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We investigated the fusion of the Intelligent Internet of Medical Things (IIoMT) with depression management, aiming to
autonomously identify, monitor, and offer accurate advice without direct professional intervention. Addressing pivotal questions
regarding IToMT’s role in depression identification, its correlation with stress and anxiety, the impact of machine learning (ML)
and deep learning (DL) on depressive disorders, and the challenges and potential prospects of integrating depression management
with IToMT, this research offers significant contributions. It integrates artificial intelligence (AI) and Internet of Things (IoT)
paradigms to expand depression studies, highlighting data science modeling’s practical application for intelligent service delivery
in real-world settings, emphasizing the benefits of data science within IoT. Furthermore, it outlines an IIoMT architecture for
gathering, analyzing, and preempting depressive disorders, employing advanced analytics to enhance application intelligence. The
study also identifies current challenges, future research trajectories, and potential solutions within this domain, contributing to the
scientific understanding and application of IIoMT in depression management. It evaluates 168 closely related articles from various
databases, including Web of Science (WoS) and Google Scholar, after the rejection of repeated articles and books. The research
shows that there is 48% growth in research articles, mainly focusing on symptoms, detection, and classification. Similarly, most
research is being conducted in the United States of America, and the trend is increasing in other countries around the globe. These
results suggest the essence of automated detection, monitoring, and suggestions for handling depression.

Keywords: AL Al for depression; anxiety; future intelligence; IoMT for depression; I0T; IoT for depression;
medical intelligence; mental disorder; psychological disorders

1. Introduction Health Organization (WHO), depression was expected to be

the second most common cause of disability in 2020 [2],
Pandemic situations have altered human behavior recently,  impacting 50 million people worldwide, 80% residing in
causing psychological and neurological alterations that have  developing countries [3]. Human psychological illnesses such
triggered melancholy and anxiety [1]. According to the World ~  as anxiety, depression, and mood swings are linked to human
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behavior [4] and eating disorders [5]. The increasing neu-
ropathologies brought on by common neurodegenerative
diseases, including Alzheimer, Parkinson, and Huntington,
have been connected to the detrimental effects of depression
on the human brain [6, 7]. Anxiety and sadness have showed
to affect health and quality of life (QoL) negatively [8]. It has
been noted that stress is more effective in females than in
males and causes depression and tension, which affects the
physiology of neuroimmune repercussions [9].

The state of one’s mental health has a significant impact
on both personal and societal well-being. According to
WHO, mental illness is a significant global public health
problem [10, 11]. In terms of one’s own and overall mental
health, depression is considered a severe medical condition
that can affect anyone, regardless of age, gender, or socio-
economic standing [12-14]. A person’s lifestyle may be
negatively impacted by depression, which could impede
their social life [15]. In addition, symptoms of clinical de-
pression include melancholy, loss of appetite, irregular sleep
patterns, guilt, and difficulty making decisions, all of which
can lead to attempts at self-harm [16]. Depression is linked
to physical sickness, significant cognitive impairment, and
poor therapeutic outcomes across various populations [15].
There are several time-consuming diagnostic procedures for
diagnosing depression. In addition, the majority adhere to
patient self-reporting or self-diagnosis [13], and they fre-
quently seek the advice of psychiatrists or psychologists
[12, 14]. In other words, several tried-and-true ways for
diagnosis call for qualified medical personnel. Due to
overlapping symptoms of many diseases, misdiagnosis is
likely, which raises the risk of persistent major depression. In
order to treat depressive disorders effectively and speed up
recovery, diagnosis is a crucial step.

Learning, reasoning, problem-solving, creativity, emo-
tional intelligence, perception, and memory are just a few of
the cognitive skills that make up intelligence. Intelligence has
been intensively studied in a number of disciplines, in-
cluding psychology, neuroscience, and artificial intelligence
(AI). Different types of intelligence, including linguistic,
logical-mathematical, spatial, musical, bodily kinesthetic,
interpersonal, and intrapersonal intelligence, are proposed
by a number of theories of intelligence, including Gardner’s
idea of multiple intelligences [17]. Intelligence is highly
valued in society and is essential for the development of
intelligent machines such as AI and robots and for social
interaction [18].

