaining speech signal
was divided into two-second segments with 50% overlap between consecutive segments.
For each segment, a short-time Fourier transform (STFT) was computed using an FFT
window size of n_fft = 2048 samples (approximately 93 ms at 22,050 Hz) and a hop length
of 512 samples (approximately 23 ms). The resulting power spectra were projected onto
128 mel-frequency bands covering the frequency range from 0 to 11,025 Hz, thereby gener-
ating a mel-spectrogram for each speech segment.

Each mel-spectrogram was converted to decibel units using librosa.power_to_db and
subsequently standardized using Z-score normalization (mean subtraction followed by
division by the standard deviation). Spectrograms shorter than 100 time frames were
zero-padded, whereas longer spectrograms were truncated to 100 frames, resulting in a
fixed input size of 128 × 100 × 1 (128 mel-frequency bands × 100 time frames × one
grayscale channel) for all CNN inputs.

Because silent intervals were removed before segmentation, the number of speech
segments generated from each participant varied according to the duration of voiced speech
within the interview. Consequently, individual participants contributed different numbers
of spectrograms during model training. Importantly, all segments originating from a given
participant were always assigned to the same data partition, ensuring complete patient-
level separation between the training, validation, and testing datasets and preventing
speaker-level information leakage.

Although the CNN was trained using individual spectrogram segments, all perfor-
mance metrics reported in this study were computed at the patient level. Segment-level
predictions belonging to the same participant were aggregated using majority voting to
determine the final patient classification. Because receiver operating characteristic (ROC)
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analysis requires a continuous prediction score, the mean predicted probability of the
suicide-attempter class across all segments of a participant was used to calculate the
patient-level ROC-AUC. The repeated patient-level stratified five-fold cross-validation
described in Section 2.2 was applied to the entire preprocessing and classification pipeline.
For every fold, all preprocessing steps, including speech segmentation, mel-spectrogram
generation, model training, and patient-level evaluation, were performed independently
using only the participants assigned to the corresponding training and testing partitions.
This procedure ensured complete separation of participants between folds and prevented
any form of speaker-level information leakage throughout the validation process.

The mel scale provides a perceptually motivated frequency representation that ap-
proximates the nonlinear frequency resolution of the human auditory system by expanding
lower frequencies, where auditory discrimination is greatest, and compressing higher
frequencies. This representation has consistently demonstrated superior performance
compared with linear-frequency spectrograms in speech emotion recognition because it
preserves the spectral regions most strongly associated with prosody, phonation, and vocal
tract resonances [38,55].

Mel-spectrograms are particularly well suited for convolutional neural networks be-
cause they transform complex acoustic phenomena into spatial patterns that can be learned
hierarchically. Emotion-related variations in pitch, phonation stability, formant trajectories,
and spectral energy distribution appear as characteristic time-frequency patterns that CNNs
can model through successive convolutional layers. Rather than relying on predefined
acoustic features, the proposed Multi-Scale CNN automatically learns multiscale spectro-
temporal representations that capture complex combinations of acoustic characteristics
associated with the studied clinical groups. Representative mel-spectrograms from both
clinical groups are shown in Figure 1.

Figure 1. (a) Representative mel-spectrogram example of a patient with a survived suicide attempt,
interviewed on the first day of hospitalization. (b) Representative mel-spectrogram example of a
patient with depression, interviewed on the first day of hospitalization.
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2.3.4. Model Architecture: Multi-Scale Convolutional Neural Network with Attention

The classification model employed in this study is a multi-scale two-dimensional con-
volutional neural network (Multi-Scale CNN) with residual connections and spatial atten-
tion, implemented using the Keras Functional API. The model processes mel-spectrograms
as single-channel grayscale images (128 × 100 × 1). The architecture comprises four
principal stages: multi-scale feature extraction, convolutional processing with a residual
connection, a spatial attention mechanism, and a classification head. The overall archi-
tecture is illustrated in Figure 2. The same CNN architecture and hyperparameters were
used throughout all experiments reported in this study, including the overall repeated
patient-level stratified five-fold cross-validation, the female-only analysis, the exploratory
male-only analysis, and the sex-matched analysis. Only the composition of the patient
cohorts differed between these experiments, allowing the robustness of the learned acoustic
representations to be evaluated under different levels of control for sex imbalance.

Figure 2. CNN architecture.

(Schematic diagram of the Multi-Scale CNN architecture with residual connection and
spatial attention mechanism. The network processes mel-spectrograms (128 × 100 × 1)
through parallel 3 × 3 and 5 × 5 convolutional branches, concatenates their outputs, and
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feeds them into a residual block (a 3 × 3 convolution with a 1 × 1 projection shortcut via
skip connection) followed by ReLU activation and max pooling. A subsequent 128-filter
convolution with batch normalization is processed through a spatial attention mechanism
(reshape → attention weighting → temporal weighted sum), before passing through a
fully connected layer (128 units, ReLU), dropout (0.5), and the binary softmax output
[suicide, depression]).

Multi-scale feature extraction. Two parallel convolutional branches process the
input simultaneously. The first branch applies 32 filters with a (3 × 3) kernel to capture
fine-grained spectro-temporal patterns, while the second branch applies 32 filters with a
(5 × 5) kernel to capture broader context. The outputs of both branches are concatenated
along the channel dimension, yielding a 64-channel feature map (128 × 100 × 64). This
multi-scale design allows the network to simultaneously learn local acoustic details and
wider contextual patterns from the mel-spectrogram.

Convolutional processing with residual connection. The concatenated features are
processed by a Conv2D layer (64 filters, 3 × 3 kernel) followed by batch normalization.
A residual block then applies two parallel paths: a Conv2D layer (64 filters, 3 × 3 kernel)
for nonlinear transformation and a Conv2D layer (64 filters, 1 × 1 kernel) serving as a linear
projection shortcut. The outputs are summed (residual connection) and passed through
ReLU activation and max pooling (2 × 2). This residual design mitigates the vanishing
gradient problem and facilitates training of deeper representations. A subsequent Conv2D
layer (128 filters, 3 × 3 kernel) with batch normalization further refines the feature maps.

