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Abstract

INTRODUCTION: The prevalence of mental health issues, mainly anxiety disorders, has risen significantly in today’s fast
paced world. Thus, giving the imperative to confront the challenges associated in identifying these issues.

OBJECTIVE: The objective of this review paper is to signify the importance of different features or parameters (acoustic,
prosodic, linguistic, facial, neuroimaging, psychological, and physiological) being extracted from different data modalities
(audio, video, psychological, physiological, textual, and neuroimaging) that are being used to assess different kinds of mental
disorders.

METHODS: Considering the systematic literature review technique, a total of 117 studies have been identified in the field
of anxiety disorders and mental health issues spanning the years 2015 to 2024. By considering diverse features being used
to diagnose different kinds of anxiety disorders, this paper provides a foundation for future research that will help researchers
to design the new strategies and techniques to handle the anxiety disorder.

CONCLUSION: This comprehensive review paper outlines the details of diverse features extracted across various data

modalities, contributing significantly to the prediction of a wide range of anxiety disorders.
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1. Introduction

The incidents of mental health disorders are becoming
widespread, presenting a considerable medical challenge that
society faces nowadays. Several psychological issues like
anxiety, stress, depression, and exhaustion are becoming
prevalent. Mental illness is a term used to describe a wide
range of conditions that affect a person's mood, thinking,
behaviour, and overall well-being. Mental illness can be
caused by a variety of factors, including genetics,
environmental factors, and life experiences. Economically as
well, the mental health disorders are highly significant as
compared to other non-communicable diseases like heart
diseases, asthma, cancer [1].

There are different types of mental disorders that can be found
in almost one out of every three individuals worldwide [2].
Depression and anxiety are two common mental health
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disorders [3]. These disorders can affect a person's mood,
behaviour, and overall well-being. While they are distinct
conditions, they often occur together and share some common
symptoms, such as feelings of sadness or worry, changes in
sleep or appetite, and difficulty concentrating [4]. One of the
studies has emphasized on the significance of natural
language processing (NLP) in differentiating the emotions in
depression and anxiety [5]. The coexistence between
different anxiety disorders or between depressive disorders
and anxiety, complicates the treatment process due to their
high comorbidity [6]. Depression is characterized by
persistent feelings of sadness, hopelessness, and a loss of
interest in activities that used to be enjoyable. It can also
cause physical symptoms, such as changes in sleep patterns,
appetite, and energy levels. Anxiety, on the other hand, is a
result of extreme tension and fear and is characterized by
persistent feelings of worry, fear, or panic [7]. According to
World Health Organization (WHO), “anxiety disorder is a
result of extreme tension and fear” which further results into
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abdominal pain, chest pain, headaches, increased blood
pressure and increased heart rate as well. It can cause physical
symptoms such as rapid heartbeat, sweating, and shaking, and
can interfere with daily activities such as work or socializing.
It can also start at early stage of life [8]. Depression and
anxiety can both interfere with a person's sense of
competence and ability to succeed academically as well.
People with depression may struggle to focus or concentrate
and lose interest in their academic pursuits as well. People
with anxiety may struggle with test-taking or public speaking,
experience excessive worry or perfectionism, and have
difficulty managing their time or organizing their work.
During pandemic context, few studies have explored the
mediating role of maternal anxiety and sheds light on how it
influences infant neurodevelopment, thus emphasizing the
necessity of timely evaluations in monitoring early childhood
development [9-11].

1.1 Types of Anxiety Disorders

Anxiety disorders have been categorised into different types
(shown in figure 1) namely Generalized Anxiety Disorder
(GAD), Social Anxiety Disorder (SAD), Post-Traumatic
Stress Disorder (PTSD), and Panic Disorder (PD) [12].

Generalized Anxiety Disorder

Anxiety refers to the term “extreme nervousness” which in
turns causes health problems in an individual. The common
disorder that occurred due to this cause is Generalized
Anxiety Disorder (GAD). Worry is one of the main reasons
for mental illnesses, but has proved to be a major cause for
Generalized Anxiety disorder [13]. An individual having
generalized anxiety disorder feels stressful throughout his
routine which may even lead to suicidal or negative thoughts.
It is very difficult to predict GAD at an early stage. The main
symptom of GAD is inconsistent tension and anxiety about
daily life issues, which is uncontrollable [14]. Individuals
having GAD can also have increased heart rate, rapid
breathing, and lack of concentration in their daily life routine
tasks [15].

Social Anxiety Disorder

An extreme dread of negative judgement as well as an
inconsistent awkwardness in public areas are the traits of
Social Anxiety Disorder [16]. Moreover, avoiding social
gatherings or being unwilling to attend work or school are
significant indicators of social anxiety disorder [17]. It is very
normal for everyone to feel awkward while presenting them
in public or to feel shy, so SAD cannot be predicted based on
this factor only. According to research, the main cause of
social phobia for young teenager is positively related to some
kind of bullying (direct or indirect) and public [18]. An
individual suffering from SAD avoids doing interaction with
other people and going to public areas which in turns greatly
impact one’s personal and social life [19]. Moreover, this can
lead to substantial impairments in overall functioning of
one’s life [20]. One of the studies concluded that the
individuals having SAD wusually takes more time in
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redirecting their gaze from the eye region as compared to
healthy controls [21].