The Internet of Things (IoT) is a network of physical
items, machines, and vehicles that are equipped with sen-
sors, software, and other technologies and that communicate
with other objects, machines, and systems over the Internet
to exchange data [19, 20]. Numerous industries, including
healthcare, manufacturing, transportation, agriculture, and
smart cities, have numerous uses for the IoT. IoT devices
have the ability to gather data that may be analyzed to learn
more, improve procedures, and come to wise judgments.
Technology improvements such as low-cost sensors, wireless
communication, and cloud computing that make it simpler
and more economical to link objects and gather data are
what are causing the IoT to grow.
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The term Internet of Medical Things (IoMT) describes
a network of Internet-connected healthcare technologies,
including wearables, sensors, and medical devices [21, 22].
IoMT devices can gather a variety of information, including
vital signs, medication adherence, patient behavior, and
environmental factors. This information can then be ana-
lyzed in real time to give insights into a patient’s health
status. By enhancing patient outcomes, cutting costs, and
expanding access to care, [oMT has the potential to revo-
lutionize the way healthcare is delivered [21]. IoMT tools,
such as blood glucose monitors, smartwatches, wearable
fitness trackers, and remote patient monitoring systems, can
be utilized to follow chronic diseases, spot early disease
symptoms, and offer remote consultations and diagnostics.
Previously, Chen et al. [23] designed an intramodal and
intermodal fusion framework for Corpus-based depression
detection using IoMT. Sharma et al. [24] introduced an
automatic detection system based on IoMT for depression
detection. Kumar et al. [25] introduced a neurosymbolic
classification model for depression using IoMT. Jeya Daisy
et al. [26] used IoMT for early stage depression detection.

AT and ML technologies [27, 28] are incorporated into
the IoMT ecosystem under the Intelligent IoMT (IIoMT)
umbrella. Al algorithms [29, 30] are used by IIoMT devices
to analyze enormous volumes of patient data in real time,
spot trends, and forecast a patient’s state of health. IloMT
can enhance medical imaging accuracy, support drug re-
search and development, and enable more precise diagnoses
and individualized treatment strategies. To fully realize the
potential of IIoMT in altering healthcare delivery, issues
including data privacy and security, standardization, in-
teroperability, and potential bias in Al algorithms must be
addressed. Previously, Misgar and Bhatia [31] introduced an
[IoMT-based approach for depression (unipolar and bi-
polar) detection.

L.1. Related Work. As far as we know, there is no study that
combines Al with IoT for automatic depression diagnosis,
classification, monitoring, and guidance. Some methods use
a manual process rather than an autonomic system to an-
alyze, categorize, and monitor depression. Such systems are
useful in a range of scenarios as IoT devices are frequently
considered for specialized applications (such as monitoring
of diseases). IoT data analysis is necessary for a single type of
device being considered by one business, and for various
device types that multiple enterprises are investigating. The
application of integrated Intelligent IoT settings such as
smart healthcare will boost the ubiquity of such a diverse
range of devices. This demonstrates the growing need for
quick, accurate IoT medical data analysis that can handle
abnormalities such as sadness, stress, and anxiety. The main
reason for doing this study is to analyze the existing systems
to discover which functionalities they offer and where they
fall short of those required for IoT medical data analytics to
create new solutions.