Spatial attention mechanism. The feature maps are reshaped and processed through
a dense layer (1 unit) followed by softmax activation to compute attention weights over
the spatial dimensions. These weights are multiplied element-wise with the feature rep-
resentation, producing an attention-weighted summary vector (128 dimensions). This
mechanism allows the model to focus on the most discriminative spectro-temporal regions
of the mel-spectrogram.

Classification head. The attention output is passed through a fully connected layer
(128 units, ReLU) with dropout (rate 0.5), followed by the output layer (2 units, softmax),
producing probability estimates for each class.

The parameter counts per layer are as follows: parallel Conv2D branches,
320 + 832 = 1152; Conv2D (64, 3 × 3) + BatchNorm, 36,928 + 256 = 37,184; residual
block (Conv2D 64 3 × 3 + Conv2D 64 1 × 1), 36,928 + 4160 = 41,088; Conv2D (128, 3 × 3)
+ BatchNorm, 73,856 + 512 = 74,368; attention (Dense 1), 129; Dense (128), 16,512; output
Dense (2), 258. The total parameter count is 170,691 (170,307 trainable parameters and
384 non-trainable parameters from batch normalization running statistics).

The Multi-Scale CNN approach treats mel-spectrograms as images, exploiting the
spatial structure inherent in time-frequency representations. Horizontal patterns in the spec-
trogram correspond to temporal dynamics, capturing how spectral content changes over
time. Vertical patterns capture harmonic structure, representing frequency relationships at
a given instant. Diagonal patterns can capture pitch contours and formant transitions. This
image-based paradigm for processing spectrograms is well-established in speech emotion
recognition [38,55].

The multi-scale feature extraction enables hierarchical feature learning: the (3 × 3)
branch detects fine-grained spectro-temporal edges, while the (5 × 5) branch captures
broader patterns spanning wider frequency and time ranges. The residual connection facili-
tates gradient flow during training and enables the network to learn identity mappings
where appropriate, reducing the risk of degradation with depth. The spatial attention mech-
anism provides interpretability by learning to weight the most discriminative regions of the
spectrogram, allowing the model to focus on spectro-temporal areas most relevant to classi-
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fication. BatchNormalization stabilizes training by normalizing intermediate activations
and acts as a mild regularizer. Dropout (0.5) provides regularization in the classification
head, where overfitting risk is greatest. No architectural modifications or hyperparameter
tuning were performed separately for the additional sex-controlled analyses, ensuring
that all comparisons reflected differences in patient composition rather than differences in
model design.

The model was implemented in TensorFlow/Keras (version 2.x) and trained using
the Adam optimizer with an initial learning rate of 2 × 10−4. ReduceLROnPlateau was
applied, reducing the learning rate when validation loss plateaued (observed reductions to
2 × 10−5 and 2 × 10−6 during training). Training was conducted with a batch size of 16
for 20 epochs. No early stopping was used, and no data augmentation techniques (such as
noise injection, pitch shifting, or time stretching) were applied. The data were split into
training and test sets using a stratified train/test split (train_test_split with stratify = y) to
preserve class proportions in both sets. No explicit class weighting was employed despite
the 2:1 class imbalance (59 suicide attempters vs. 29 depression patients).

2.3.5. Binary Classification Rationale

The present study employs a binary classification scheme, distinguishing between pa-
tients who recently attempted suicide (Group 1, n = 59) and patients with severe depression
without suicidal ideation (Group 2, n = 29). This binary design was chosen to establish, as a
first step, whether the Multi-Scale CNN model can reliably separate the acoustic patterns
of recent suicide attempters from those of depressed patients without suicidal ideation.
Although the original cohort presented an approximately 2:1 class imbalance together with
a significant sex imbalance, the revised study additionally includes female-only, exploratory
male-only, and sex-matched analyses to evaluate the robustness of the proposed approach
under different cohort compositions.

This distinction is clinically meaningful because it tests whether suicidal behavior
leaves a distinct vocal signature beyond what depression itself produces. Depression is
associated with well-documented changes in vocal characteristics, including reduced pitch
variability, slower speech rate, and altered spectral energy distribution. By comparing
suicide attempters against patients with severe depression who do not report suicidal
ideation, the design controls for the acoustic effects of depression per se and asks whether
the act of attempting suicide, and the physiological and emotional states surrounding it,
introduces additional acoustic markers that a model can detect. If the model can classify
patients on this dimension from voice alone, it would suggest that suicidal behavior is
accompanied by vocal changes that go beyond those attributable to depressive illness,
representing a step toward identifying patients whose acoustic profiles indicate acute
suicide-related distress rather than depression alone.

Extension to a multi-level classification system, incorporating gradations of risk inten-
sity such as residual vulnerability in treated patients, is planned as a future direction once
larger samples are available.

2.4. Declaration of Generative AI Use

During the preparation of this manuscript, the authors used Claude (Anthropic;
Claude Opus 4.7) to assist with the following tasks: (i) drafting, rewriting, and refining
the manuscript text, including the structured abstract, figure captions, Acknowledgments,
and Data Availability Statement; (ii) literature search support, including querying PubMed
and the Consensus academic database to identify relevant publications; (iii) verification
of citation metadata (author lists, DOIs, volumes, and page numbers) against primary
sources; (iv) computation and interpretation of confidence intervals, exact binomial test
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p-values, and the sex-only baseline AUC reported in Section 4.4; and (v) formatting of
references into the MDPI style. The tool was not used to design the study, to recruit or
interview participants, to collect or analyze the primary audio data, to develop or train
the convolutional neural network model, to generate any of the figures, or to fabricate any
reference or result. All analytical decisions, model development, empirical results, and
final scientific content are the work of the human authors. After using this tool, the authors
reviewed, verified, and edited all content as needed and take full responsibility for the
content of the publication.

