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Abstract

Background: The nascent field of Speech Emotion Recognition (SER) encompasses a wide variety of approaches with Al
technologies providing improvements in recent years. The links between subjects’ emotiona states and pathological diagnoses
are of particular interest. This study aims to investigate the performance of tools combining these approaches with aview to their
use within clinical contexts.

Objective: The objective of this review was to determine if and how SER technologies have been applied within clinical
contexts.

M ethods: The review includes studies applied to speech (audio) signal, for a select set of pathol ogies/disorders and only includes
those studies that include an evaluation of diagnosis performance using machine learning performance metrics or statistical
correlation measures. PubMed, |EEE Explore, ArXiv and Science Direct databases were queried, as recently as February 2025.
The QUADAS framework was used to measure the Risk of Bias.

Results: A total of 17 articles were included in the final review. The included papers addressed the suicide risk (3), depression
(9), psychotic disorders (3) and autism spectrum disorders (2).

Conclusions: SER technologies are mostly used indirectly in mental health research and in a wide variety of manners including
different architectures, datasets and pathologies. This diversity makes a direct assessment of the technology challenging.
Nonetheless, promising results are obtained in various studies that attempt to diagnose patients based on either indirect or direct
results from SER models. These results highlight the potential for this technology to be used within a clinical setting. Future
work should focus on how these technol ogies can be used collaboratively by clinicians. Clinical Trial: Prospero ID 1006669
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Speech Emotion Recognition in Mental Health: A Systematic
Review of Voice Based Applications

Abstract

Background: The nascent field of Speech Emotion Recognition (SER) encompasses a wide variety
of approaches with Al technologies providing improvements in recent years. The links between
subjects’ emotional states and pathological diagnoses are of particular interest. This study aims to
investigate the performance of tools combining these approaches with a view to their use within
clinical contexts.

Objective: The objective of this review was to determine if and how SER technologies have been
applied within clinical contexts.

Methods: The review includes studies applied to speech (audio) signal, for a select set of
pathologies/disorders and only includes those studies that include an evaluation of diagnosis
performance using machine learning performance metrics or statistical correlation measures.
PubMed, IEEE Explore, ArXiv and Science Direct databases were queried, as recently as February
2025. The QUADAS framework was used to measure the Risk of Bias.

Results: A total of 17 articles were included in the final review. The included papers addressed the
suicide risk (3), depression (9), psychotic disorders (3) and autism spectrum disorders (2).
Conclusions: SER technologies are mostly used indirectly in mental health research and in a wide
variety of manners including different architectures, datasets and pathologies. This diversity makes a
direct assessment of the technology challenging. Nonetheless, promising results are obtained in
various studies that attempt to diagnose patients based on either indirect or direct results from SER
models. These results highlight the potential for this technology to be used within a clinical setting.
Future work should focus on how these technologies can be used collaboratively by clinicians.

Trial Registration: Prospero ID 1006669

Keywords: Affective computing; Machine learning; Mental health; Psychology; Psychiatry; Speech
emotion recognition; Voice
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Introduction

Emotions play a pivotal role in human interaction and communication, influencing various aspects of
social interaction, decision-making, and overall well-being. While emotions can be expressed
through multiple modalities, including facial expressions, body language, and gestures, human
speech remains one of the most prominent and accessible channels for conveying emotional states.

Intonation, rhythm, pitch, and other acoustic features of speech convey subtle emotional cues,
reflecting an individual's psychological well-being [1,2]. In recent years, there has been increasing
interest in leveraging advancements in machine learning (ML) to analyze and interpret emotional
cues from speech, a field known as speech emotion recognition (SER). SER has garnered significant
attention in healthcare settings, particularly in the context of mental health assessment and
monitoring. The ability to automatically analyze and interpret emotional cues from speech offers
several advantages for improving patient care, early detection of mental health issues, and enhancing
the overall healthcare experience [3-6].

This study examines the specific role of emotion recognition in identifying psychiatric disorders. To
provide context, we review the advancements, applications, and challenges of SER in healthcare,
highlighting its potential in mental health monitoring, suicide prevention, mood, psychotic and
autism spectrum disorders. This review emphasizes the advantages of SER, including its non-
invasive nature, objective assessment capabilities, and potential for automated analysis, while
addressing key challenges such as the need for diverse datasets, interpretability of ML models, and
their generalization across populations.

This paper is structured as follows: In the first section, we will introduce the history and
advancements in SER. Subsequently, we will review the available SER datasets followed by an
overview of existing applications of speech and emotion related technologies in clinical settings.
Finally, we will discuss current challenges, limitations and prospects for collaboration between the
fields of SER and Mental Health.

Methods
PRISMA Review

Recognizing and analyzing emotions is an essential tool for the clinician. The fields of psychiatry
and psychology have long recognized that learning and mastering this skill is at the very core of the
diagnostic and therapeutic process, not only for the caregiver but also for the patient. However, this
clinical skill is neither infallible nor sufficient for systematic precision diagnosis. Several studies
have focused on the automated recognition of emotions using a variety of computational techniques.
What can these new techniques offer to clinicians in the analysis and interpretation of emotions?