Post-Traumatic Stress Disorder

At any point in one’s life, any shocking or terrible event can
trigger post-traumatic stress disorder. This disorder is one of
the dangerous mental illnesses that one can face in their life,
because, everybody in their life may experience such
incidents. Moreover, the Coronavirus disease (COVID-19)
pandemic has also proved to be a terrifying incident for most
of the people. The major diagnostic criteria for post-traumatic
stress disorder during the time of covid pandemic was
extreme injuries and threatening deaths of people who were
suffering from COVID-19. The major reason for this disorder
in people who were suffering from COVID-19, was their
disturbed state of mind, as they have survived from such a big
traumatic incident of their life [22]. Moreover, the study has
also stated that the care takers also went through the major
stress while taking care of COVID-19 patients. In order to
calculate the presence of PTSD, the researchers estimated the
value of pooled prevalence. The level of PTSD was
categorised into two parts, one was mild level and the other
was moderate level. The cut off for both the levels was
decided by the authors, according to clinical relevancy. The
study stated, about 21.5% prevalence estimate for PTSD
among COVID-19 health-care takers [23]. The symptoms of
this mental illness may include recalling the incident, anxiety,
annoying or disturbing behaviour just after the occurrence of
incident etc.

Panic Disorder

PD: Panic disorder stands out as one of the prevalent anxiety
disorders, marked by recurring and unforeseen episodes of
panic attacks [24]. A person having panic disorder faces rapid
increase in heart rate because of abrupt and uncontrollable
feeling of worry or fear. The main causes of PD include
genetic factors, excessing fear, addiction to drugs which may
results into rapid growth of heart rate, twitching (sudden
movements which are uncontrollable), shortness of breath
(suffocation). Developmental and neurobiological factors
unique to panic disorder differentiate it from other anxiety
disorders [25]. One of the studies emphasized the significance
of physiological features also while examining the abnormal
changes among individuals suffering from PD [26].

Unlike PTSD, panic disorder does not trigger apparently,
rather this disorder is unexpected and sudden. Moreover,
during the time of COVID-19, the patients had
breathing/respiratory problems which in turns cause asthma
in few patients. One of the studied also stated that because of
panic disorder, patients may have the problem of asthma as
they suffer from respiratory issues [27]. But according to few
studies the asthma and mental illness has no direct correlation
between them, rather the patients having panic disorder and
asthma both are facing more discomfort and pain than other
patients who are suffering only from PD. Moreover, the level
of PD is much more affected due to worse bodily indications
rather than worse condition of asthma [28].
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* Occurred due to extreme nervous.
» Stressful throughout his routine.

* Excessing fear.
* Addiction to drugs.

* Experience of any shock.
» Annoying or disturbing behavior.

SAD

* Occurred due to fear of negative judgement.
* Social phobia.

Figure 1. Types of Anxiety Disorders

A prevalent viewpoint in the media implies that there is a
growing number of individuals experiencing anxiety
disorders each year. Yet, obtaining reliable evidence to
support a shift in the prevalence rates of anxiety disorders
proves challenging [29]. Thus, the increasing significance of
comprehending and resolving mental health issues in current
society serves as the driving force for this review article.
There is a need to evaluate and synthesise the current body of
knowledge in this area by having better understanding of
pertinent characteristics or parameters affecting anxiety
disorders.

1.2 Objective of current study

The main purpose of this paper is to analyze different sets of
features being used to assess anxiety disorders. The further
categorization of features (acoustic, linguistic, facial,
prosodic, psychological, neuro-imaging, and physiological)
extracted from different data modalities (text, audio, and
video) sheds light on relevance of these features with mental
state of an individual. This study seeks to provide a thorough
resource for researchers by analysing and aggregating the
present state of research on diverse features used in
investigating mental health concerns. The results of this
evaluation will help researchers to have better knowledge of
efficient approaches and equipment for mental health
research, ultimately facilitating the creation of more precise
diagnosis and therapeutic techniques.

2. Research Trends in the field of Mental
Disorders

In today's world, mental disorders are very common among
human beings. Due to the severity of these disorders, research
has been carried out in this field by different researchers. In
the initial phase of the research, many theoretical frameworks
and studies were proposed to use technology for the detection
and prevention of these disorders. However, with the
advancement of technology, different studies based on
machine learning, deep learning, and automation have been
proposed to detect and prevent mental disorders. One of the
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research evaluated a theoretical framework for Generalized
Anxiety Disorder (GAD), emphasizing its clinical
implications. They collected data from 24 GAD patients and
20 non-clinical subjects, identifying key factors like cognitive
avoidance, worry, intolerance, and deficient problem-solving.
Intolerance of uncertainty played a vital role in distinguishing
GAD patients with 82% accuracy.

Nowadays, depression is a common mental health issue
affecting well-being. Depression's impact on mental and
physical health led researchers to propose a multimodal
depression scale prediction system combining audio and
visual data. Using a Long Short-Term Memory Recurrent
Neural Network (LSTM-RNN) for dynamic temporal
information, they leveraged emotion data and multi-task
learning. On the AVEC2014 dataset, the system's
dimensional emotion recognition, especially with multi-task
learning, improved depression scale prediction. These studies
advance our understanding of mental health assessment and
treatment, offering insights into GAD and depression
evaluation techniques. Studies have shown that one of the
reasons for anxiety disorders could be aging as well. It has
been shown that aging is directly proportionate to anxiety
disorder [30].

The rising incidence of mental illness has increased the
demand for healthcare services. [31] analysed textual features
extracted from Reddit posts to classify them into 11 mental
disorder themes. They employed several classifiers namely
Convolutional Neural Network (CNN), Linear Regression
(LR), Feed Forward (FF), and Support Vector Machine
(SVM). CNN excelled, achieving 91.08% accuracy in
distinguishing mental health-related posts from others. On the
other hand, the use of social media is also contributing
towards social anxiety. One of the studies explored such
impact of social media on individuals by revealing the fact
that the negative comparison with influencers results into
increase in their anxiety level [32].