3. Results
The revised evaluation was performed using repeated patient-level stratified five-fold

cross-validation on the complete dataset of 88 psychiatric inpatients (59 suicide attempters
and 29 patients with severe depression without suicidal ideation). Following speaker
diarization and preprocessing, mel-spectrograms were generated from two-second speech
segments with 50% overlap. All speech segments originating from the same participant
were assigned exclusively to a single fold, thereby ensuring complete patient-level separa-
tion between training and testing data and preventing speaker-level information leakage.
For each fold, the entire preprocessing pipeline, spectrogram generation, CNN training, and
patient-level evaluation were performed independently. Final patient-level classification
was determined by majority voting across all speech segments belonging to the same par-
ticipant, whereas patient-level ROC-AUC values were computed using the mean predicted
probability of the suicide-attempter class across all segments of the corresponding partici-
pant. Across the repeated patient-level stratified five-fold cross-validation, the proposed
Multi-Scale CNN achieved a mean patient-level classification accuracy of 72.67% ± 6.44%,
a balanced accuracy of 61.83% ± 9.56%, and a mean ROC-AUC of 0.824 ± 0.054. Mean sen-
sitivity for suicide attempters was 0.883 ± 0.095, whereas mean specificity for patients with
depression was 0.413 ± 0.250. The higher sensitivity indicates that the model consistently
detected the clinically important suicide-attempter group across the different validation
folds, although at the expense of a lower specificity for the depression group. Per-class
performance metrics are summarized in Table 2. To investigate the potential influence of sex
imbalance, additional analyses were performed using female-only, exploratory male-only,
and sex-matched cohorts. The female-only analysis produced performance comparable
to that observed in the complete cohort (mean ROC-AUC = 0.866 ± 0.123), whereas the
exploratory male-only analysis yielded a mean ROC-AUC of 0.786 but should be inter-
preted cautiously because of the limited number of male participants. In the sex-matched
analysis, the mean ROC-AUC decreased to 0.621, indicating that part of the discriminative
performance may be influenced by sex-related acoustic differences. Nevertheless, classifica-
tion performance remained above chance, supporting the existence of additional acoustic
information beyond sex alone. The results demonstrate that the proposed Multi-Scale
CNN consistently identified suicide attempters with higher sensitivity than patients with
depression across the repeated validation folds. This operating point favors the detection
of clinically relevant high-risk individuals but also produces a relatively high false-positive
rate among depressed patients. Consequently, the proposed approach should be regarded
as a complementary decision-support tool intended to assist, rather than replace, compre-
hensive clinical assessment.
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Table 2. Mean patient-level classification performance obtained by repeated stratified five-fold
cross-validation (mean ± standard deviation).

Metric Mean ± SD

Accuracy 72.67 ± 6.44

Balanced accuracy 61.83 ± 9.56

ROC-AUC 0.824 ± 0.054

Sensitivity 0.883 ± 0.095

Specificity 0.413 ± 0.250

Precision (suicide) 0.761 ± 0.070

Macro F1 0.633 ± 0.142

Values are reported as the mean ± standard deviation across the five patient-level
cross-validation folds.

Across the repeated patient-level five-fold cross-validation, the proposed Multi-Scale
CNN consistently achieved higher sensitivity than specificity. Mean sensitivity for the
suicide-attempter class reached 0.883 ± 0.095, whereas mean specificity for the depression
group was 0.413 ± 0.250. This operating point favors the identification of clinically relevant
high-risk individuals but also results in a relatively high false-positive rate among patients
with depression. Consequently, the proposed approach should be regarded as a com-
plementary decision-support tool intended to assist, rather than replace, comprehensive
clinical assessment. A representative confusion matrix obtained from one cross-validation
fold is presented in Figure 3.

Figure 3. Representative patient-level confusion matrix obtained from one fold of the repeated
patient-level stratified five-fold cross-validation. Final patient classifications were determined by
majority voting across all speech segments belonging to each participant.

Performance variability was assessed through repeated patient-level stratified five-
fold cross-validation. The standard deviations reported in Table 2 quantify the variability
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associated with different training and testing partitions. Although this revised validation
strategy provides substantially more robust performance estimates than a single train/test
split, the observed variability indicates that larger multicenter datasets remain necessary
for precise estimation of clinical performance.

For each cross-validation fold, the Multi-Scale CNN was trained independently using
the same architecture and hyperparameters. The training curves demonstrated stable
convergence across folds. Training accuracy approached approximately 97–98%, whereas
validation performance stabilized at substantially lower values, indicating persistent but
moderate overfitting despite the regularization techniques incorporated into the network
architecture. Representative training and validation accuracy and loss curves from one fold
are shown in Figure 4.

Figure 4. Representative training and validation accuracy and loss curves obtained from one fold
of the repeated patient-level stratified five-fold cross-validation. The curves illustrate the typical
convergence behavior of the proposed Multi-Scale CNN.

The representative spectrograms shown in Figure 1 are intended solely to illustrate
the preprocessing pipeline and the mel-spectrogram representation used as input to the
CNN. They are not expected to exhibit visually obvious class-specific differences. Instead,
discrimination emerges from the automatic learning of complex multiscale spectro-temporal
patterns across thousands of spectrogram segments.