To answer these questions, we conducted a systematic review of literature following PRISMA
guidelines (Preferred Reporting Items for Systematic Reviews and Meta-Analyses). Registered in the
PROSPERO system with ID 1006669. The aim of this review is to cover studies adopting an
acoustic/speech related analysis of mental health questions, with a particular focus on works
involving an analysis of the emotional aspect of speech if and when studies paid attention to the
emotional dimension.

https://preprints.jmir.org/preprint/ 74260 [unpublished, non-peer-reviewed preprint]
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Inclusion and exclusion criteria

The inclusion criteria for this review were as follows:
¢ Studies containing analysis of speech (i.e. audio) signal.
¢ Containing either a direct or indirect emotion recognition component, indirect components
include analyses that could be interpreted from an emotional point of view, for example the
use of the openSMILE (open-source Speech and Music Interpretation by Large-space
Extraction) feature sets widely used in SER tasks.
e Said speech was issued from a clinical context.

The exclusion criteria were:
¢ Audio was only analyzed in conjunction with another modality (e.g. text).
* No diagnosis/prognosis aspect was included, e.g. analyzing emotions in isolation without a
correlation to patient conditions or outcomes.
¢ The pathology being examined could be classified as neurological disorder and not a mental
health disorder, e.g. Alzheimer’s disease.
¢ The study itself was a review with no experimental component.

Search Strategy & Screening Process

Database queries were performed using PubMed, IEEE Explore, ArXiv and Science Direct, up until
February 2025, with the following keyword search: ("emotion recognition” OR "affective
computing" OR "emotional analysis") AND ("psychiatry" OR "psychology") AND ("speech" OR
"voice").

During the screening process, two authors applied the eligibility criteria and selected the studies to be
included in the systematic review. In case of doubt, it was established that the article would be
submitted to the rest of the review group, and no similar cases were encountered.

An initial screening based on the title/abstract of the search results was performed, removing any
articles that did not correspond to the inclusion criteria (no mention of speech/audio, no mention of
mental health pathologies or mention mainly of excluded pathologies).

From this initial screening, the remaining articles were studied to determine whether their design
gave a direct evaluation of their models' performance in a diagnostic task, measured by either ML
metrics (F1 score, accuracy, area under the curve (AUC)) or statistical correlation measures e.g.
Spearman correlation). As outlined in the flowchart below the majority of articles excluded in this
step did not include an audio component, did not include an evaluation of clinical diagnosis
performance of their model or applied their model to patients whose pathology was outside of our
scope (sometimes analyzing only healthy control subjects).

After filtering for these criteria, a total of 17 studies were retained. The QUADAS-2 (Quality
Assessment of Diagnostic Accuracy Studies version 2) framework was used to estimate the risk of
bias in these selected studies.

The results section is organized in sub-sections to enhance the reader's understanding, particularly
regarding the methodological context of SER. First, we provide a non-exhaustive summary of the
technical literature (computer science, software and mathematics) and of the various existing
databases. We then present the results of the systematic review.

https://preprints.jmir.org/preprint/ 74260 [unpublished, non-peer-reviewed preprint]
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Results
PRISMA Review Results

Idehtification
Databases (n = 3748) Records removed before screening:
Duplicate records removed
PubMed (n = 333) - (n =100)
IEEE (n = 394) >
ArXiv (n = 16) Removed for other reasons
ScienceDirect (n = 3005) (n=0)
Recoednangeened . Records excluded on title or abstract.
(n =3648) v (n=3551)
Reports sought for retrieval .
(n = 97) R Reports not retrieved
(n=12)

Reports assessed for eligibility
(n=85) ’
Reports excluded:
No analysis of speech alone (e.g. text only or
multimodal) (n = 29)
No evaluation of pathology diagnosis (n = 24)
Pathology out of scope (n = 12)
Review article (n = 2)

Inpluped

Studies included in review
(n=18)

Figure 1. Flow diagram of the PRISMA study selection process

As outlined in Figure 1, a total of 3648 studies were screened with 85 reports retrieved and assessed.
From these 85 studies, seventeen were included in the final review with the most common reasons
for exclusion being a lack of speech analysis alone (i.e. models using only text or a combination of
audio and other modalities) or no diagnostic perspective being assessed within the study (i.e. no
prediction of pathological severity or comparison between patients and controls). Of the seventeen
studies included in the final selection, 3 addressed suicide risk and suicidal ideation, 9 analyzed
depression and mood disorders, 3 studied psychotic disorders and 2 were related to autism spectrum
disorders.

Several studies screened did not, in fact, analyze the emotional state of the patients but studied their
capacity to detect expressions of emotions in others, i.e. to determine whether their pathologies

https://preprints.jmir.org/preprint/ 74260 [unpublished, non-peer-reviewed preprint]
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impacted their perception of emotional expressions.

Risk of Bias Assessment

Most of the included studies had a low risk of bias across all fields. As shown in Figure 2, the main
exception was in Patient Selection, where 5 studies did not include a control group or did not select
from a representative sample [3,7-10]. Additionally, high concerns regarding applicability regarding
patient selection were noted in 2 cases [3,8]. 4 studies led to unclear concerns regarding patient
selection [5,7,11,12]. The full QUADAS-2 results are available in Multimedia Appendix 1.

OLow OHigh OUnclear
FLOW AND TIMING

REFERENCE STANDARD | ‘

QUADAS-2 Domain

INDEX TEST ‘

PATIENT SELECTION ‘ L | |
0% 20% 40% 60% 80%  100% 0% 20% 40% 60% 80%  100%
Proportion of studies with low, high or unclear Proportion of studies with low, high, or unclear
RISK of BIAS CONCERNS regarding APPLICABILITY

Figure 2. Summary of QUADAS-2 results for selected studies.