These issues have also increased the rate of suicides
worldwide. Keeping in mind the need to predict the risk of
suicidal behaviours in advance, [33] used demographic and
clinical information by collecting electronic health record
data from 1998 to 2012. They used a Naive Bayes classifier
to assess the risk of suicidal deaths for both men and women
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separately. The study identified high-risk patients based on
positive risk scores and found that 1.2% of patients had a high
risk of suicidal behaviors. Importantly, the study highlighted
the significance of clinical features in predicting suicidal
deaths 3-5 years in advance with 90% specificity.

Anxiety disorders are very prominent mental health issues
and totally depend upon the daily prevailing conditions and
environment. [34] in their research studied how
sociodemographic and clinical features vary in OCD patients
having GAD and OCD patients without suffering from GAD.
Moreover, stress and anxiety are commonly related to each
other and affects physiological state of diverse age groups.
Several studies have shown the impact of parental stress on
children’s physiological state and at the same time the
academic stress is influencing mental health in medical
students and social workers as well. Studies have proved that
in order to improve one’s mental state, the timely
management of stress is very important [35-37]. One of the
studies focuses on visual features in order to detect anxiety
and stress level in individuals. The authors have mainly
worked on mouth and eye activities, head movements, and
heart activities. Results have shown that the facial cues play
a prominent role in detecting one’s stress and anxiety level
[38]. The authors [39] used video data to detect stress in
individuals. They trained the CNN model on a dataset of
video clips, recorded from 122 participants watching relaxed
and stressful content. The study aimed to assess stress levels
by tracking facial expressions and actions, forming the Two-
level Stress Detection Network (TSDNet). Results showed
that combining both facial expressions and actions achieved
the best performance (accuracy 85.42%, F1 score 85.28%,
recall 85.53%, precision 85.32%) compared to considering
either factor alone. [40] have used neuro-imaging features
(electroencephalography (EEG)) and physiological features
(Effective Connectivity) to investigate neural connectivity
biomarkers for SAD. They assessed different SAD severity
levels with CNN, LSTM, and a CNN-LSTM combination.
Their dataset included 88 respondents categorized into
Healthy Controls (HC), mild, moderate, and severe SAD.
Results indicated that the CNN-LSTM hybrid approach
achieved the highest accuracy, specificity, and sensitivity
among the deep learning models. One of other studies
emphasized the use of physiological measures while
monitoring stress and anxiety level [41]. This study revealed
that the 62.5% of the studies focused on such objective
measures and 48% of those studies used decision tree analysis
method to detect anxiety and stress level. Another study
developed an ECG-based classification framework for
anxiety detection by collecting electrocardiography (ECG)
data of 19 participants using wearable sensing device [42].
In recent years, mood disorders have become a significant and
widespread psychiatric concern around the world. Any
individual having this disorder may suffer from wither
unipolar depression or bipolar disorder. To identify this, [43]
in their study aims to experiment with triggering emotional
responses in the subjects by exposing them to six different
emotional video clips having emotions of surprise, sadness,
happiness, disgust, anger, and fear. This experiment was
based on the data of 39 individuals and eNTERFACE dataset.

SVM and LSTM classifiers to detect the mood disorders, and
from result is has been observed that LSTM classifier provide
an accuracy of 76.92% for mood disorder detection. The
author [44] developed a model to detect mood disorders using
both audio and video data through a fusion approach. They
employed a hierarchical clustering algorithm, SVM, and cell-
coupled LSTM with L-skip fusion to combine facial and
audio features, obtain emotion profiles, and capture time-
based information for 1170 responses collected from 39
individuals. The authors used LSTM, SVM, and DAE, with
HSC-DAE for feature extraction. Their proposed model, the
cell-coupled LSTM with fusion, outperformed unimodal
methods with a 41% increase in MS and 69.2% in EP. LSTM
achieved high accuracy (97.42%) when HSC-DAE was used,
compared to when it wasn't. [45] have addressed the prevalent
and crucial medical condition of addressed Major Depressive
Disorder (MDD) by proposing an approach to detect and
predict depression severity using acoustic voice features,
primarily MFCC. They utilized three datasets, including
DAIC-WOZ (189 audio recordings categorized by
depression), implemented transfer learning from RAVDESS
(1440 audio samples expressing different emotions), and
assessed their model's performance with the Avi-D dataset,
achieving 76.27% accuracy with an RMSE of 0.4. Despite
suicide being a significant global concern, there are
substantial challenges in comprehending, predicting, and
preventing suicidal behavior. [46] introduced a robust audio
dataset and baseline models to predict anxiety and depression
severity. They collected 2674 audio samples from US and
Canadian residents via Amazon Mechanical Turk (mTurk),
having participants describe pictures while providing
demographic information. Spectral, voicing, linguistic,
generic, and acoustic features were extracted from the audio.
The authors trained Random Forest, Support Vector
Regressor, and Linear Regression models separately on
demographic, acoustic, and linguistic features. Mean
Absolute Error and Root Mean Square Error were used as
performance metrics. Support Vector Regressor (SVR)
performed best with demographic features, while positive
fluency excelled with task-specific linguistic features.

The traditional way of screening for detecting depression and
anxiety may not be effective enough in managing and treating
the mental health problems. Recent strides in natural
language processing and speech analysis facilitate enhanced
detection by fusing textual, acoustic, and hand-crafted
features. [47] introduced a multi-model system to detect
mental health issues utilizing the DEPAC dataset, merging
manually created and deep-learned auditory traits. Results
demonstrated F1 scores of 0.54 and 0.58 for anxiety and
depression with manual traits. Integrating deep-learned and
manual traits raised F1 scores to 0.57 for anxiety and 0.63 for
depression. Digital markers hold potential for upcoming
depression and anxiety screening.

The studies have shown the importance of diverse features in
assessing different kinds of mental health issues. However,
the increasing prevalence of anxiety disorders have
influenced the researchers to study more about these features
in order to evaluate the association between mental illnesses
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and these features. The following table 1 summarizes the
studied literature.