As a conventional machine-learning baseline, a Random Forest classifier trained
on Mel-frequency cepstral coefficient (MFCC) features was evaluated using exactly the
same patient-level five-fold cross-validation partitions as the proposed Multi-Scale CNN.
The Random Forest achieved a mean accuracy of 75.0 ± 3.4%, a mean ROC-AUC of
0.818 ± 0.123, a sensitivity of 0.950 ± 0.075, a specificity of 0.340 ± 0.107, and a macro-
F1 score of 0.651 ± 0.056. In the pooled patient-level comparison, the Random Forest
and the Multi-Scale CNN achieved accuracies of 75.0% and 72.7%, respectively. An exact
McNemar test showed no statistically significant difference between the paired patient-
level classifications of the two models (p = 0.804), indicating that both approaches achieved
comparable overall performance on the present dataset.

The detailed comparison between the proposed Multi-Scale CNN and the conventional
MFCC-based Random Forest baseline is summarized in Table 3.
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Table 3. Comparison between the proposed Multi-Scale CNN and the MFCC-based Random
Forest baseline.

Metric Multi-Scale CNN MFCC + Random Forest

Accuracy 72.7 ± 6.4 75.0 ± 3.4

ROC-AUC 0.824 ± 0.054 0.818 ± 0.123

Sensitivity 0.883 ± 0.095 0.950 ± 0.075

Specificity 0.413 ± 0.250 0.340 ± 0.107

Macro-F1 0.633 ± 0.142 0.651 ± 0.056

McNemar p-value colspan 0.804

Balanced accuracy 61.8 ± 9.6 64.5 ± 4.8

The parameter-to-patient ratio for the Multi-Scale CNN is 170,691/88 = approximately
1940:1, which is discussed further in Section 4.6.

Across the repeated patient-level stratified five-fold cross-validation, the proposed
Multi-Scale CNN achieved a mean ROC-AUC of 0.824 ± 0.054 (Table 2), indicating good
discriminative ability across different patient partitions. A representative ROC curve
obtained from one cross-validation fold is shown in Figure 5, whereas the precision–recall
curve for the same representative fold is presented in Figure 6.

Figure 5. Representative receiver operating characteristic (ROC) curve obtained from one fold of the
repeated patient-level stratified five-fold cross-validation. The ROC-AUC shown corresponds to a
representative fold and is presented for illustration. Overall patient-level performance is summarized
in Table 2 using the mean ROC-AUC across all cross-validation folds.
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Figure 6. Representative precision–recall curve obtained from one fold of the repeated patient-level
stratified five-fold cross-validation.

Additional performance measures, including Cohen’s kappa, calibration analysis,
and permutation-based significance testing, were not included in the present proof-
of-concept study and will be considered in future validation studies involving larger
multicenter datasets.

4. Discussion
4.1. The Dissimulation Problem and the Case for Non-Self-Report Biomarkers

The results of this study should be interpreted against the backdrop of a fundamental
clinical challenge: patients at the highest risk of suicide frequently deny their suicidal
intent. As reported in Section 1, the empirical literature consistently documents denial
rates of approximately 50% among individuals with active suicidal ideation [14], with
two-thirds of patients who died by suicide while in care having denied ideation at their
last clinical contact [15], and 78% of inpatient suicide decedents denying ideation at their
last communication before death [16].

These findings expose a structural vulnerability in all assessment instruments that
depend on patient self-report, including the Columbia-Suicide Severity Rating Scale
(C-SSRS), the Beck Scale for Suicide Ideation, the Ask Suicide-Screening Questions (ASQ),
and the Patient Health Questionnaire Item 9. While these tools have demonstrated strong
psychometric properties when patients respond truthfully—the ASQ, for example, achieves
sensitivity of 97% and high negative predictive values [56]—their clinical utility is fun-
damentally constrained by the gate of patient disclosure. When the most acutely at-risk
patients are also the most likely to deny their ideation, the predictive architecture of self-
report instruments is undermined precisely where it is needed most.

Voice-based biomarker analysis addresses this vulnerability through a fundamentally
different measurement channel. As described in the preceding section, the acoustic prop-
erties of speech are shaped by autonomic nervous system activity that operates partially
below volitional control. The laryngeal muscles respond to sympathetic and parasympa-
thetic activation patterns driven by subcortical structures—the periaqueductal grey, the

https://doi.org/10.3390/psychiatryint7040174

https://doi.org/10.3390/psychiatryint7040174


Psychiatry Int. 2026, 7, 174 21 of 32

parabrachial complex, the nucleus tractus solitarius—that mediate the physiological stress
response independently of the speaker’s conscious communicative intent [22]. A patient
may choose to say, “I am not thinking about suicide,” but the spectral energy distribution,
jitter, pitch variability, and formant characteristics of the voice carrying that statement
reflect an emotional state that the patient cannot fully suppress.

It is important to note that the present study design does not directly test the detection
of actively concealed suicidal intent. Both groups were aware of their clinical status during
interviews, and Group 1 patients were interviewed specifically about their suicide attempt;
they were not denying or concealing their experience. The study demonstrates that the
voices of recent suicide attempters are acoustically separable from those of depressed
patients without suicidal ideation, which is a necessary precondition for dissimulation-
resistant assessment. However, the sufficient condition—demonstrating that voice analysis
can identify concealed suicidal intent in patients who are actively denying it—remains to be
established in future prospective studies specifically designed for that purpose. The present
repeated patient-level cross-validation analyses demonstrate that acoustic discrimination
between recent suicide attempters and depressed controls is reproducible across multiple
train-test partitions. Nevertheless, these findings should not be interpreted as evidence
that concealed suicidal intent can already be detected in routine clinical practice.