This section is divided into two sections. Firstly, we present a narrative review of established
methodologies within the field of SER. Secondly, the results of the PRISMA review outlined above
are presented.

Narrative Review

History of Speech Emotion Recognition

The field of SER has its origins in the 1990s where it emerged as a subsection within the field of
speech processing. Initial works approached the task by extracting acoustic features from recordings
and then performing statistical analysis using various algorithms to derive correlations between the
extracted features and the emotional state of the speaker [13]. The original papers published on the
topic suggested that the automatic detection of emotions could be applied in the context of human
machine interaction.

These initial publications led to further interest within the field and questions such as the modelling
of emotions and the contrast between non-acted and acted emotions. The choice of how to represent
emotions is a non-trivial issue and has historically required coordination with the field of psychology
to ensure the model used is both compatible with the machines being used for automatic recognition
and with the psychological literature on emotions [14].

The models typically used fall into two groups, firstly categorical models represent emotions as
separate "classes" of emotions (e.g. happy, sad, angry). The "Big Six" model proposed by Ekman et

https://preprints.jmir.org/preprint/ 74260 [unpublished, non-peer-reviewed preprint]
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al.[15] is a well-known example, encompassing happiness, sadness, anger, fear, disgust, and surprise.
A more nuanced extension of this categorical approach is Plutchik’s model [16], which expands the
core emotions by incorporating trust and anticipation, forming an eight-primary-emotion framework.
Plutchik’s model also introduces the concept of emotional intensity and relationships between
emotions, visualized in his 'wheel of emotions' (see Figure 3), where primary emotions blend to form
more complex emotional states. Subsequent research has often adapted emotional classifications by
adding new categories, removing some, or merging similar emotions into a single class.
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Figure 3. Plutchik's wheel of emotions.
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Figure 4. The circumplex model of emotion with its two axes: Valence and Arousal.
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Secondly, dimensional or continuous models interpret emotions as degrees of some underlying
features. These models typically involve plotting emotions on two or three axes, the most common of
which is the two-dimensional model of arousal and valence [17]. In this model, valence reflects the
positive or negative quality of emotion. Happiness has high valence, while sadness has low valence.
Arousal reflects the level of physiological activation or intensity associated with emotion. For
example, surprise and anger typically have high arousal, while sadness and contentment often have
low arousal (see Figure 4).

Much of the existing work in speech emotion recognition predominantly relies on Ekman’s 6-scale
and Plutchik’s 8-scale emotion models, as they offer well-defined categories that facilitate annotation
and classification [18]. In contrast, dimensional approaches, which conceptualize emotions along
continuous axes, remain comparatively underexplored. However, the dimensional perspective
provides a more nuanced framework for capturing emotional complexity and extends beyond speech
processing to psychopathology.

Just as emotions can be mapped onto dimensions like valence and arousal, mental health disorders
can also be viewed as existing along a continuum rather than within rigid diagnostic categories. This
shift is exemplified by the RDoC (Research Domain Criteria) classification in psychiatry, developed
by the National Institute of Mental Health, which marks a significant evolution in the approach to
mental disorders, by focusing on biological, cognitive and behavioral criteria rather than just clinical
symptoms. Its major interest lies in its ability to overcome the limitations of traditional diagnostic
classifications, e.g. the DSM (Diagnostic and Statistical Manual of Mental Disorders) and the ICD
(International Classification of Diseases), which adopt a categorical approach that is not always
relevant to clinical issues. Thus, the RDoC classification proposes a dimensional approach that aims
to approach the underlying processes of mental disorders, by tackling transnosographic domains such
as emotion, cognition or motivation [19]. This shift from categorical classification to a dimensional
approach leads to the study of psychiatric disorders as spectrums of dysfunction, rather than as
distinct entities.

From Initial Works to Challenges

By the late 2000s, the field of SER had garnered more widespread interest in the field of speech
processing, with a wide variety of feature extraction methods and ML algorithms. However, these
developments gave rise to several problems, most notably a lack of comparability between results.
Researchers followed a wide range of methods for extracting acoustic features, applying algorithms
and as outlined above, there was even a large variation between datasets being used (i.e. emotion
modelling and acted versus non-acted emotions). Even some experiments on the same dataset were
not comparable due to a lack of standardized training/testing splits.

Facing these challenges in the late 2000s, researchers in the field initiated a series of SER challenges,
including the Interspeech 2009 Emotion Challenge [20]. These challenges aimed to standardize key
aspects of the SER process, such as datasets, feature extraction methods, and algorithms, to facilitate
the generation of comparable results within a unified context. One significant outcome of these
efforts was the development of the openSMILE tool for feature extraction [21].

https://preprints.jmir.org/preprint/ 74260 [unpublished, non-peer-reviewed preprint]
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Arrival of Neural Networks to SER

With the introduction of Convolutional Neural Networks (CNNs) in Automatic Speech Recognition
(ASR) in 2012 [22] through their application to spectrograms, these algorithms were quickly
adopted for use in Speech Emotion Recognition (SER) contexts [23].

Following trends in both Natural Language Processing (NLP) and ASR, various Neural Network
(NN) architectures were also applied. These included end-to-end models, trained on audio from SER
datasets and then applied directly to those datasets, supervised pre-trained models, where models that
had been trained on labeled data for another task were applied to SER data, finally Self-supervised
pre-trained models, using models trained on unrelated, unlabeled data and applying them to SER
datasets.

