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Abstract
Voice biomarkers hold the promise of improving access to care and therapeutic follow-up for people with psychiatric
disorders, tackling the issues raised by their high prevalence and the significant diagnostic delays and difficulties
in patients follow-up. Yet, despite many years of successful research in the field, none of these voice biomarkers
are implemented in clinical practice. Beyond the reductive explanation of the lack of explainability of the involved
machine learning systems, we look for arguments in the epistemology and sociology of psychiatry. We show that
the estimation of diagnoses, the major task in the literature, is of little interest to both clinicians and patients. After
tackling the common misbeliefs about diagnosis in psychiatry in a didactic way, we propose a paradigm shift towards
the estimation of clinical symptoms and signs, which not only address the limitations raised against diagnosis
estimation but also enable the formulation of new machine learning tasks. We hope that this paradigm shift will
empower the use of vocal biomarkers in clinical practice. It is however conditional on a change in database la-
beling practices, but also on a profound change in the speech processing community’s practices towards psychiatry.
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Introduction
Context
One out of every eight individuals experiences
mental health issues. Anxiety and depression are
the most prevalent, affecting, respectively, 3.9%
and 3.6% of the world’s population1. These disor-
ders exert a substantial influence on personal well-
being, notably in terms of suicide risk and dimin-
ished quality of life. Additionally, they have signif-
icant repercussions on public health, resulting in
considerable economic implications (The Lancet
Global Health, 2020).
Given the scale of this epidemic of mental dis-
orders in the general population, affordable and
accessible tools are needed for the early diag-
nosis of these disorders. These tools promise
improvments in therapeutic results and minimiz-
ing missed opportunities associated with the dis-
ease (Kurachi et al., 2018; Kobeissy et al., 2013;
Tafalla et al., 2009).
Speech analysis has emerged as a promising av-
enue for detecting mental disorders on a global
scale. It is cost-effective and widely accessible,
as it is integrated into all smartphones, enabling
passive voice recording within natural living envi-
ronments of patients. Furthermore, due to the in-

1https://www.who.int/news-room/fact-
sheets/detail/mental-disorders, consulted 4th October,
2023

tricate interplay of numerous neuromotor (Denes
and Pinson, 1963) and neurolinguistic (Kröger
et al., 2020) processes involved in speech produc-
tion, it is sensitive to a wide spectrum of patholo-
gies (Fagherazzi et al., 2021).
These advantages have garnered significant at-
tention from the voice and speech processing
community, especially in the context of using voice
recordings to detect psychiatric disorders. No-
tably, the Interspeech 2023 conference featured
a dozen papers dedicated to the topic, surpass-
ing previous records (seven in 2022, six in 2021,
seven in 2020).
However, despite these promising developments
and a consistent track record of high classifica-
tion performance for more than a decade (Scherer
et al., 2013), vocal biomarkers are not yet imple-
mented in clinical practice. Why?

Just a problem of explainability?
We dismiss from the outset of this article a com-
mon belief prevailing in computer science labora-
tories that clinicians do not use AI — particularly
vocal biomarkers— due to a lack of understanding
of the proposed models: the opacity of these mod-
els would hinder them from comprehending the in-
ternal workings of the decision, thereby preventing
their use of these tools.
However, model explainability is not the central
factor in clinicians’ use of a tool; they do not need
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to understand the inner workings of their tools, but
rather need to trust them (Kastner et al., 2021).
How many clinicians can explain the internal func-
tioning of an electronic thermometer? Neverthe-
less, through the correlations between the dis-
played value and the patient’s condition as in-
fluenced by decisions made based on this infor-
mation, clinicians establish trust in the value dis-
played by this electronic device. Explainability can
contribute to building trust (Ferrario and Loi, 2022),
but it is neither a necessary nor a sufficient condi-
tion.

In this scenario, how do we build such trust with
clinicians? Our strategy has involved going into
the field and observing their workingmethods, with
particular focus on the role of diagnosis in their pro-
fessional activities.