The present study’s design, recording patients during clinical interviews that include
both emotionally charged topics (the suicide attempt, emotional states prior to the act)
and affectively neutral content (weather, hobbies), provides within-subject contrast that
enhances the detection of emotion-specific vocal signatures. The inclusion of neutral speech
topics allows the Multi-Scale CNN to learn the baseline vocal characteristics of each speaker,
against which deviations during emotionally salient topics become more interpretable.
This design feature is consistent with evidence that person-specific baselines matter when
interpreting vocal change in the context of suicide risk [25]. Additional validation anal-
yses were performed to evaluate the robustness of the proposed approach. Repeated
patient-level stratified five-fold cross-validation yielded a mean classification accuracy
of 72.7 ± 6.4% and a mean ROC-AUC of 0.824 ± 0.054, providing a substantially more
robust estimate of model performance than the original single train-test split. Female-only
analyses maintained good discriminative performance (ROC-AUC 0.866 ± 0.123), indicat-
ing that meaningful discrimination persisted within a single sex. By contrast, repeated
sex-matched analyses produced lower performance (ROC-AUC 0.621 ± 0.156), suggesting
that sex imbalance contributed to, but did not fully explain, the observed discrimina-
tion. Because the male-only analysis included only five patients with depression, it was
considered exploratory and should be interpreted cautiously. Overall, these additional
analyses support a more balanced interpretation of the present findings. They indicate
that the proposed Multi-Scale CNN captures reproducible acoustic differences between
recent suicide attempters and patients with severe depression without documented suicidal
ideation, while also demonstrating that part of the observed discrimination is influenced
by sex-related variability. Consequently, the present findings should be interpreted as evi-
dence supporting the feasibility of objective voice-based biomarkers rather than definitive
identification of a suicide-specific vocal signature. Larger multicenter studies with balanced
cohorts, standardized interview protocols, and external validation will be required before
clinical implementation.

4.2. The Post-Discharge Period

The clinical context in which a voice-based monitoring tool would deliver the greatest
benefit is the period following discharge from psychiatric hospitalization, a window that
meta-analytic evidence consistently identifies as one of extraordinary and concentrated
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suicide risk. It should be noted that this monitoring scenario represents a proposed clinical
application that was not tested in the present study.

As reported in Section 1, post-discharge suicide rates rise to 1132 per 100,000 person-
years within the first three months [15], with even higher rates in the earliest days:
6062 per 100,000 on days 0–3 [16] and 2950 per 100,000 in the first week [20]. Olfson
et al. reported that among adults with depressive disorders in the US Medicaid population,
the 90-day post-discharge suicide rate was 235 per 100,000 person-years [57]. Current
clinical practice addresses this high-risk window primarily through scheduled follow-up
appointments, crisis hotline availability, and in some settings, brief contact interventions.
A meta-analysis of brief contact interventions in discharged psychiatric patients found sig-
nificant reductions in suicide attempts within 12–14 months and in suicidal ideation within
12 months, though no significant effect on completed suicide was demonstrated [58]. How-
ever, these interventions are intermittent by nature and depend on the patient initiating
contact or being reachable at predetermined intervals.

A voice-based monitoring system could offer a qualitatively different approach: daily,
non-invasive assessment through interaction with a virtual assistant, where the patient’s
vocal patterns are analyzed in real time and changes in emotional intensity are flagged
to the treating clinician. This model would leverage the temporal concentration of risk
by providing the most intensive monitoring precisely when it is most needed, without
requiring the patient to accurately self-report their emotional state. Existing feasibility
data for psychiatric monitoring applications are encouraging: studies report retention
rates of approximately 70% at four weeks for smartphone-based mental health monitoring
applications, and risk ratios for vocal biomarker-based scores improve substantially with
daily versus sporadic use [59]. The present findings should therefore be interpreted as
supporting the feasibility of patient-level acoustic discrimination between recent suicide
attempters and depressed patients without documented suicidal ideation, rather than
demonstrating the effectiveness of a post-discharge monitoring system. Whether repeated
voice analysis can improve early detection of suicidal crises during longitudinal follow-up
remains an important question for future prospective studies.

4.3. Suicide Risk Assessment in Emergency Settings

The emergency department represents another clinical context where non-self-report
biomarkers could provide significant value. It should be noted that this application scenario
was not tested in the present study and represents a proposed direction for future research.

Population-based analyses show that 91.7% of suicide decedents had some form of
healthcare contact in the year preceding their death, with the most common contact being
an outpatient primary care visit (54.0%), followed by outpatient psychiatric visits (39.8%),
emergency department visits (31.1%), and psychiatric hospitalizations (21.0%) [60]. The
median time from last mental healthcare contact to death was 18 days [60]. These data
indicate that clinical encounters occur with sufficient frequency to provide opportunities for
risk detection, but the brevity and pressured nature of emergency department assessments,
combined with the dissimulation problem, means that many at-risk patients pass through
these encounters unidentified.

Universal suicide risk screening in emergency departments has shown promise for
identifying patients who would otherwise be missed.Many emergency department patients
who present with non-psychiatric complaints have elevated suicide risk, which universal
screening can detect [61]. However, commonly used screening scales demonstrate only
modest predictive performance for disposition decisions and subsequent suicidal behavior
when used in isolation, reinforcing current recommendations that structured screening
should be complemented by additional sources of objective clinical information. In a
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prospective emergency department study, three widely used screening instruments (includ-
ing the C-SSRS) displayed modest negative predictive values ranging from 0.66 to 0.73 [62].
The American College of Emergency Physicians clinical policy explicitly states that screen-
ing tools should not be used in isolation to guide disposition decisions.

Voice analysis could, in principle, augment emergency department screening by
providing an objective, rapidly obtainable signal that does not depend on patient disclosure
and does not add substantial time to the clinical encounter. A brief recording obtained
during triage or routine clinical interaction, lasting no more than the time the patient
already spends speaking with a clinician, could be processed in real time to generate
a risk indicator that complements the structured screening instrument. This approach
would be particularly valuable for the substantial proportion of patients who present with
non-psychiatric complaints but carry unrecognized suicide risk, and for those who deny
ideation when directly asked.