Established Methodologies

Speech, serving as a primary mode of communication, harbors a wealth of emotional cues that can be
harnessed to assess an individual’s mental and emotional well-being. Various methodologies have
been devised to extract, analyze, and interpret these cues, each providing distinct perspectives on the
underlying emotional states.

Acoustic or prosodic feature extraction

Acoustic or prosodic feature extraction involves the analysis of various acoustic properties of speech
signals, such as pitch, intensity, duration, and spectral characteristics [1,2,24,25]. Acoustic features
are related to the physical properties of sound waves and can be observed at the level of
milliseconds, such as frequency which is related to how humans perceive pitch. Prosodic features are
typically observed over a longer timescale, with pitch contours for example measuring how pitch
changes over time and other measures including speech rate and pauses. Both sets of features serve
as the basis for quantifying emotional cues present in speech and are commonly used as input for ML
models. Techniques such as Mel-frequency cepstral coefficients (MFCCs), pitch contour analysis,
and formant analysis are commonly employed in acoustic feature extraction for emotion detection
tasks [26].

These measures correlate with various aspects of speech production which can be impacted by the
emotional state of the speaker. MFCCs, for example, capture the spectral characteristics of speech
(i.e. how energy is distributed across different frequencies) that can be linked to certain emotions
(higher energy in mid to high frequencies for anger or joy). Pitch contour analysis tracks the
variation in the fundamental frequency of speech, that we perceive as pitch, over time. Variation in a
speaker’s pitch allows us to distinguish between sadness and excitement. Finally, formant values are
influenced by the shape and tension of our vocal tract while speaking. Any physiological aspects of
emotions (such as smiling) will likely have an impact on these values.

Among the most prevalent tools used for acoustic feature extraction is the openSMILE toolkit [21].
This toolkit is available in both .exe form and through Python and contains several widely used
collections of acoustic/prosodic measures (referred to as feature sets), allowing for both ease of use
and standardization of results.

Traditional machine learning approaches

Traditional ML approaches involve the use of statistical and pattern recognition algorithms to
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classify emotional states based on extracted features. These approaches typically include algorithms
such as support vector machines (SVM), k-nearest neighbors (KNN), and decision trees [27-31]. By
training these models on labeled datasets of emotional speech samples, they can learn to classify new
instances into predefined emotional categories.

Recurrent neural networks: LSTM & BILSTM

Recurrent neural networks (RNNs), particularly Long Short-Term Memory (LSTM) and
Bidirectional LSTM (BiLSTM) architectures, gained popularity in speech emotion detection tasks
due to their ability to capture temporal dependencies in sequential data [32-35]. These neural
networks excel at processing timeseries data such as speech signals, allowing them to capture long-
range dependencies and subtle temporal patterns in emotional expression.

Transformers

Transformers, originally developed for NLP tasks, have shown promise in analyzing speech signals
for emotion detection [36-40]. These architectures, which include models such as the Bidirectional
encoder representations from transformers (known as BERT), excel at capturing contextual
information and semantic relationships within sequential data. By fine-tuning pre-trained transformer
models on emotion detection tasks, researchers can leverage their powerful language understanding
capabilities to analyze emotional content in speech. A study involved the use of Transformer,
specifically, a self-attention-based deep learning (DL) model combining a two-dimensional CNN and
LSTM network. This model focuses on optimizing feature extraction from speech using MFCCs,
achieving an impressive average test accuracy rate of 90% [41].

Available Datasets

A multitude of datasets for the SER task exist, each falling into one of several categories based on
certain characteristics (type of data collected, classification of emotions, relation to any other tasks).
However, little to no datasets are available for both SER and Mental Health applications. This
section gives an overview of some of the most widely used datasets and their characteristics.

DAIC-WOZ

The DAIC-WOZ dataset is part of the larger Distress Analysis Interview Corpus [42]. It includes
audio and transcript recordings of semi-structured clinical interviews between participants and an
interviewer. The interviews were designed to detect signs of depression, anxiety, and post-traumatic
stress disorder (PTSD). Using the scores from several questionnaires related to psychological distress
and current mood the audio and transcript data can be used in a classification of the interviewees.

While the dataset does not explicitly include annotations of the emotional states of the interviewees,
labels could be derived using another SER model to directly analyze correlations between the
emotional states of the interviewees and their mental states. A total of 193 interviews are available,
with each interview lasting between 5 and 20 minutes and all the interviews being conducted in
North American English.

RAVDESS

Ryerson Audio-Visual Database of Emotional Speech and Song (RAVDESS) is a multimodal (both
audio and face recordings available) database containing both acted speech and song [43]. The

https://preprints.jmir.org/preprint/ 74260 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Jordan et &
recordings, in North American English, are of 24 professional actors (12 male, 12 female).

Emotions include calm, happy, sad, angry, fearful, surprise and disgust. Each expression (i.e.
emotion) produced at two levels of emotional intensity as well as at a neutral expression. The dataset
is comprised of a total of 7365 recordings (4320 speech and 3036 singing).

FAU-AIBO

Dataset of spontaneous speech from German children's interaction with a human controlled robot,
that they were told was autonomous [44].

The data is annotated on the word level for the presence of 11 emotional states by 5 judges. The
emotional labels, chosen based on the emotions observed in the data, are neutral, angry,
touchyl/irritated, joyful, surprised, bored, helpless, motherese (child addresses robot like a mother
would address a child, positive version of reprimanding), reprimanding, emphatic (speech that is
hyper-articulated or accentuated but without any clear accompanying emotion) and other.