Objectives and outline

In this article, we depart from conventional ar-
guments about database size and model perfor-
mances to center our focus on the alignment be-
tween the tasks explored within the realm of vocal
biomarkers, on one hand, and the clinical practice
of psychiatry, on the other. To do so, we rely on in-
sights from epistemology and sociology of psychi-
atry, clinical practice, and an ethnographic obser-
vation internship conducted at Saint Antoine Hos-
pital in Paris in 2022. We develop the idea that the
research community working on vocal biomark-
ers, by primarily emphasizing diagnostic estima-
tion, perpetuates the fallacy of clinicians’ demand
for automated, objective tools for diagnosis. We
explicit this idea through a literature review in Sec-
tion 1.

Since the concept learnt by machine learning sys-
tems depends on the labels of the database on
which they are trained, we discuss the limita-
tions of current practices in terms of annotating
databases with self-questionnaires (in Section 2)
or diagnosis made by a psychiatrists (in Sections 3
and 4).

Based on these observations, we propose in Sec-
tion 5 a new research paradigm for designing vo-
cal biomarkers in psychiatry, centered around the
automatic estimation of symptoms. Such an ap-
proach would not only be valuable to clinicians but
would also seamlessly integrate with their profes-
sional practice, facilitating the incorporation of this
tool into clinical settings.

We finally provide recommendations on how to la-
bel corpora for the estimation of symptoms in Sec-
tion 6 and we conclude in Section 7.

1. Voice biomarkers as objective
diagnostic tools in psychiatry

1.1. The need for objective tools
It is a recurring theme in the introductions of re-
search papers on the use of vocal biomarkers for
the assessment of psychiatric disorders that ‘[...]
the diagnosis of depression is still largely based on
the subjective judgment of a psychiatrist. A more
objective measure for diagnosing depression is
desirable.’ (Mijnders et al., 2023). Similarly, it is
common knowledge that ‘Gold-standard diagnos-
tic and assessment tools for depression and sui-
cidality remain rooted, almost exclusively, on the
opinion of individual clinicians risking a range of
subjective biases.’ (Cummins et al., 2015) or that
‘There is an urgency to objectively diagnose, mon-
itor over time, and provide evidence-based inter-
ventions for individuals with mental illnesses’ (Low
et al., 2020). However, this contrast between the
subjectivity of clinicians and the objectivity of algo-
rithms – presented asmore reliable – is not new. In
fact, as far back as 1967, Paul Meehl was already
raising questions about the role of clinicians in light
of emerging statistical techniques (Meehl, 1967).
This was followed in the 1980s by Spitzer’s semi-
nal article, which not only challenged but provoca-
tively questioned the very need for clinicians in the
diagnostic process (Spitzer, 1983).
This concern seems to be well-founded due to the
limited reliability of diagnoses, a matter that clin-
icians themselves have acknowledged. Accord-
ing to a 2007 survey, a significant majority of par-
ticipating clinicians (87%) viewed their own diag-
noses as lacking reliability (Aboraya, 2007). The
predominant explanation for this lack of reliability
was attributed to factors associated with the clini-
cians themselves, such as their education, biases,
and interview techniques (63.5%). This explana-
tion far outweighed patient characteristics (21.6%)
or issues related to the definition of pathologies
(14.9%). In essence, what primarily guides the di-
agnostic process is not just the patient and their
symptoms, but also the clinician responsible for
making the diagnosis.
The lack of reliability in diagnoses made by psy-
chiatrists reinforces the perception among vocal
biomarker developers of a need for objective di-
agnostic tools in psychiatry.

1.2. State of the art
The growing need for such tools has stimulated an
entire research community investigating which vo-
cal biomarkers can be associated with these men-
tal conditions. In a systematic review carried out in
2020, Low et al. (2020) identified 127 studies pub-
lished between 2009 and 2019 identifying psychi-
atric disorders through speech analysis.