3. Methodological Approach

This review paper seeks to explore the features utilized by
researchers in the prediction of anxiety disorders. By
consolidating the existing body of literature, we aim to
classify and assess a vast range of features utilized in diverse
domains, encompassing acoustic, linguistic, physiological,
facial, psychological, and neuroimaging features. The related
work presented in this review elaborates the research studied
which have used different kinds of features in context of
mental health issues over a period of 2015 to 2024, describes
the methodology opted for the review, provides the review
based on the answer corresponding to designed research
questions and the major findings of this review followed by
an insight of future direction and conclusion.

3.1. Framing the research questions

What are different kinds of features being used by researchers
to assess different kinds of anxiety disorders.

3.2. Data Sources

Several data sources have been used in order to extract the
research papers for this study. In order to assess the diverse
range of academic publications, the IEEE Digital Library
(https://www.ieee.org/), ACM Digital Library
(https://dl.acm.org), ProQuest (https://www.proquest.com/),

(https://www.researchgate.net/) and Google Scholar
(https://scholar.google.com/) were also utilized as valuable
resources to conduct a thorough literature survey. By
incorporating these resources, the current study guarantees
the thorough investigation of conference papers, journal
articles, proceedings and other academic resources that align
with current research topic.

3.3. Keywords

According to designed inclusion and exclusion criteria,
research studies from 2007 to 2024 are considered in this
review. Several keywords have been used in order to retrieve
a good number of research studies that focus on prediction of
mental health issues at an early stage. In order to perform a
good database search, query strings were designed using the
keywords associated with this current literature and AND/OR
operators. Query string being used to enhance the search
quality are as follows: Anxiety disorder, Anxiety and speech,
Anxiety AND video data, Anxiety AND physiological,
Anxiety AND speech, Anxiety AND EEG, Mental Health
issues OR Anxiety AND acoustic features, Anxiety disorder
AND linguistic features, Social Anxiety, Generalized
Anxiety Disorder, Panic Disorder, Anxiety OR Social
Anxiety OR Generalized anxiety disorder OR Panic disorder
AND prosodic features, Anxiety OR Social Anxiety OR
Generalized anxiety disorder OR Panic disorder AND
acoustic features, Anxiety Disorder AND brain connectivity,
panic disorder AND deep learning. Anxiety AND disorder
AND deep AND learning, anxiety AND deep AND learning
AND speech, anxiety AND deep AND learning AND audio,
anxiety AND deep AND learning AND facial, mental AND
issues AND deep AND learning, anxiety OR mental AND

and PubMed (https://pubmed.ncbi.nlm.nih.gov/) were . . .
explored. Additionally, ResearchGate disorder AND machine AND learning.
Table 1. Summary of studied literature
Year References | Problem Features Results
In order to predict treatment response in SAD
2015 [48] Social Anxiety Disorder Neuro-imaging features | patients, brain connectomics outperformed clinical
measures with 81% accuracy.
2016 [43] Mood disorder Specch features g;cgérzacy: SVM-0.4983, MLP-0.4197, LSTM-
2017 31] Mental Health Issues Text-Based features Clasmﬁed posts into 11 different disorder themes
including non-mental health as well.
1.2% of the patients were found to be having high
2017 [33] Suicidal behaviour Clinical features risk Qf S}llcldal behaviour with 90 to 95% of
specificity.
Results have shown that the facial cues like head
2017 [38] Anxiety Visual features movement, eye and mouth activities are highly
associated with anxiety.
NN2Vec features extracted from audio words
Social Anxiety and outperformed the baselines with fl-score of 90.1%
2018 [49] Depression Speech features and 85.44% for detection of social anxiety and
depression respectively.
- 5 - -
2019 [44] Mood disorder Acoustic features EégTh;[st accuracy of 97.42 % achieved by using
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2020 139] Stress Fagial expression and For TSDNet: accuracy 85.42% and F1-Score 85.28
action movements
2021 [40] Social Anxiety Disorder Neuro-imaging features Sﬁg;lgosrfnlv([) ther models
clinical and Comorbid GAD associated with heightened clinical
2021 [34] GAD sociodemographic severity, featuring increased avoidant behaviours
features. and diagnostic markers in OCD.
. . Hand-curated acoustic Designed a rich audio dataset and baseline models
2022 [46] Anxiety and Depression and linguistic features for ditection of depression severity.
2022 ) MFCC voice feature Proposed MFCC-based RNN outperforms other
[45] Depression with an accuracy of 76.27% and RMSE value of 0.4
. Combination of deep learned + hand crafted gives
2022 [47] Anxiety and Depression Acoustic, hand-crafted, high F1 score for depression and anxiety as
and textual features.
compared to only hand crafted.
Despite the sample size and methods limitations, the
use of neuro-imaging (functional magnetic
2023 [50] Anxiety Disorders Neuro-imaging features | resonance imaging (fMRI)) features achieved up
to 90% of the accuracy for the detection of anxiety
disorders.
Multi-class models (LSTM, GRU) and hybrid
2023 51] D;:pression and Anxiety Text-Based features mod@ls (CNN-Bi—GRU, CNN+LSTM) are more
Disorders efficient in detecting depression and anxiety
disorders as compared to binary-class models.
Depression, Anxicty, and . 1D CNN model is more reliable for predicting '.[he
2024 [52] Stress ’ ’ Acoustic features severity level of several mental disorders like
depression, anxiety, and stress,
Random Forest classifier distinguish anxious
2024 [53] Anxious depression Neuro-imaging features sub]'ects Wlth. an accuracy of 80.2% and stated th?t
anxious subjects have more dysregulated brain
regions as compared to non-anxious subjects.