This dataset was used in the initial 2009 Interspeech SER challenge [20]. Recent work has shown
that this dataset presents a significant challenge in achieving strong classification performance even
for state of the art methods [23].

IEMOCAP

IEMOCAP is a multi-modal dataset including both audio and motion capture data, allowing for
analysis of both speech and facial expressions and gestures [45]. The dataset is comprised of scripted
speech as well as improvised scenarios, all produced by actors expressly instructed to produce or
elicit certain emotions.

Both categorical and dimensional labelling approaches are used. The categorical labels used are
Neutral, Happiness, Sadness, Anger, Surprise, Fear, Disgust, Frustration, Excited and Other. The
dimensions used are valence (positive/negative), activation (calm/excited) and dominance
(weak/strong). The dataset contains approximately 12 hours of data.

CaFE

CaFE is a Canadian French emotional speech dataset [46]. It includes recordings from six male and
six female actors reading six different sentences in Ekman's six basic emotional states (Anger,
Disgust, Happiness, Fear, Surprise, Sadness) and in a neutral state, containing approximately 69
minutes of recordings in total. While this dataset may be smaller than other available datasets, it
highlights how few datasets exist for languages other than English.

https://preprints.jmir.org/preprint/ 74260 [unpublished, non-peer-reviewed preprint]
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PRISMA selected studies

The selected studies are presented below, categorized based on mental health
pathologies. The studies are grouped in this manner as this is the same approach
adopted by the studies that were analyzed, with each study addressing a given
pathology. Table S1 (available in Multimedia Appendix 2) presents a full overview
of the included studies.

Suicide risk and suicidal ideation

Gerczuk et al. explored differences in speech based on gender in the context of suicide risk, using
both interpretable (acoustic) and deep features [47]. The authors reported the best results when using
an emotion fine-tuned wav2vec 2.0 model achieving 81% balanced accuracy (i.e. the model had an
81% chance of making a correct prediction for a given example, considering the difference in sample
sizes between the different groups) in high-low suicide risk classification. Most notably, this result
was achieved by training the model separately on each sex. The authors report a difference in the
relationship between acoustic measures and suicide risk between males and females with agitation in
males led to increased suicide risk whereas the opposite was true in females, explaining the
advantage offered in training the model separately on each group.

Another study analyzed interviews from patients recently released from hospital after suicidal
ideation or other circumstances (patients who had attempted suicide, psychiatric patients and healthy
controls) [9]. Two separate experiments were conducted, firstly SER classifiers were trained and
evaluated using the acoustic features, based on self-reported PANAS-X (Positive and Negative
Affect Schedule) emotion labels from the interviews. Secondly, a comparison of the suicidal ideation
group and the other groups based on the variability of the reported emotions.

The authors report a maximum AUC of 0.78 when classifying the different emotion labels and an
AUC of 0.79 was achieved by using the variability between these emotional states to distinguish
between suicidal participants and the other groups. The authors note that the SI group showed lower
emotional variability compared to the other groups, indicating that emotional states show promise for
use in discrimination between control and pathological groups. These scores demonstrate a good
level of discrimination between the groups, with AUC indicating the capacity of a model to
differentiate between a randomly selected positive case and a randomly selected negative case (an
AUC above 0.7 means the model is achieving a fair discrimination rate, with AUC 0.5 being the
equivalent of random chance).

Suicidal ideas among US veterans was investigated by Belouali et al. [3]. This study extracted a
large range of features (acoustic, prosodic and linguistic) from recordings of veterans and trained
several models (Random Forest (RF), Logistic Regression and Deep Neural Networks (DNNs),
among others). Feature selection was applied to use the most relevant features for each model. The
best results in classifying suicidal veterans from their non-suicidal counterparts were obtained using
a combination of acoustic and linguistic features, achieving a sensitivity of 0.86, specificity of 0.70
and AUC of 0.80. The voices of suicidal individuals were mainly different from non-suicidal
counterparts in terms of energy (lower standard deviation of energy contours in voiced segments,
lower kurtosis, lower skewness) indicating flatter and less-animated voice. Suicidal individuals were
also found to have more monotonous voices.

Overall, studies addressing suicide risk and suicidal ideation achieved good discrimination between
the patients and control groups (AUC ~0.8 and accuracy ~80%), indicating that these methods can
prove useful in a clinical context to identify patients at high risk of committing suicide.
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Depression and mood disorders

Using both the emotional labels as well as the PHQ-8 depression scores for each participant, Wang et
al. attempted to find link between speech features and depression scores as well as depression status
(i.e. depressed vs control) [6]. Several models were used: from traditional ML approaches (SVM,
RF) to transformer-based approaches (combining several complex models). The best performance
was achieved by this complex model, with multiple several models combined, and reaching an
accuracy of 77% (i.e. 77% chance of assigning a given participant to the correct group) and F1 score
of 0.63 indicates the capability of complex models to outperform more traditional ML approaches on
the same dataset.