17605

Eight different pathologies have thus been iden-
tified, and among the 127 included studies, 63
(49.8%) were focused on the estimation of Ma-
jor Depressive Disorder (MDD), 23 (18.1%) were
about schizophrenia and 21 (16.5%) about Bipolar
Disorder (BD), which are among the most preva-
lent and harmful psychiatric disorders (Newson
et al., 2021). In the same vein, recent works have
also been focusing on depression (Fara et al.,
2023; Campbell et al., 2023), schizophrenia (Tang
et al., 2021), bipolar disorders (Farrús et al., 2021)
but also borderline trouble (Gosztolya et al., 2020),
anxiety (Baird et al., 2020), or ADHD (Etter et al.,
2021).
Diagnosis estimation is the most widely studied
task in the literature: on 85 studies identified by
Low et al. that usedmachine-learning approaches
(in contrast to studies that only perform statistical
tests), 61 (71.8%) of themwere focused on pathol-
ogy detection (binary classification). The other
studies focused on the estimation of disorders
severity (regression with clinical questionnaires
or scores, n=19, 15.0%) and intra-speaker cor-
relation (based on longitudinal data, n=5, 3.9%).
Among them, only 5 (3.9%) proposed both classi-
fication and disorder severity estimation.
From a corpus point of view, these databases are
annotated in two different ways. On the one hand,
the data of 45 of the 127 studies (35.4%) rely on
the diagnosis made during clinical interviews, es-
tablished on the basis of international classification
criteria such as those of the Diagnostic and Sta-
tistical Manual of mental disorders (DSM); or het-
eroquestionnaires (i.e. filled by the clinician, such
as the MADRS (Montgomery and Åsberg, 1979)
for depression). On the other hand, 78 (61.4%)
of the studies2 are annotated by the score to val-
idated self-reported questionnaires (e.g. the Pa-
tient Health Questionnaire – PHQ (Kroenke et al.,
2001) – for depression).
These two ways of annotating corpora have how-
ever significant epistemological limitations, which
we propose to investigate in the following sections.

2. Self-reported questionnaires
Self-reported questionnaires cost nothing, are
non-invasive, measurable anywhere and anytime,
which makes them very suitable for data collec-
tion (Qian et al., 2020). In addition, they do not re-
quire clinical supervision during filling, so they are
used to collect large databases under ecological
conditions (Rutowski et al., 2022). The most stud-
ied psychiatrirc disorder studied through self-rated
is depression (Low et al., 2020), usually measured
using the Patient Health Questionnaire (PHQ8 or
PHQ9, see Table 1). Such recent corpora encom-
pass the corpus collected by Tymia and analysed

2The annotation is unknown for 4 studies (3.1%).

1. Little interest or pleasure in doing things

2. Feeling down, depressed, or hopeless

3. Trouble falling or staying asleep, or sleeping too
much

4. Feeling tired or having little energy

5. Poor appetite or overeating

6. Feeling bad about yourself — or that you are a
failure or have let yourself or your family down

7. Trouble concentrating on things, such as reading
the newspaper or watching television

8. Moving or speaking so slowly that other people
could have noticed? Or so fidgety or restless that
you have been moving a lot more than usual?

9. Thoughts that you would be better off dead or of
hurting

Table 1: Items of the PHQ-9 (Kroenke et al., 2001) cor-
responding to the nine symptoms of the Major Depres-
sive Disorder in the DSM. Each item is rated from 0 ‘Not
at all’ to 4 ‘Nearly everyday’.

by Fara et al. (2023), or the one collected through
the RADAR-MDD study, for which voice has been
analyzed by Campbell et al. (2023). The most
studied corpus to date is still the DAIC-WOZ, a
subset of the Distress Analysis Interview Corpus
(DAIC) introduced in 2014 (Gratch et al., 2014)
and labelled using the PHQ-9.
However, we identified three major limitations
to annotating corpora using autoquestionnaire
scores.