4.4. Alternative Explanations and Confounds

The observed classification performance should be interpreted considering several
alternative explanations that could contribute to group separability without necessarily
implying the existence of a suicide-specific vocal signature. The primary analysis based
on repeated patient-level stratified five-fold cross-validation yielded a mean classification
accuracy of 72.7 ± 6.4% and a mean ROC-AUC of 0.824 ± 0.054, providing a more robust
estimate of model performance than the single train-test split reported initially.

First, medication differences between the two groups represent a plausible confound.
Patients admitted after a suicide attempt may have received emergency sedation, may
have discontinued their medications prior to the attempt, or may have been in a different
acute pharmacological state compared with patients hospitalized for severe depression
without suicidal ideation. Since psychotropic medications, particularly antipsychotics
and benzodiazepines, are known to affect psychomotor activity and vocal characteristics,
systematic medication differences between groups could have contributed to the observed
classification performance. Medication data were not systematically recorded in the present
study, preventing assessment of the potential influence of psychotropic treatment on the
observed acoustic differences. Future studies should systematically document medication
exposure and incorporate it into multivariable analyses.

Second, differences in the time since admission and the time elapsed since the suicide
attempt may contribute to group separability. Group 1 patients were recorded shortly
after admission following an acute crisis, while Group 2 patients were hospitalized for
depression and may have been recorded at various points during their stay. Acute post-
crisis physiological arousal (elevated cortisol, catecholamines) and potential physical effects
of the attempt itself (exhaustion, sedation, laryngeal effects from intubation or vomiting)
could produce vocal differences unrelated to the emotional states of interest.

Third, interviewer-related effects remain a potential source of confounding, although
interviewer speech itself was not used during model development. Before feature ex-
traction, all recordings underwent automatic speaker diarization followed by manual
verification, and only patient speech was retained for CNN training and evaluation. Conse-
quently, the model could not learn interviewer-specific acoustic characteristics. However,
interviewer-related effects cannot be completely excluded because interviewers were aware
of participants’ clinical status and the interview topics differed between the two clinical
groups (recent suicide attempt versus current emotional state). These differences may
have influenced patients’ emotional arousal, conversational dynamics, or topic-related
prosody. Therefore, the present findings should be interpreted as demonstrating acoustic
separability between patient speech recorded under these interview conditions rather than
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establishing the existence of a unique suicide-specific vocal biomarker. Future prospective
studies should employ identical interview protocols across groups together with blinded
or automated interview administration to minimize this potential source of confounding.

Fourth, depression severity may differ systematically between the two groups. Al-
though both groups were diagnosed with severe depression, patients who have crossed
the threshold to a suicide attempt may on average have more severe depression, greater
hopelessness, and more profound psychomotor disturbance. If the Multi-Scale CNN is pri-
marily detecting depression severity rather than a suicide-specific signal, the classification
performance would represent severity detection with a correlated clinical label rather than
evidence for a distinct vocal signature of suicidal behavior.

Fifth, the two groups differed substantially in sex distribution: Group 1 was approx-
imately balanced (49.2% male) while Group 2 was predominantly female (82.8%). Sex
differences in vocal characteristics are well-documented, with male fundamental frequency
averaging approximately 120 Hz compared with approximately 170 Hz in females. These
spectral differences are directly encoded in mel-spectrograms and are readily learnable by
CNNs, which have been shown to classify speaker sex from spectrograms with accuracy
exceeding 90% in published benchmarks. The observed classification performance may
therefore partially reflect the model learning sex-related vocal characteristics that differ
between groups rather than suicide-specific acoustic patterns. Following the reviewers’
recommendations, additional analyses were performed to directly evaluate the influence of
sex imbalance. Female-only analyses maintained good discriminative performance (mean
ROC-AUC = 0.866 ± 0.123), indicating that meaningful acoustic discrimination persisted
within a single sex. By contrast, repeated sex-matched analyses produced lower perfor-
mance (mean ROC-AUC = 0.621 ± 0.156), demonstrating that sex imbalance contributed to,
but did not fully explain, the observed discrimination. Because only five male patients were
available in the depression group, the male-only analysis was considered exploratory and
should be interpreted cautiously. These findings indicate that sex constitutes an important
source of variability that should be carefully controlled in future multicenter studies, while
arguing against the hypothesis that the observed discrimination is explained exclusively by
sex differences.

These alternative explanations do not invalidate the finding that the two groups are
acoustically separable, which is itself informative, but they indicate that the specific in-
terpretation of what the model has learned remains uncertain. The additional repeated
patient-level cross-validation analyses further indicate that the observed discrimination is
reproducible across multiple train-test partitions rather than being attributable to a favor-
able random split, although the limited sample size still requires cautious interpretation.
Disentangling these confounding factors will require larger prospective multicenter studies
with balanced cohorts, standardized interview protocols, systematic recording of medica-
tion exposure, standardized timing of post-attempt recordings, external validation, and
longitudinal follow-up. Such studies will be essential for determining which components
of the learned acoustic representation reflect suicide-related neurophysiological alterations
and which reflect correlated demographic or clinical variables.

4.5. Ethical Considerations

The development and potential deployment of voice-based biomarkers for suicide risk
assessment raise several ethical issues that warrant explicit consideration. First, the capacity
to provide informed consent may be compromised in patients experiencing acute psychi-
atric illness, including those in suicidal crisis. The present study obtained written informed
consent from all participants, but any future deployment of a continuous monitoring sys-
tem must establish clear protocols for consent that account for fluctuations in decisional
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capacity, including provisions for advanced directives and surrogate decision-making
where applicable.

Second, voice recordings constitute sensitive personal health data that require robust
protection. Audio recordings can reveal identity, emotional state, and potentially clinical
information beyond what was intended for collection. Data security frameworks must en-
sure encryption at rest and in transit, strict access controls, and compliance with applicable
data protection regulations including the General Data Protection Regulation [63]. The
anonymization procedures used in the present study, where the technical team received
data without clinical identifiers, represent a minimum standard, but real-time clinical
applications would require more comprehensive data governance.