Yang et al. highlighted how confusion between low mood bipolar depression patients and unipolar
depression patients can lead to patients not receiving appropriate treatment [47]. Patients were
shown videos to elicit various emotions (happy, sad, disgust, fear, surprise and anger) and asked to
respond aloud to several questions. The recordings were labelled (with emotion profiles, i.e.
probabilities of each emotion for a given recording) using an SVM classifier trained on the
eNTERFACE dataset. Different classifiers were then trained to distinguish between bipolar, unipolar
and healthy control groups based on these emotional profiles. The model (combination of both
LSTM and BIiLSTM architectures) achieved a classification accuracy of 77% when distinguishing
between the three groups.

Correlations were found between vocal prosody measures and change in measures of the Hamilton
Rating Scale for Depression over the course of 21 weeks as outlined in [48]. Participants were
diagnosed with Major Depressive Disorder according to DSM-IV guidelines, and measures of
Switching Pause (i.e. time between utterances from patient and interviewer) and fundamental
frequency were taken from interviews conducted throughout the duration of the study. When
analyzing within subject variation in depression scores the authors found that as depression severity
decreased pause duration became shorter and less variable, accounting for 32% of the overall
variation over time in patient's depression scores. Furthermore, depression scores obtained from a
HLM model were used in linear discriminant classifiers reaching an accuracy score of 69.5% when
determining depression severity.

Stepanov et al. address the question of determining depression severity in the Audio-Visual Emotion
Challenge (AVEC) 2017 dataset based on speech using low level acoustic features extracted through
openSMILE, predicting PHQ-8 scores [49]. The best performance was achieved using these
extracted acoustic features to train an LSTM model.

Extracting prosodic features (glottal flow, voice quality and spectral) from the DAIC-WOZ dataset,
Mao et al. trained a range of DL models., with the hybrid model achieving an impressive accuracy of
98.7% and an impressive F1 score of 0.987, indicating that the model could almost perfectly
distinguish between the control and depression groups [50].

By applying the transformer architecture to frequency related parameters from both the DAIC-WOZ
dataset and their own proprietary data, Yang et al [51] achieved maximum F1 scores of 0.78 and 0.87
respectively. By analyzing the frequency components most important to their model’s predictions,
the authors found that the frequency range from 600-700 Hz was the most important, corresponding
to the Mandarin vowel /e/ or /é/. The authors present this as a potential biomarker for depression.

Studies applied to depression and mood disorders were the most prevalent among the results of this
study (9 of the 17 selected articles). A range of different results were achieved, with newer methods
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showing a strong improvement compared to older works (69% accuracy in 2013 with only 2
prosodic features [48], to 98% accuracy in 2023 using a range of prosodic features and deep learning
methods [50]). These results show that automated methods can be of use to clinicians for diagnosis
purposes (notably when determining severity) and can orient clinicians in adapting their therapeutic
approaches.

Psychotic disorders

Chakraborty et al. used the emobase feature set low level descriptors from openSMILE to
discriminate between a group Schizophrenia patients and a group of healthy controls based on an
interview conducted with a psychologist [52]. Additionally, a Negative Symptom Assessment (NSA-
16), score from 1-6 is assigned by the psychologist indicating the severity of the negative symptoms
of schizophrenia, i.e. mainly motivational and emotional impairments, prediction was also evaluated.
A range of classifiers were trained on the data after conducting feature selection. The best performing
classifier for patient vs control was a linear SVM classifier using PCA feature selection, reaching
79.49% accuracy (compared to 66.67% for a classifier predicting the majority class). For NSA-16
prediction, classifiers were trained for each of the different items, with accuracy ranging from 62% to
85%. The best performing classifiers were SVMs, KNN and Decision Trees with a range of different
feature selection techniques.

Using a proprietary dataset of Schizophrenia patients with and without Formal Thought Disorder
(FTD), first-degree relatives and neurotypical controls and (15 of each, 60 total), Cokal et al. elicited
spontaneous speech using an image description task [7]. Pauses were measured in the subjects'
speech and classified based on both duration of pause, presence or not of a filler word (umm, ehh,
etc.) and the syntactic context in which the pause occurred.

Patients without FTD produced significantly more unfilled pauses (i.e. pauses without a filler word)
than controls in both utterance-initial contexts and before embedded clauses and had more pauses
before embedded clauses compared to patients with FTD. When compared to the control and first-
degree relative groups, patients with FTD produced longer utterance initial pauses.

The extended Geneva Minimalistic Acoustic Parameter Set (eGeMAPS) [53], available through
openSMILE, was used by de Boer et al. [54] along with a Random Forest classifier in order to
distinguish between patients with Schizophrenia Spectrum Disorders patients and healthy controls.
The model achieved a classification accuracy of 86% between healthy controls and patients and an
accuracy of 74% in patients between those with negative symptoms and those with positive
symptoms. They also indicate that their work is a positive step toward validating language features as
biomarkers in the field of psychiatry.

Once again, the results from these studies applied in the context of psychosis showed promise in
distinguishing between groups as well as among subgroups of patients with schizophrenia. In a
clinical context, these methods can notably be of use for patient screening and early detection where
clinicians often struggle to clearly orient their patients. It is worth noting here that no works present
in the sample studied involved a direct analysis of emotions in the context of psychotic disorders.

Autism spectrum disorder

Mencattini et al. [55] applied a statistical learning algorithm to classify samples of speech produced
by children with developmental disorders and typically developing children, with a total 102
participants with ages ranging from 6-18 years old. Applies an Emotional Modulation Function
rather than applying directly on acoustic features to identify different classes. An AUC of 0.79 was

https://preprints.jmir.org/preprint/ 74260 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Jordan et &

achieved when determining whether a given child belonged to the typically developing group versus
the group with developmental disorders. accuracy of 82% when determining whether a given child
was achieved for children with autism disorder.