2.1. Sensibility to the disorder

Although they may be sufficiently accurate for inte-
gration into clinical settings, the combination of er-
rors originating from autoquestionnaire measure-
ments and classification models could potentially
lead to disease detection performance levels that
fall short of expectations. For instance, setting
a threshold of 10 on the PHQ-9 (Kroenke et al.,
2001) to identify depression yields a label with only
77% sensitivity compared to the DSM-IV defini-
tion of Major Depressive Disorder (Gilbody et al.,
2007). While this level of accuracy might suffice
for clinical use, the inaccuracy of this approach
combined with the performance limitations of mod-
els (which typically hover around 80% at best
for binary classification), place an inherent ceiling
on the ability to detect depression solely through
these autoquestionnaires’ score. In other words,
even a perfect machine learning system achiev-
ing 100% accuracy in replicating the PHQ-9 score
would still exhibit a sensitivity of no more than 77%
in depression detection.
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2.2. Use of questionnaires by clinicians
A second limitation of annotating corpora using
questionnaire scores is their absence in the stan-
dard clinical practice: clinicians seldom use ques-
tionnaires, because of lack of time but also be-
cause of a lack of training in the use of these
tools (Zimmerman and McGlinchey, 2008). In-
deed, information required to establish the diag-
nosis is usually collected during the clinical inter-
view. Moreover, when they eventually use ques-
tionnaires, they do not apply a threshold in the
same strict manner as in binary classification (e.g.
PHQ > 10). On the contrary they analyze qual-
itatively the distribution of the responses of the
patients to the different items to assess the dif-
ferent dimensions of the patient’s complaint (Bus-
ner et al., 2011). Therefore, the usual automatic
classification approaches do not suit the clinician’s
needs.

2.3. Validation on disorder criteria
Finally, these questionnaires are medically vali-
dated on the basis of their ability to discriminate
patients belonging to different diagnostic criteria,
and thus have the same limitations, which are de-
tailed on the next section.

3. Tackling common misbeliefs
about diagnosis in psychiatry

At the Interspeech 2023 conference, a new openly
available dataset focusing on depression has been
unveiled (Tao et al., 2023). In this context, the au-
thors emphasize the label’s trustworthiness: 64
out of 118 speakers were diagnosed with de-
pression by professional psychiatrists, implying
that ‘the dataset facilitates the exploration of de-
pression detection rather than the prediction of
scores derived from questionnaires’. While this
return to diagnostic criteria seems relevant for
depression, which is mainly annotated with self-
questionnaires, the majority of vocal biomarkers
for other psychiatric disorders are identified in cor-
pora annotated either with the diagnosis made by
a psychiatrist according to a classification (DSM or
ICD), or by the score of hetero-questionnaires, i.e.
diagnostic interview grids, completed by psychia-
trists.
For instance, previous works on estimating
schizophrenia (Tang et al., 2021), Attention Deficit
Disorder (Etter et al., 2021) or Autism spectrum
(Briend et al., 2023) have relied on international
classifications to label their data. Other works
used diagnostic interview grids,such as the Hamil-
ton Depression Rating Scale (HDRS) and the
Young Mania Rating Scale (YMRS) for the estima-
tion of bipolar disorder (Farrús et al., 2021), or the
use of the PTSD checklist for DSM IV by Schulte-
braucks et al. (2020), among others.

Nonetheless, the annotation of corpora with diag-
noses made by clinicians also suffers from signif-
icant limitations. In this section, we deconstruct
widely held ’common knowledge’ concerning psy-
chiatric diagnoses.

3.1. Underlying mechanisms
The bedrock of these commonly held beliefs is the
conviction regarding the existence (or in our case,
the non-existence) of underlying pathophysiologi-
cal mechanisms driving the pathology (e.g., psy-
chiatric disorders being diseases of the brain). In
essence, it’s the faith in the existence of a ’schizo-
coccus,’3 a natural entity held responsible for the
disorders. Overwhelming efforts have been ded-
icated in recent years to track down this ’schizo-
coccus’ within the realms of neuroscience and ge-
netics, yielding ultimately mixed outcomes. As
Thomas Insel, former director of the American Na-
tional Institute for Mental Health (NIMH), puts it,“I
spent 13 years at NIMH really pushing on the
neuroscience and genetics of mental disorders,
and when I look back on that I realize that while
I think I succeeded at getting lots of really cool
papers published by cool scientists at fairly large
costs – I think $20 billion – I don’t think we moved
the needle in reducing suicide, reducing hospital-
izations, improving recovery for the tens of mil-
lions of people who have mental illness.” (Troisi,
2022). Whether they exist or not, these underly-
ing pathophysiological mechanisms of mental dis-
orders have still not been identified (Troisi, 2022;
Fagerberg, 2022).