3.4. Inclusion Exclusion Criteria

This comprehensive review has followed systematic
literature review (SLR) process and adheres to the guidelines
recommended by PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses). To conduct this
comprehensive review, a total of 117 studies which assesses
the different kinds of anxiety disorders using acoustic,
linguistic, facial, psychological, neuroimaging, and
physiological features were considered. This study includes
all the relevant documents like dissertations, conference
papers, book sections, journal articles and review reports. The
studies which didn’t include any mental health disorder,
didn’t use any of the feature to assess anxiety disorders, not
written in English language, not completely accessible were
excluded from this evaluation. The total of 1231 studies (2015
to 2024) from different sources mainly Scopus, WoS,
PubMed, and other databases were collected to conduct this
comprehensive review analysis. The detailed overview of the
selection process for this review has been shown in figure 2.
Figure 3 shows the number of papers reviewed during the
year 2015 to 2024 with 2024 having the most papers.

4. Data Modalities

For mental health assessment, the utilization of diverse data
modalities has become a potential indicator for gaining a

comprehensive understanding of anxiety disorders.
Researchers have used different kinds of data modalities such
as textual data, video data, audio data, physiological data,
psychological data, and neuro-imaging data to assess the
different aspects of mental well-being of individuals. Textual
data, extracted from sources like online communities, and
social media, provides insights into individuals' linguistic
patterns, while video data captures non-verbal cues and
expressions. Audio data, encompassing speech features such
as prosodic, linguistic, and acoustic offers valuable auditory
information. Physiological data, including heart rate
variability (HRV), skin conductance, biological signals, and
electrodermal activity, provides a physiological perspective.
Psychological data delves into self-reported measures and
behavioral indicators, adding a subjective layer to the
assessment. Finally, neuro-imaging data allows researchers to
explore the functioning of brain activity using different
neuroimaging techniques such as MRI, fMRI, and PET. This
comprehensive approach enriches the scope of mental health
research, offering an insightful understanding of different
kinds of mental disorders. The following table 2 synthesizes
studies employing these diverse data modalities for
comprehensive examination of mental health issues.

The different data modalities play an important role in
developing the models for the prediction of different mental
health issues as well. Using these data modalities, researchers
extract different categories of features as shown in figure 4 in
order to assess the mental disorders. One of the studies
signifies the relevance of different data streams like
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smartphone sensor data, social media data, neuroimaging
data, and EHR data in developing the models for the
psychiatric issues prediction [54]

5. Features and Parameters
Anxiety disorders are a common type of mental illness that

affect millions of people worldwide. To allow early
intervention, individualised therapy, and improved patient

outcomes, it is essential to precisely anticipate and detect
these illnesses. Researchers have recently begun looking at
several approaches to predict anxiety disorders, using a range
of features collected from multiple modalities. These
characteristics provide insightful data on the acoustic,
linguistic, environmental, cognitive, behavioural, and
physiological components of anxiety. This section will
provide the detail of diverse features or parameters that can
be used to identify the anxiety and related mental disorders.

. Databases for Search:

: Google Scholar, Science *
: Direct, PubMed, Web of :
. Science, Scopus

Search based on query
string
No of records 1249

No of records after
removing
duplicates: 604

Y

54 Documents excluded I Document selected

! due to < based on
| q o] i publication type and
: quality of publication : quality: 152

<— based on Abstract and [---

Documents selected

keywords and year: 206

Y

56 Documents excluded E
due to: Not relevant to !
topic, Lack of finding, !
Poor quality, Duplicate ;

Document Selected after]
full text reading: 96

21 Documents included

Final Section: 117 based on addition search

Figure 2. Research paper selection process for the proposed review study using SLR.

2024
2023
2022
2021
2020
2019
2018
2017
2016
2015

o

5 10

15 20 25

Figure 3. Number of reviewed articles by year with 2024 having the most papers

Table 2: Studies using different kinds of features from different data modalities

Data . s e
Modality Reference Disorder type Objective of Study
Physiologi | [55] Anxiety Automatically identifying anxiety in college students using
cal deep features extracted from EEG data and finally performed
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Data classification of features using Takagi-Sugeno-Kang (TSK)
fuzzy system

[56] SAD The study aims at enhancing the EEG classification
performance for better disorder classification.

[57] GAD, SAD, and This study aims to assess the feasibility of automated screening

depression for GAD, SAD, and depression using physiological data
collected from an android app.

[58] ASD The objective of this study is to develop a dynamic anxiety
detection model using EEG signals.

[59] Anxiety This study aims at improving the anxiety detection accuracy by
comparing conventional approaches with ensemble learning
strategies.

[49] SAD and Depression This study aims at differentiating depressed speakers from
healthy control using acoustic features extracted from long
audio clips.

[60] Speech Anxiety (Social To utilize VR for speech anxiety detection using acoustic

Phobia) features of an individual.

. [61] SAD This study examines the correlation between social anxiety
Audio . .. . .
Data symptoms, emotion recognition, and changes in heart rate using

prosodic features (tone and pitch) as well as HRV.

[62] Anxiety disorder, To predict disorders like anxiety, bipolar and depression using
depression, and bipolar acoustic features (MFCC) by performing voice analysis on
disorder audio data.

[63] Anxiety and Depression | To develop an effective audio-based model for anxiety and

depression detection.

[64] Depression and Anxiety | The study aims at enhancing the automatic prediction of
anxiety and depression using the facial features (head pose, eye
gaze. And facial action units).

Video [65] Depression and Anxiety | This study developed a computational methodology to
Data precisely identify depression and anxiety through dynamic
facial expressions descriptors.

[66] State anxiety To visualize the impact of state anxiety in SAD patients vs
healthy controls by analyzing their gaze behaviour.