Saakyan et al. analyzed features from interviews with participants, aged 18-63 years old, diagnosed
with autism spectrum disorders (ASD) and neuro-typical participants [56]. By training an XGBoost
classification algorithm on the eGeMAPS feature set, the authors achieved an accuracy of 70% and
an AUC of 0.78 when distinguishing between the two groups (up to 74% accuracy using a multi-
modal approach).

While studies applied directly to ASD were the fewest among the results of our search strategy, the
results presented here indicate that SER methods can be used to distinguish ASD individuals from
neuro-typical individuals. These methods could then be considered for use in aiding diagnosis. While
ASD is typically diagnosed in infancy, these tools can contribute to confirming a diagnosis leading to
better health outcomes for children with ASD (especially those without intellectual impairment) and
avoiding potentially negative outcomes associated with false positives [57].

Discussion

Within the fields of psychology and psychiatry, the emotional states of patients can be linked to their
condition. This is the case both in a pathological sense, with depressed patients being characterized
as having low moods associated with sadness, or in a symptomatic sense where a depressed patient's
emotional state can vary depending on their current circumstances. While several works exist at the
intersection of these fields and the emerging field of SER, the diversity in methodologies, datasets
and results make it difficult to determine what the practical application of these results in a clinical
context could look like.

Nonetheless, the results presented in the selected studies are promising, with many of the models
discussed above differentiating between pathological and healthy control groups at a significant rate
(accuracy ~70-80% and AUC ~0.8). The application of these technologies across a wide variety of
domains is also promising, indicating that these technologies could be used for early screening (for
example in the diagnosis of psychotic disorders, where clinicians can struggle to guide patients early
on).

The use of the openSMILE toolkit and its various feature sets (eGeMAPS etc.) throughout several of
the selected studies highlights the possibility of integrating SER approaches within a clinical context.
Furthermore, the results achieved using these feature sets are promising, especially given their ease
of use and interpretation.

To the best of our knowledge, our study is the first systematic review that proposes a synthetic
overview of SER in psychiatry. This work could help homogenize future studies and help with
results’ reproducibility and comparability.

Challenges and Limitations

While SER holds promise for healthcare applications, several challenges and limitations must be
addressed to realize its full potential. One such challenge is the exploration of multimodal emotion
recognition, which involves integrating multiple sources of emotional cues, including speech, body
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language and facial expressions. While SER primarily focuses on analyzing speech signals,
incorporating additional modalities could enhance the accuracy and robustness of emotion
recognition systems, particularly in complex healthcare settings, as demonstrated by Saakyan et al.
[56].

Additionally, the interpretability of ML models and the ethical considerations surrounding the use of
sensitive health data present significant challenges in the development and deployment of SER
systems in healthcare settings. Ensuring transparency and accountability in the decision-making
process of these algorithms is essential to build trust and confidence among healthcare professionals
and patients. As outlined above, some complex models (with added complexity meaning clinical
explanation of predictions become increasingly difficult) can achieve results superior to those of
traditional ML methods applied to acoustic/prosodic features which are more easily interpreted [6].
If these methods are to be applied within a clinical context, a tradeoff must be found between
classification performance and interpretability.

Furthermore, the generalization of SER algorithms across diverse populations and cultural contexts
remains a significant hurdle. Variations in speech patterns, dialects, and cultural norms can impact
the performance of SER systems, highlighting the need for robust validation and adaptation
strategies to ensure the reliability and effectiveness of these systems across different demographics
[25].

In addition to these limitations, translating NLP results into routine clinical practice in psychiatry,
implying rapid, replicable and scalable analysis, presents specific challenges.

First, possible issues with inaccuracy of vocal recording or transcription can be a hindrance for
performing detailed analyses when integrating NLP tools into existing clinical workflows. Indeed,
although linguistic analyses are generally considered to be fairly robust in terms of the quality of the
transcripts [58], conducting fine analysis such as SER may also require higher quality data which is
not always available in a clinical context.

Addressing these challenges requires interdisciplinary collaboration between researchers, clinicians,
and technologists to develop innovative solutions that prioritize patient privacy, data security, and
ethical considerations while harnessing the potential of SER to enhance mental health assessment
and treatment in healthcare settings.

Future Directions

As has been outlined above, there are many works applying various methodologies, from statistical
analysis of acoustic measures to ML, and DL methods, in the domains of SER and Mental Health.
These techniques have been applied to a range of pathologies, conditions and disorders within the
field of mental health. Some works have proposed that acoustic measures of patients' speech be
developed as biomarkers of pathology as it is the clinician’s perception of these measures that allow
for a diagnosis [54]. This highlights these measures' obvious advantage compared to other methods
when collaborating in a clinical context: their ease of interpretation.

Among the various applications similarities can be seen, notably in the reuse of certain methods,
especially the use of acoustic measures both in the fields of Mental Health and SER, which can be
linked back to the emotional state of the patient. Given that the same methods are employed both for
the recognition of pathologies and the recognition of subjects' emotional states, the question arises:
Could direct automated analysis of patients' emotional states be useful in the investigation of the
aforementioned pathologies?
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Proposed pipelines for audio processing

Here two possible approaches are proposed for detection of pathologies from patients' speech. From
our review, the vast majority of works adopt the first approach below, mapping directly from a
patient's speech to a possible pathology.