Third, the consequences of classification errors must be carefully weighed. False posi-
tives, cases in which a patient with depression is incorrectly classified as a suicide attempter,
could lead to unnecessary clinical interventions, increased patient anxiety, involuntary
psychiatric holds, or erosion of therapeutic trust. False negatives, cases in which a recent
suicide attempter is classified as a depression patient, carry potentially fatal consequences
by providing false reassurance to clinicians. The asymmetric clinical consequences of
these two error types should inform threshold selection, alert-generation strategies, and
the design of future clinical decision-support systems. Because the present study did not
evaluate prospective clinical deployment, no operating threshold for clinical use can be
recommended based on the current data alone.

Fourth, the tool must be positioned unambiguously as a decision support system
rather than an autonomous diagnostic instrument. Clinical judgment must remain the
final arbiter of risk assessment and treatment decisions. The model’s output, a probability
estimate derived from acoustic features, provides one additional data point in a complex
clinical evaluation. It does not replace the therapeutic relationship, clinical interview, or
structured risk assessment. Clear communication to both clinicians and patients about what
the system measures, what it does not measure, and how its outputs should be interpreted
is essential to responsible implementation.

Finally, algorithmic transparency and external validation represent additional ethical
requirements for AI-based clinical decision support. Models intended for suicide-risk
assessment should be evaluated across independent populations, healthcare settings, and
demographic groups to minimize unintended bias and ensure equitable performance before
being considered for clinical implementation.

4.6. Limitations

Several limitations of the present study must be acknowledged. First, with 170,691
total parameters (170,307 trainable) and an effective independent sample size of 88 patients,
the parameter-to-patient ratio is approximately 1940:1, which, while substantially reduced
from previous architectural iterations, remains above thresholds associated with reliable
generalization in medical machine learning. Larger training samples are generally rec-
ommended for reliable generalization in medical machine learning, and smaller studies
tend to yield less stable and potentially optimistic performance estimates. Although the
segmentation procedure yielded 8037 total spectrogram segments (6660 training, 1377 test),
these segments are not independent: they share speaker identity, recording conditions, and
50% temporal overlap, making the patient count the appropriate denominator for assessing
overfitting risk. The evidence of overfitting observed in training (training accuracy reaching
approximately 98% over 60 epochs) is consistent with this parameter-to-patient imbalance,
and the classification accuracy reported here should be interpreted as preliminary.

Second, although repeated patient-level stratified five-fold cross-validation was per-
formed to obtain a more robust estimate of model performance, all analyses were conducted
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on the same cohort of 88 patients. Consequently, the reported results remain internally
validated and require confirmation in completely independent external cohorts before any
conclusions regarding generalizability can be drawn.

Third, no external validation cohort was available. All analyses, including repeated
cross-validation and subgroup analyses, were performed using the same study population.
Although patient-level separation was strictly maintained throughout all analyses, vali-
dation on independent cohorts collected at different institutions remains essential before
clinical translation.

Fourth, the study population was drawn from two Romanian psychiatric hospitals,
and the recordings were conducted in Romanian. While the theoretical basis of voice-
based emotion detection, grounded in autonomic and laryngeal physiology that is shared
across human populations, suggests potential cross-linguistic applicability, this must be
empirically validated. Cross-dataset and cross-language performance drops have been
consistently reported in the speech emotion recognition literature [24,37], and generaliza-
tion to other languages, recording environments, and cultural contexts cannot be assumed
without dedicated validation studies.

Fifth, although SpecAugment and class-weighted training were incorporated to im-
prove robustness and partially compensate for class imbalance, the relatively small dataset
limits the diversity of acoustic conditions represented during training. Additional aug-
mentation strategies and larger multicenter datasets may further improve robustness
and generalization.

Sixth, although early stopping and adaptive learning-rate reduction were implemented
to reduce overfitting, the high parameter-to-patient ratio remains a challenge. Future
studies should investigate additional regularization strategies together with substantially
larger training datasets.

Seventh, medication data was not available for the study participants. Psychotropic
medications can influence voice characteristics through effects on psychomotor activity,
laryngeal muscle tone, and autonomic function. The absence of medication data prevents us
from assessing whether medication differences between groups contributed to the observed
classification performance. This confound must be addressed in future studies through
systematic recording and statistical control of medication profiles.

Eighth, although additional female-only and repeated sex-matched analyses were
performed, sex imbalance remains an important limitation because the male-only co-
hort contained only five patients with depression. Consequently, the influence of sex
cannot yet be considered fully resolved and should be addressed prospectively through
balanced recruitment.

Ninth, the recordings were obtained during semi-structured clinical interviews in
hospital settings, which introduces potential environmental confounds (background noise,
recording equipment variability) and interaction effects (interviewer behavior, rapport
quality). Standardization of recording protocols across sites was maintained, but the
naturalistic clinical context differs from the controlled laboratory conditions used in many
speech emotion recognition benchmarks. Additionally, the audio was encoded at 128 kbps
in MP3 format, a lossy compression codec that removes spectral information, particularly at
higher frequencies, below the standard of lossless WAV formats typically used in acoustic
research. While the mel-spectrogram representation focuses on lower-frequency bands
where emotional information is concentrated, some loss of fine-grained spectral detail
cannot be excluded.

Tenth, because the classification labels are derived from the clinical event (suicide
attempt vs. no attempt), the model learns to distinguish acoustic correlates of this clinical
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distinction rather than identifying a prospective risk signal. The extent to which these
acoustic patterns would generalize to pre-attempt detection remains to be demonstrated.

Eleventh, although interviewer speech was completely removed before acoustic anal-
ysis through speaker diarization and manual verification, interviewer-related influences
cannot be completely excluded because interviewers were aware of participants’ clini-
cal status and the interview topics differed between the two groups. Therefore, part of
the observed discrimination may reflect differences in emotional elicitation rather than
exclusively suicide-related neurophysiological alterations.