3.2. Centrality in clinical practice
Treatment plan. Contrary to other medical
fields, in which the clinical outcomes (prognosis,
survival rate, treatment plan) rely on the diagnosis
and these mecanisms, these factors fewly rely on
diagnosis in psychiatry. Particularly, the treatment
plan is developed in a transdiagnostic manner
based on symptoms and clinical signs (Waszczuk
et al., 2017).
Attributed diagnosis. The lack of identified
mechanisms underlying psychopathology has im-
plications on classifications of mental disorders.
Indeed, the assigned diagnosis is the one that
most effectively accounts for the symptoms, rather
than pinpointing a particular mechanism. In fact,
most diagnostic criteria in the DSM contain stip-
ulate that ‘the symptoms are not better accounted
for by disorder A or disorder B. For instance, in the
case of MDD, criterion D specifies that ‘The occur-
rence of the major depressive episode is not better
explained by schizoaffective disorder, schizophre-

3I borrow this term from Dr. Philip Nuss, a psychia-
trist at Saint Antoine Hospital in Paris.
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nia, schizophreniform disorder, delusional disor-
der, or other specified and unspecified schizophre-
nia spectrum and other’. The diagnosis is thus as-
signed as a default, lacking a more precise expla-
nation. We are quite distant from diagnoses that
reflect precise pathophysiological mechanisms!
Example: the DAIC-WOZ. This ambiguity is ex-
emplified in the case of vocal biomarkers in the
DAIC-WOZ dataset, the most commonly used cor-
pus for depression detection from voice record-
ings. An information seldom mentioned in stud-
ies using the corpus, yet crucial for interpret-
ing the task performed by machine learning al-
gorithms, is the fact that the recorded population
is a mix between general population and war ve-
tarans (Gratch et al., 2014). Two dimensions –
PTSD and depression – were originally measured
using questionnaires. The PTSD score has then
been truncated, and the PHQ-9 was set as binary
using a threshold of 10. And the DAIC-WOZ be-
came a reference corpus for depression. How-
ever, contrary to what is claimed by the numerous
studies using DAIC-WOZ, their machine learning
models do not generalize ’depression’ but rather
the presence of a depressive syndrome in war vet-
erans, eventually suffering from PTSD. This could
explain the difficulties in subsequently using these
models in real-life scenarios.
“Pure” patients. Furthermore, studies rarely in-
clude patients who simultaneously have multi-
ple disorders (psychiatric or somatic), which does
not reflect the reality of mental disorders (Manuel
et al., 2013). However, these comorbidities can
also influence the voice: a patient can indeed
be elderly, have Parkinson’s disease, depression,
and diabetes, all of which manifest in the voice.

3.3. The diagnosis is not homogeneous.
Intra-diagnosis heterogeneity. In a study pub-
lished in 2021, Newson et al. have measured
the symptomatic profiles of 107,349 adults with
the ten most common psychiatric disorders diag-
nosed using DSM-5 criteria (Newson et al., 2021).
They concluded that ‘DSM-5 disorder criteria do
not separate individuals from random when the
complete mental health symptom profile of an in-
dividual is considered.’ Otherwise formulated,
when considering the 47 symptoms collected in
this study, diagnostic criteria are as useful as a
random attribution to a diagnostic group. This
heterogeneity of symptomatic profiles in diagnos-
tic criteria reaches its apogee in depression: on
3703 patients diagnosed with MDD (DSM-IV cri-
teria), Fried and Nesse (2015) have found no
less than 1030 different profiles, sometime hav-
ing very few in common. This heterogeneity ques-
tions the concept generalized by models trained
on small datasets (e.g. <2000 patients), in which

inter-speaker differences could not be differenti-
ated from intergroup variations.
Culture and time dependency. Additionally, di-
agnostic criteria are both unstable through cul-
tures (e.g. the hikikomori diagnosis that is specific
to the Japanese culture (Teo, 2010)) and unsta-
ble through time: with the advancement of scien-
tific knowledge, updated versions of classification
reference manuals are regularly published (e.g.
DSM-IV in 1994, DSM-IV-TR in 2000, DSM-5 in
2013, DSM-5-TR in 2022). Since collecting this
type of data requires both human and financial im-
portant investments, annotating databases with di-
agnostic criteria that are dedicated to some spe-
cific populations and/or that can evolve in the fol-
lowing years does not seem to be sustainable.