Speech to Pathology
This pipeline is represented in the vast majority of works found within the literature, where feature
extraction or ML/DL methods are applied directly to the signal from recordings of subjects.

Speech to Emotion, Emotion to Pathology

In this approach, speech from a patient would first be analyzed by some SER system (from one of
the various methodologies outlined above), then the emotions recognized by this system could then
be analyzed to gain an insight into the patient's pathological status. Some works have adopted a
similar approach [9], however this approach to the detection of mental health conditions has not been
widely explored.

The pipeline from speech to pathology presents a notable advantage in a clinical context, it offers a
clear interpretation of why a given classification was chosen. Furthermore, this approach can be used
collaboratively with healthcare professionals to facilitate and complement their work.

One possible difficulty with this approach would be the introduction of error by the SER system. In
order to mitigate this error, the choice of the SER system will be of the utmost importance, ensuring
that the system's design (for example training data) will allow it to perform properly on a given set of
data.

Shared Challenges

From our review, the variety of methods observed (wide range of audio processing methods and
feature sets, datasets of different sizes and compositions, the use of different feature sets) led to
difficulties in directly comparing different works, even those that were applied to the same
pathologies. This difficulty in comparison is very similar to the difficulty encountered in the early
days of the field of SER.

Further insistence on the organization of shared challenges could promote sharing of methods, data
and results and hence improve the comparability of work in the field just as was the case in the field
of SER. Several challenges have been conducted within this field (or adjacent ones), with the most
recent including the AVEC 2019 challenge for depression [59] and the Alzheimer’s Dementia
Recognition through Spontaneous Speech challenge for Alzheimer's disease [60].

One hurdle to overcome in the organization of these challenges, especially in a context relating to
healthcare, is the sharing of confidential data.

Dimensional approach to pathology

Dimensional approaches to pathology in mental health can offer a more refined perspective on
disorders by focusing on symptom severity and underlying mechanisms rather than rigid diagnostic
categories.

To be consistent with the papers we reported, we had no choice but to group in this review mental
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health diseases according to disease categories. In contrast to this categorical approach, a
dimensional approach could allow for different insights [61]. In practice, this paradigm shift is
conducive to the identification of (linguistic) biomarkers [62]. This conceptual change in the way of
understanding psychiatric disorders aims to facilitate collaborative work by proposing a common
framework through which specialists from different fields can study pathological mechanisms.

Thus, the RDoC classification in psychiatry, described previously, proposes a dimensional
understanding of mental disorders, making it easier to grasp individual variability and take into
account the different clinical presentations between patients suffering from the same pathology from
a categorical point of view.

In the same way, Hierarchical Taxonomy of Psychopathology (HiTOP) proposed by Kotov et al. [63]
is a promising model, especially for SER. Instead of replacing which replaces traditional categorical
classificationssuch as the DSM (Diagnostic and Statistical Manual of Mental Disorders) and the ICD
(International Classification of Diseases), with hierarchical model thatHiTOP hierarchically
organizes symptoms into spectra and subfactors. ItHiTOP conceptualizes mental disorders along
broad dimensions that reflect underlying emotional and behavioral patterns.

Internalized disorders are characterized by self-directed emotional and psychological symptoms,
such as anxiety, depression or phobias. Individuals affected by these disorders tend to internalize
their suffering, often isolating their emotions. Externalized disorders, on the other hand, manifest
themselves in outwardly directed disruptive behaviors, such as aggression, impulsivity or
transgression of social rules. Thought disorders (e.g., schizophrenia) are characterized by confusion,
detachment from reality, and unusual experiences. By framing psychopathology as a continuum,
HiTOP moves beyond discrete diagnostic categories to capture the overlapping nature of emotional
and behavioral dysfunctions.

At the same time, the integration of natural language processing (NLP) and emotion recognition into
this approach is opening new perspectives. NLP makes it possible to analyze language data by
detecting linguistic cues associated with mental disorders, such as depression or anxiety. These
analyses make it possible to extract psychological and emotional dimensions, enriching RDoC
criteria with behavioral and cognitive data. The use of linguistic data in the RDoC approach could
thus improve diagnostic processes, offering a more detailed and dynamic view of psychiatric
disorders, and contribute to more personalized treatments, adapted to the specific profiles of each
patient. This convergence of neuroscientific and technological advances could truly transform the
way psychiatry approaches mental disorders.

Conclusions

SER has emerged as a promising tool in mental health care, offering potential for early detection,
continuous monitoring, and personalized interventions. This approach is based on ML and Al
technologies, and involves the recognition of emotions from recordings of patients in a healthcare
context, then analysis of these emotions, with possible applications of other ML methods to either the
emotions from the model or the use of the output of the SER model as an input into a classifier to
distinguish between populations (control/pathology or other classes fitting the dataset at hand). This
is this approach we suggest in the framework of the APAISE project.

However, to be successful, interdisciplinary collaboration between computer scientists,
psychologists, linguists, and healthcare professionals will be essential to refine these technologies
and ensure their precise, non-biased and ethical implementation.

Beyond that, the next challenge for SER applications in mental health will likely be to integrate SER
with other clinical data, as well as biological, genetic, and imaging data, in large-scale multimodal
analyses to better characterize and predict psychiatric disorders.
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MFCC: Mel-frequency cepstral coefficients
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QUADAS-2: Quality assessment of diagnostic accuracy studies version 2
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