[48] SAD To investigate whether the brain connectomics surpass the
clinical measures in predicting treatments response for SAD.

[67] PD To investigate how comorbid depression influences neural
substrates during fear conditioning and evaluate machine
learning's capacity to predict comorbidity status based on
neural characteristics in panic disorder with Agoraphobia.

Neuro- [68] GAD This study aims at examining the relationship between
Imaging amygdala functional connectivity, emotion regulation, and the
Data evolution of GAD symptomatology over the span of a year.

[69] Anxiety-related This study aims to explore how inflammatory stimuli in
disorders anxiety-related disorders affect brain, focussing neuroimaging.

[70] GAD To predict GAD using neuro-imaging biomarkers along with
machine learning techniques.

[71] GAD and Depressing To classify GAD, DD, and healthy controls by analyzing their

Disorder (DD) brain mechanisms using EEG signals.

[72] Anxiety To explore anxiety disorders using social media (reddit posts)

[73] Depression and PTSD To identify depression and PTSD in individuals by collecting
data from social media (twitter posts).

Text- [74] Depression and Anxiety | This study used Twitter posts in order to identify depression
based and anxiety and introduces a dataset for binary tweet
Data classification.

[75] Anxiety, depression, To categorize the individuals in different groups having
bipolar different mental disorders using the textual based data collected

from their Reddit posts.
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[51] Depression and Anxiety

To develop a multimodal approach to identify mental disorders
like anxiety and depression using twitter data.

[76] Generalized Anxiety

Disorder

To detect Multi-Aspect GAD using textual data from social
media.

The primary objective of this section is to play a constructive
role in enhancing the diagnosis of different kinds of anxiety
disorders by consolidating the present understanding on
features-based prediction. Several features used by different
researchers in order to diagnose the mental health issues are
acoustic features, linguistic features, facial features, prosodic
features, psychological features, physiological features, and
neuro-imaging features.

5.1. Acoustic Features

These features play an important role in the diagnosis process
of anxiety disorders as these features can be measured and
analysed efficiently. Acoustic features are usually extracted
from the sound comprises of pitch, voice quality, speech rate,
prosody, and pause duration. [77] in their study illustrated the
use of acoustic features for the diagnosis of social anxiety
disorder. Having a verbal communication with control and
SAD patients, acoustic features were examined which results
into longer communication duration with SAD patients (avg.
duration of 1913 seconds for 6 questions) as compared to
control participants with avg. duration of 1012 seconds as
they took more pauses and inter pausal units. Acoustic
features have been widely used along with other data
modalities by several other studies for SAD [78,79].
Moreover, the association of voice acoustic measures of
speech with mild symptoms of depression and anxiety has
also been done by [80]

5.2. Linguistic Features

Leveraging linguistic indicators from natural speech offers
promising solutions, enabling the creation of a digital
phenotype for different kinds of mental health assessment
[81-83]. Linguistic indicators encompass diverse attributes
related to the language used by any individual which mainly
includes word count, linguistic inquiry, speech pattern,
sentence formation etc. Social media posts have proven to be
a potential source for collecting text-based data for the
assessment of different kinds of mental disorders. Researchers
have already worked in order to evaluate the association
between data collected from different social media posts and
mental disorders like depression and anxiety [84]. [85] in their
study made use of twitter posts in order to diagnose the
individuals with different levels of anxiety.

One of the studies examined both the acoustic and linguistic
features and predicts the presence of GAD using logistic
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regression and random model [86]. In order to capture the
linguistic features, the authors have used the linguistic inquiry
and word count (LIWC) as a primary attribute in their study.
With the use LIWC, the authors narrowed down to 80
pertinent features excluding certain punctuation and informal
language. [87] contribute to research in linguistic analysis by
examining the linguistic features in online reddit posts. The
main objective of his study was to facilitate the online
intervention and provide insights into patients' mental health
condition.

5.3. Facial Features

An essential component for understanding the emotions of
individuals in order to diagnose the mental health issue can be
efficiently done with the use of one’s facial expressions.
Facial features are proved to be a potential indicator of mental
health and emotional state of any individual. One of the
studies had analyzed facial expressions of the individuals
having SAD in comorbid with schizophrenia (SZ) and healthy
controls [88].

5.4. Prosodic Features

Prosodic features subcategory of acoustic features are the
aspect of speech only, but these features are more related to
expressive and emotional quality of speech like variation in
pitch, tone, rhythm, loudness, etc[89] in their study made use
of prosodic features along with facial expressions in order to
analyze how SAD patients can understand the emotions.
Further studies have tracked the advancements of speech
therapy in SAD patients by incorporating audio and video data
modalities thus providing a framework for feature extraction
[90]. This study has extracted several prosodic features
(rhythm, timing, and intonation) form the individual’s speech
for the interpretation of results. Moreover, the importance of
prosody along with other acoustic features like MFCC, and
Zero Crossing Rate (ZCR) has also proved to be an effective
measure for anxiety screening [91].

5.5. Psychological Features

In the assessment of mental health issues like anxiety,
depression, and mood disorders, psychological features are
also of great significance because they can provide subjective
measures that gives valuable insights into an individual's
mental state.
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Figure 4. Overview of different data modalities used for assessment of mental disorders.

One of the studies used the smartphone data along with the
Generalized Anxiety Disorder-7 (GAD-7) self-assessment
report collected from 229 participants over a period of 14 days
in order to assess and differentiate the GAD patients from HC
[92]. The authors in their study collected psychological data
along with machine learning techniques (gradient boost and
regression modelling) and stated that gradient boost
outperforms the regression modelling with an accuracy of
76%.