Twelfth, no voice-based psychiatric diagnostic or risk assessment tool has received
regulatory clearance (FDA, CE marking, or equivalent) to date. The present work consti-
tutes early-stage evidence that must progress through the established regulatory pathway,
including prospective external validation, clinical performance studies, and compliance
with applicable frameworks such as the EU Medical Device Regulation (2017/745) and the
EU AI Act, before any clinical deployment can be considered.

4.7. Future Directions

The findings of the present study motivate several lines of future work. The immediate
priority is a larger, multi-site validation study enrolling a minimum of 500 participants
across classification categories, drawn from multiple institutions and, where feasible,
multiple linguistic populations. Such a study should include independent external val-
idation cohorts collected at multiple institutions, balanced demographic representation,
standardized interview protocols, and prospective evaluation across different languages
and recording environments. Although the present study employed repeated patient-level
stratified five-fold cross-validation with multiple random seeds, future studies should
evaluate the robustness of the proposed approach under true external validation conditions
and report discrimination, calibration, and clinical utility according to current TRIPOD-AI
recommendations [64].

Extension to a multi-level classification scheme is planned. The present binary design
(suicide attempters vs. depression without ideation) represents a first step. A three-
level scheme incorporating patients at intermediate risk, such as treated patients with
prior attempts who are in a transitional vulnerability state, would provide a graded
risk assessment more closely aligned with clinical decision-making. This extension will
require larger samples, particularly for the intermediate category, to ensure adequate
statistical power.

A prospective longitudinal design would add critical clinical evidence by track-
ing patients from the index hospitalization through the post-discharge period, record-
ing daily voice samples via a smartphone application, and evaluating whether changes
in the model-derived risk score precede clinical deterioration or repeat suicidal behav-
ior. This design would test the tool’s potential for dynamic risk monitoring rather than
one-time classification.

Integration with existing clinical assessment instruments should be explored. Fu-
ture studies should also evaluate whether voice-based biomarkers provide incremental
predictive value beyond established clinical variables and existing structured assessment
instruments using appropriate multivariable statistical models. A multimodal approach
combining the voice biomarker with structured instruments such as the C-SSRS and clinical
judgment may yield superior performance compared with any modality in isolation. The
theoretical expectation is that voice analysis would add the most incremental value in
patients who deny ideation on self-report instruments, precisely the scenario where clinical
risk assessment is currently weakest.
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An additional priority will be to investigate the biological mechanisms underlying
the observed acoustic discrimination. Future studies combining voice analysis with stan-
dardized depression severity scales, medication records, physiological biomarkers, and
neuroimaging could help determine which components of the learned acoustic representa-
tion reflect suicide-related neurophysiological alterations and which represent correlated
clinical or demographic factors. Such multimodal studies would substantially improve the
interpretability of AI-based voice biomarkers.

Finally, the ethical and regulatory dimensions of deploying a voice-based psychiatric
monitoring tool require careful navigation. Informed consent protocols must account for
the capacity fluctuations inherent in acute psychiatric illness. The tool must be positioned
unambiguously as clinical decision support, never as autonomous diagnosis, with trans-
parent communication to patients about what the system measures and how its outputs are
used in their care.

5. Conclusions
This study presents preliminary evidence that a Multi-Scale CNN with residual con-

nections and spatial attention, applied to mel-spectrograms derived from clinical interview
recordings, can classify patients who recently attempted suicide from patients with severe
depression without suicidal ideation. Repeated patient-level stratified five-fold cross-
validation yielded a mean classification accuracy of 72.7 ± 6.4% and a mean ROC-AUC
of 0.824 ± 0.054, providing a substantially more robust estimate of model performance
than the single train-test split reported in the initial version of the manuscript. Across
repeated cross-validation, the model achieved a mean sensitivity of 88.3 ± 9.5% and a mean
specificity of 41.3 ± 25.0%. The relatively small cohort of 88 patients (59 suicide attempters
and 29 patients with severe depression without suicidal ideation), together with the class
imbalance and the absence of external validation, underscores the exploratory nature of
these findings.

The clinical rationale for this approach rests on two converging lines of evidence. First,
the dissimulation problem, the well-documented tendency of suicidal patients to deny their
ideation during clinical assessment, fundamentally limits all self-report-based instruments,
creating a critical gap in risk detection precisely where the stakes are highest. Second, as
reported in Section 1, the post-discharge period following psychiatric hospitalization is
characterized by suicide rates that can exceed 6000 per 100,000 person-years in the first
days after discharge, and current clinical responses to this risk window are intermittent
and dependent on patient disclosure. A voice-based monitoring system could address both
challenges by providing continuous, non-invasive assessment through an autonomically
mediated channel that the patient cannot fully suppress. However, as discussed, the present
study establishes a necessary precondition for such an approach, that the voices of recent
attempters are acoustically separable from those of depressed patients without suicidal
ideation, rather than a sufficient demonstration of dissimulation-resistant detection.

The study has important limitations, principally the relatively small sample size of
88 patients, the high parameter-to-patient ratio, the class imbalance, the single-language
and two-site design, the absence of external validation, and several remaining potential
confounding factors, including medication exposure, differences in interview context, and
sex distribution. Although repeated patient-level cross-validation substantially improved
the robustness of performance estimation, confirmation in large independent multicenter
cohorts remains essential before clinical implementation can be considered. Neverthe-
less, the convergence of neurophysiological evidence for involuntary modulation of voice
production, the well-documented limitations of self-report-based suicide assessment, and
the reproducible acoustic discrimination observed in the present study provide a scientifi-
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cally plausible foundation for the continued development of voice-based biomarkers as a
complementary tool for suicide risk assessment.
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