3.4. From disease to health
In the current framework of binary classification, a
patient having four of the five symptoms required
to be given a diagnosis of MDD, even at high in-
tensity, would be labeled as “healthy control” in the
data because he/she does not fulfill the criteria to
be in the “depressive” group. This does not pre-
vent him/her to suffer from his/her symptoms, and
to have very little in common with people not hav-
ing any depressive symptom.
While diseases are efficient to guide the clinical in-
vestigation (Carlat, 2017), they only allow to inves-
tigate psychiatric disorders, as opposed to mental
health, which derives directly from the concept of
health: “Health is a positive concept emphasizing
social and personal resources, as well as physical
capacities.”4 What is the meaning of a binary clas-
sification system returning a “0” for a given record-
ing. Does this mean that the recorded person is in
good health?
In regard to the promises given by the use of
voice biomarkers to enhance the follow-up of men-
tal heath disorders, we can – and we must – do
better than binary classification. On the contrary,
we could focus on estimating health dimensions,
independently from any disorder, to supplement
the data collected by clinicians during clinical in-
terviews with ecological data.

4. Replacing clinicians?
“You are depressive”, “You have a 75% of chance
to be schizophrenic” or “The patient may be bipo-
lar” are the majority output of the systems based
on voice biomarkers. Nevertheless, this approach
proves unproductive for both patients and clini-
cians. From the clinician point of view, the only
information of the diagnosis is not sufficient to take

4https://www.who.int/teams/health-
promotion/enhanced-wellbeing/first-global-conference,
consulted 4th October 2023
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anymedical decision (McGorry andNelson, 2016).
Regarding patients, the delivering of the diagnosis
is a delicate step and a key moment in the care of
a patient suffering from a mental disorder (Cleary
et al., 2009; Grajales, 2022), that should not be
delivered by a smartphone application but by a
trained professional.

4.1. Role of diagnosis in psychiatry

From an epistemological point of view, “the main
aim of the psychiatric science is not classification
as an end in itself but rather identification of causes
and interventions” (Kendler, 2012). Hence, re-
garding diagnosis, “one of its most important goal
is to facilitate communication among clinicians,
researchers, administrators and patients [...] by
establishing a common language.”(Bolton, 2012)
The diagnosis is thus an object of communica-
tion between the different parties involved in the
pathology (clinicians, patient, patient’s familiy, ...)
but also an important element of the recognition of
the patient’s complaints by a health professional
and by society. It is for example necessary for
health insurance procedures. Playing such a crit-
ical role in the patients’ life, these criteria have
somehow been widen to the point that almost half
of the global population is estimated to fulfill at
least one criterion during their lifetime (Frances,
2013).

4.2. An objective AI model?

Even if one wanted to estimate diagnoses using
“objective” tools to escape the subjectivity of psy-
chiatrists, it would be impossible to avoid the bi-
ases of these tools. On one hand, biases coming
from databases has been largely documented in
the literature (e.g. (Gianfrancesco et al., 2018;
Feehan et al., 2021)). On the other hand, an un-
derstudied bias comes from coders, which face
the same constraints as psychiatrists (time, mood,
training, interdisciplinarity) (Martin et al., 2022).
Hence, the way an IA is coded influences its be-
havior in the same way as the training or profes-
sional culture of a psychiatrist will produce a differ-
ent output than another colleague.
This so-called objectivity that would enable AI to
treat all patients in a similar manner ultimately
finds itself in the same position as the psychia-
trist, who exhibits high internal consistency (i.e.,
each AI or psychiatrist consistently diagnoses in
the same way) but low external consistency (sim-
ilar to how two psychiatrists may provide differ-
ent diagnoses for the same patient, two AIs may
offer two different estimations for the same pa-
tient) (Martin et al., 2022).