5.6. Neuro-imaging Features

Significant advancements in neuroimaging data have been
achieved in pinpointing the neural foundation of anxiety
disorders [93]. Thus, the use of neuro-imaging features
(primarily related to brain activity) for the evaluation of
anxiety disorders represents an advanced approach that
provides valuable information about the neural processes
behind anxiety, thereby improving the diagnosis and
treatment procedures. Several neural biomarkers used by
different researchers have been commonly discovered
through neuroimaging methods like fMRI and EEG. Several
studies have been done which have used the neural wearable
sensors as well in order to assess the anxiety symptoms in
individuals. [94] in their studies predicted the treatment
responses of SAD patients with the use of different categories
of data (genetic, demographic, clinical, and neuro-imaging).
The results have shown that prediction outcomes obtained
from the neural activities outperforms other variables.

[95] in their studies made use of different electronical
biomarkers like EEG, brain connectivity, and ERP (neuro-
imaging features) for the prediction of social anxiety disorder.
This study also stated that a combination of these predictors
along with MRI and fMRI can give better results. One of
another studies [96] aims to explore unique brain network
connectivity patterns in individuals with GAD and healthy
controls, with the potential to function as diagnostic
indicators. Analysing resting-state functional MRI data from
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20 GAD patients and matched controls, scientists identified
nine consistent connectivity patterns that exhibited significant
distinctions between the two groups. The study also assessed
effective connectivity among these brain regions, revealing
reduced connectivity in individuals with GAD. The
application of these neural connectivity metrics to a
classification model achieved an accuracy of 87.5%,
underscoring their potential as robust biomarkers for GAD.
Signifies the importance of fMRI features along with machine
learning technologies in distinguishing the anxiety disorder
patients form healthy controls [50].

[92] introduced a novel approach in order recognize anxiety
and depression by integrating deep learning with
neuroimaging technique on the basis of EEG data.

5.7. Physiological Features

The physiological features like skin conductance, HRV,
respiratory rate plays a crucial role in analyzing the mental
state of any individual. Several studies revealed that the
physiological features play a vital role in providing objective
measures for one’s psychiatric state and stated that skin
conductance is one of most important objective measures for
detecting one’s anxiety level [97,98]. The researchers in their
study [99] used skin conductance response in order to gauge
the psychological arousal linked to recollection of extinction
and fear conditioning in patients of anxiety disorders.

Several studies have used these features in order to track,
predict, and assess the symptoms of different kinds of anxiety
disorders. [100] in their study measured how HRV fluctuates
in individuals having anxiety disorders and one’s without
anxiety disorders by collecting data through wristband
sensors. One of the studies made use of smartphone sensors
in order to predict the change in anxiety symptoms in future
[101]. Using smartphone application, the data of 32
participants like their location, social interaction, light
exposure, and physiological information has been gathered.
The results have shown that the smartphone sensors along
with customized deep learning techniques has accounted for
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74.8% of the total variation in anxiety symptoms which is
considered as a high degree of predictability.

Another study aimed at forecasting the long-term progression
of anxiety symptoms in patients having GAD and PD by using
actigraphy data (behavioral/physiological signals) to record
daily movements and sleeping pattern at day and night
respectively extracted from wearable sensors [102]. [103] in
their study created an automated recognition system for three-

Included

level anxiety identification using physiological data
(vasoconstriction, HRV) and virtual environments. [104] in
their research emphasized the significance of physiological
data like sleep data and activity tracking in screening anxiety
and depression. Moreover, respiratory signals are also being
used by researchers in order to develop anxiety detection
systems [105].
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Figure 5. Flow chart of data collection of studies using diverse range of features for different disorders.

In context of assessing the mental state of any individual,
these features play a vital role and are proved to be a potential
indicator. Moreover, the integration of these features can
enhance automated detection of mental disorders like
depression and anxiety disorders in individuals [106]. One of
the studies aims to enhance comprehension of the multimodal
expression of social stress in adolescents with ASD compared
to neurotypically developing (TD) peers by fusing the
different categories of features mainly speech (acoustic-
prosodic) and physiological (heart rate) [107]. [108] in their
study, extracted informative characteristics of self-rated
mental health issues (depression, anxiety and other
psychiatric disorders) through the analysis of multimodal
features (vocal, facial, and linguistic) extracted from remote
interviews.

The outlined flow chart as shown in figure 5 illustrates the
step-by-step procedure for systematically collecting the data
related to the use of these features for different kinds of
anxiety disorders. A comprehensive analysis has been done
by doing the detailed literature survey followed by inclusion
and exclusion criteria. In order to enhance the data quality,
additional refinement has been done in which only those
studies were included which made use of specific kinds of
features (acoustic, linguistic, facial, prosodic, psychological,
neuro-imaging, and physiological features). Several
researchers have widely used these features in their studies in
order to predict and assess different kinds of mental health
issues.

Table 3 Studies using different kinds of features for assessing and predicting the anxiety disorders

Features

Study

Acoustic | Linguistic | Facial

Prosodic

Neuro-

Psychological imaging

Physiological

[109]

x

[77]

[110]

[111]

[89]

[112]

[113]

[114]

[115]

[116]

[117]

[88]

[95]
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[118]
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[61] x x x v x x v
[119] v v x v x x x
[86] v v x x x x x
[120] v x x x x x x
[121] x x x x v x x
[101] x x x x x x v
[122] v x x x x x x
[123] x x x x x v x
[124] x x x x x x v
[125] v x v x x x v

As shown in table 3, the researchers have used different kinds
of features like linguistic, facial, prosodic, psychological, and
acoustic extracted from text, audios, and videos of the
participants in order to assess and predict the severity of
different kinds of anxiety disorders. This study shows that the
features from different modalities have the potential to
successfully diagnose the mental health issues. In this
comprehensive review, the use of different data modalities
over five distinct time period ranges 2015-2016, 2017-2018,
2019-2020, 2021-2022, and 2023-2024 have also been
analysed as shown in figure 6.

From the given figure, we can clearly analyse the patterns that
indicate a significant rise in research efforts involving
different data modalities throughout the years. In context of
speech data, there is a noticeable increase in the studies
moving from 4 during 2015-2016 to 21 within the 2023-2024
timespan which signifies a growing preference for using
speech data modality for anxiety prediction [126,127] The use
of physiological features in different studies has also
demonstrated significant relevance in the context of anxiety

prediction evidenced by a noticeable upswing, with the
number of studies increasing from 8 to 25 in the given
timespan [95,128-131]. Moreover, across the years, there has
been an increasing emphasis on incorporating text, video,
psychological, and neuroimaging modalities in anxiety
prediction research as well [38].

6. Discussion and Implications

As per the literature studied for detection of anxiety disorders,
the researchers have used different kinds of data modalities
from which the multiple set of features have been extracted
like acoustic, linguistic, facial, prosodic, psychological,
neuro-imaging, and physiological features. This review aims
to summarize the use of different features sets across the years
span of 2015-2024 trying to find the maximum used feature
set in the field of anxiety disorder detection. The below given
figure 7 answers the research question which clearly
demonstrates the use of diverse features used by different
studies across time period 2015 to 2024.

psychological NN I
neuroimaging [N ]
text [ I
physiological NN ]
video [N I
speech NN ]
0 10 20 30 40 50 60 70 80 90
W 2015-2016 m2017-2018 2019-2020 2021-2022 m2023-2024

Figure 6. Distribution of studies using different data modalities across Time Periods (2015-2016, 2017-2018,
2019-2020, 2021-2022, 2023-2024) on the basis of search queries
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multimodality features

physiological

psychological

neuroimaging

Figure 7. Distribution of studies using different features across Time Period (2015-2024)

From this figure, we can clearly see that after multimodality
features, 19% of the total studies used physiological features
in order to predict anxiety and thus its proved to be a
significant potential biomarker for anxiety assessment. These
studies have used HRV, EEG, skin conductance, and other
biological signals in order to assess one’s mental state. On the
other hand, 13% of the studies used speech as a potential
biomarker for anxiety assessment. Several different

categories of speech features have been extracted from the
audio samples of individuals such as prosodic, acoustic, and
linguistic. Prosodic features have been used by the studies to
assess segmental characteristics of one’s speech which
includes speech rate, number of pauses, and pitch contour.
Acoustic features have been used to refer physical properties
of the speech which includes frequency (fo), amplitude
(intensity), resonant frequency, ZCR, MFCC, and duration.
On the other hand, several studies have extracted linguistic
features which refer to the content of the audio samples being
collected and include word frequency, word choice, syntax,
and vocabulary size. This evaluation clearly shows that 11%
of the latest studies have used neuro-imaging features which
helps in understanding the brain activity patterns of
individuals which in turn gives intense information about
one’s mental state. The studies have used several different
techniques like fMRI, EEG, and Positron Emission
Tomography (PET) in order to capture brain activity patterns
of individuals.

Other features like psychological and video have been used
by 10% of the studies. Earlier studies used questionnaire and
survey report in order to assess one’s mental health. Several
different scales like GAD-7, State-Trait Anxiety Inventory
(STAI), Hamilton Anxiety Rating Scale (HAM-A), and Beck
Anxiety Inventory (BAI) have been used by studies in order
to capture the information regarding their mental health.
Whereas video features like visual behaviour, and eye
movement being extracted from one’s video recording have
been widely used by several latest studies. Textual features
also play a vital role in capturing one’s emotional state.
Nowadays, social media and other online communities are
being widely utilized by the individuals, where they share
their daily routine activities. Studies are using such social
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media posts in order to analyze one’s emotional state. For
example, the use of stressful expressions, use of recurrent
negative words are a linguistic indicator of anxiety.

These results clearly show the implication of multimodality
features which are combination of one or two different kinds
of features. 29% of the studies have used the multimodality
features, because the use of diverse set of features helps
practitioners to assess anxiety from several different
perspective by focusing more on one’s physiological state.
The combination of several features like textual, acoustic, and
visual or textual and acoustic, or psychological and speech,
and so on provides more accurate assessment of anxiety by
delving deeper into one’s mental state.

7. Conclusion

This review paper has provided the details of different
features extracted from different categories of data modalities
which further helps in predicting various kinds of anxiety
disorders. To conduct the comprehensive review, in this paper
117 research studies were considered in the field of anxiety
disorder using different categories of features. For the
identification of various anxiety disorders like SAD, GAD,
PD, and ASD, all kinds of data modalities along with deep
learning classifiers have shown encouraging results in terms
of accuracy, specificity, and sensitivity. In addition, this
review paper accentuates the importance for timely evaluation
of anxiety disorders, recognizing their early emergence and
enduring consequences on individuals' daily functioning
using different categories of features such as prosody,
linguistic, acoustic, facial, psychological, neuroimaging, and
physiological. By employing neuroimaging biomarkers,
researchers have gained valuable insights into daily
fluctuations of anxiety levels.

8. Limitations and Future Work

This review paper highlights some limitations;(1) more focus
on individual data modalities, partially overlooking the fusion
of diverse data modalities;(2) temporal scope spanning from
2015 to 2024 may overlook the advancement in data
modalities resulting into the heterogeneity of the including
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studies. Despite the promise exhibited by these modalities in
assessing the various anxiety disorders, there is still abundant
space for additional research and advancements. Future
studies in the field of mental health assessment may explore a
variety of avenues. To begin with, creating multi-model
approach that use several data modalities might help improve
prediction accuracy of anxiety disorder.
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