4.3. Human relationship in healthcare
Even if AI systems were completely unbiased, it
is inappropriate to reduce the diagnostic clinical
interview to the psychiatrist’s sole formulation of
the diagnosis. Psychiatrists perform functions that
are deemed ‘irreplaceable’ (Meehl, 1967; Spitzer,
1983), and during a medical interview, a gen-
uine human relationship is established. This rela-
tionship forms the foundation for a therapeutic al-
liance, which plays a crucial role in the course and
outcome of the patient’s condition (Martin et al.,
2000). Moreover, isolation and loneliness are sig-
nificant factors in the development and persis-
tence of mental health issues (Lim and Gleeson,
2014; Russell, 2014). The idea of breaking this
isolation through smartphone applications is risky
and somewhat implausible. It may even pose a
risk of further isolation, thereby maintaining or ex-
acerbating mental health problems in already iso-
lated individuals (Nowland et al., 2018).
Thus, beyond the previously mentioned limitations
of diagnosis, the continued presence of psychia-
trists to initiate a break in the isolation of these pa-
tients is necessary and irreplaceable.

5. Estimating symptoms: the key to
clinical utility of voice biomarkers

In light of this criticism, onemight question whether
vocal biomarkers will ever find utility in the field
of psychiatry. To do so, we need to implement
a paradigm that retains clinicians at the center
of patient care, upholds their professional prac-
tices, and simultaneously fulfills their requirement
for additional patient insights between appoint-
ments. Rather than emphasizing diagnostic es-
timation through vocal biomarkers, we propose
a paradigm shift focused on estimating clinical
symptoms and signs (abbreviated as symptoms in
the remainder of this article). This shift in perspec-
tive not only addresses the epistemological limita-
tions associated with diagnosis but also demon-
strates a more respectful and practical approach
to clinical practice.

5.1. Response to the epistemological
limits of the diagnosis

Heterogeneity. Rather than assessing a combi-
nation of symptoms, our proposal entails estimat-
ing each symptom independently, thus mitigating
issues associated with diagnostic heterogeneity.
Moreover, it remains possible, if one so desires,
to recombine the symptoms after the fact to arrive
at a diagnostic estimate (e.g., (Fara et al., 2023)).
Cultural and time stability. While some symp-
toms or signs disappear or are still not diagnosed
(e.g. hysteria (Stone et al., 2008)) and some ap-
pear with the evolution of society (e.g. misuse of
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smartphones (Rho et al., 2019)), their fundamen-
tal nature makes them constant units across cul-
tures and time (e.g. headaches during early an-
tiquity (Magiorkinis et al., 2009) or mood disorder
through history (Zarate and Manji, 2009)). As a
consequence, annotating a database with symp-
toms is a more sustainable approach than anno-
tating them with variable diagnostic criteria.
Transdiagnostic estimation of health. Addi-
tionally, focusing on symptoms allows for a trans-
diagnostic evaluation of the speaker’s well-being.
This means that even if an individual meets only 4
out of the 5 criteria for MDD according to the DSM,
their symptoms can still be assessed, and appro-
priate assistance can be offered.

5.2. Respect of therapeutic relationship
A survey involving 515 psychiatrists conducted by
Bourla et al. (Bourla et al., 2018) revealed a sig-
nificant apprehension among psychiatrists regard-
ing the impact of machine learning on their thera-
peutic relationships. The fear of being replaced
by machines is heightened when focusing solely
on diagnosing, whereas estimating symptoms as a
complementary approach helps maintain the cen-
tral role of psychiatrists in patient care.

5.3. New tasks
Shifting the focus to symptoms would redirect
efforts from diagnosis toward understudied yet
highly valuable tasks for clinicians.

5.3.1. Symptom severity.
While previous work has looked at the severity of
the disorder (e.g. estimating the PHQ score for
MDD (Rejaibi et al., 2022; Cummins et al., 2020)),
no work has looked at estimating the severity
of individual symptoms: identifying an increase
in the severity of the disorder is of no use to
clinicians without identifying the symptom(s) that
cause it. Moreover, some symtpoms such as sui-
cide ideation are of interest by themselves, even
outside any disease classification.
Differential diagnosis. When two disorders are
similar, clinicians sometimes have difficulty esti-
mating the patient’s diagnosis. While almost all
the studies focus only on one disorder (e.g. MDD
vs. Healthy Control), more recent work tends
to estimate multiple disorders at the same time,
e.g. (Gosztolya et al., 2020; Faurholt Jepsen et al.,
2022; Pan et al., 2021; Wang et al., 2021). How-
ever, this problem has never been formulated in
terms of symptoms.
Prognosis. While this task has already been
proposed in an Interspeech challenge in 2021 for
Alzheimer’s disease (Luz et al., 2021), no article
to our knowledge has addressed the estimation of

the prognosis of mental disorders thanks to voice
or speech descriptors (i.e. the estimation of the
progression of the disease).

5.4. Specificity
Lastly, we propose that investigating the impact
of symptoms on voice may offer a solution to
the specificity issues identified previously in the
literature (Low et al., 2020). When directly di-
agnosing, we are essentially assessing a combi-
nation of symptoms. However, these symptoms
are not exclusive to the particular disorder un-
der study; they are also included in the diagnos-
tic criteria for other illnesses. For example, an-
hedonia or cognitive alterations manifests in both
MDD and Schizophrenia. Could it be that the
acoustic markers associated with these two condi-
tions have actually captured the influence of these
shared symptoms on voice, rather than the ill-
nesses themselves? In essence, we suggest that
what is expressed through voice are symptoms
and that the low specificity of actual acoustic voice
biomarkers regarding disorders may come from
the shared symptoms between these disorders.

6. How to label corpora?
Reanalyzing existing dataset. While most of
the corpora presented in the literature are con-
cerned with the detection of mental disorders,
some of them contain scores on the various items
of the questionnaires used to annotate these dis-
orders. This is the case, for example, with the
DAIC-WOZ, used for the binary diagnosis of de-
pression, but containing scores for each of the
PHQ9 items used to annotate depression. Such
a task was even proposed as a subchallenge dur-
ing the AVEC 2017 challenge (Ringeval et al.,
2017). However to our knowledge, no challenge
participant has proposed a system for this sub-
challenge.
In the same vein, almost any corpus having been
annotated with the individual items of the question-
naires can be reused to estimate symptoms from
voice. However, since they are never presented in
this light, we are able to give more examples here.
Furhtermore, corpora that have been annotated
solely with diagnostic status or overall question-
naire score cannot, unfortunately, be re-annotated
with symptoms a posteriori. Since annotating a
medical corpus is a costly task in human, finan-
cial and temporal terms, this article is a plea for
annotating corpora with symptoms – from which it
is eventually possible to re-annotate diagnoses.
Beyond questionnaires. While estimating
questionnaire items is more relevant than estimat-
ing diagnoses or questionnaire scores, it is worth
noting that questionnaires are “validated” based
on their ability to discriminate between subjects
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based on their diagnostic status. A promising
approach is to move beyond questionnaires and
work directly at the symptom level. Clinical psy-
chology research, which specializes in symptom
measurement and questionnaire design, can
be a valuable resource for choosing labels for
annotating corpora. For example, Newson et al.
(2021) extracted and listed a set of 43 symptoms
from 10,154 items related to the 10 most prevalent
mental disorders in the DSM. This list is available
online. Even better, Jover Martínez et al. (2023)
not only identified a minimal set of fundamental
symptoms in psychopathology through qualitative
interviews and focus groups with psychiatrists but
also provided a questionnaire to measure them in
an Ecological Momentary Assessment context in
their supplementary data5.

7. Conclusion
To conclude, we have argued in favor of a vocal
biomarker paradigm for psychiatry, moving from
a focus on diagnosis to the estimation of symp-
toms. In particular, we have shown that diagnosis
is not central in clinical practice, and that its auto-
matic and objective estimation may not have the
expected impact on the quality of patient screen-
ing and care. On the other hand, estimating symp-
toms using vocal biomarkers allows a transdiag-
nostic approach to health estimation and facili-
tates the integration of vocal biomarkers into cur-
rent clinical practice, which has the potential to
improve the management, monitoring, and quality
of care provided to the many individuals suffering
from mental disorders.
We hope that this article can help to convince the
speech processing community of the need for dia-
logue with field players and understanding of their
working methods, especially in a health-related
context: this dialogue is the umbilical cord that
connects our sometimes abstract research to the
reality that we are helping to reconfigure (Callon
et al., 2001).
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