Previously, the authors [32] examined the possibility of
predicting therapy response in depression using deep
learning (DL) algorithms. It emphasizes eight trials with
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impressively high rates of around 80% accuracy in predicting
treatment response. Small sample numbers are still a sig-
nificant disadvantage for these studies, though. DL has
enormous potential to transform the practice of psychiatry
and depression treatment toward personalized medicine, but
more research is required to expand dataset sizes and en-
hance the readability of outcomes. In [33], sentiment
analysis methods for diagnosing depression using text,
emoticons, and emojis from social media are reviewed. DL
techniques for multiclass classification are proven to be the
most accurate. Sentiment analysis, which can be positive,
negative, or neutral, is helpful for understanding opinions
and feelings in a variety of circumstances. Data are cate-
gorized using machine learning (ML) and DL algorithms
according to the polarity of the sentiment [34-36]. In [37],
the authors contrasted classical ML versus DL for the au-
tomated diagnosis of depression using electroencephalo-
gram (EEG) signals [38]. The review examines EEG-based
biomarkers, data-gathering methods, and multimodal data
fusion while comparing a range of signal processing and
classification techniques used in the literature. The paper
also briefly discusses the use of EEG signals and ML ap-
proaches to predict the treatment outcome response for
depression.

The application of DL algorithms for the early identi-
fication and nonclinical diagnosis of depression, self-harm,
and suicide thoughts from online social network in-
formation was described by authors in [39]. A systematic
literature study thoroughly covered the state-of-the-art
methodologies, features, datasets, and performance in-
dicators. The document covers research gaps, difficulties,
and potential future paths in the area of mental health
surveillance. The authors [40] examined the application of
DL for oral and visual cue-based automatic depression
identification. The DL techniques utilized for depression
detection were explained together with the databases and
objective markers used for depression estimation. The use of
AT for the automated detection of adolescent anxiety and
depressive disorders—risk factors for suicide behav-
iors—was covered by the author in [41]. Their review
summarizes the current research showing the positive effects
of Al tools in this field and suggests combining features from
DL models in the future work. Although using AI tech-
nologies for suicidal thoughts exhibits certain drawbacks,
the benefits outweigh them, making it a useful suicide
prevention strategy [42]. The authors discussed the DL
techniques for depression detection as well as databases and
objective indicators utilized for depression assessment.

Moreover, wearable devices-based AI algorithms have
been used to diagnose depression due to the shortcomings of
conventional methods. Abd-Alrazaq et al. [43] reviewed
wearable AT’s efficacy in identifying and forecasting de-
pression systemically. Although it is still in its infancy and
not suitable for application in clinical practice, wearable
devices-based Al algorithm is a potential tool for depression
diagnosis and prediction. Wearable device-based Al algo-
rithms should be used in conjunction with other techniques
for diagnosing and forecasting depression until more re-
search improves its performance. The effectiveness of

wearable device data and neuroimaging data needs to be
investigated further, as well as how to distinguish individuals
with depression from those with other conditions.

The literature on AI and IoT for depression is rich.
However, no review to date has widely studied all of the
technologies that comprise combined IIoMT depression
systems. In this review, we examined how Al and IoT can be
used together to design an accurate, robust, and explainable
IIoMT system for depression. Table 1 compares the current
review related to depression with AI and IoT.

1.2. Research Questions of This Survey. The main goal of this
review is to describe, categorize, and analyze depression and
its integration with IIoMT for automatic advice and mon-
itoring without the need for a physician or psychologist.
Consequently, we aimed in this survey to answer the fol-
lowing questions:

¢ What are the primary characteristics of depression and
its associations with other psychoneurological con-
ditions, such as stress and anxiety?

e What are the significant associations between de-
pression and oxidative stress, inflammation, and mi-
tochondrial dysfunction?

e What is the principle role of ML and DL models in
understanding and addressing depression?

e How can IToMT help with depression identification,
monitoring, and management automatically?

e What are the global research trends of depression with
Al IoT, IoMT, and IIoMT?

e What are the difficulties, drawbacks, and prospects for
depression and IIoMT integration?

1.3. Key Contributions of This Survey. Integrating Al and IoT
will broaden the scope of our studies on depression. In order
to comprehend the notion of data science modeling and
deliver intelligent services in practical settings, a thorough
explanation of it, including everything from business diffi-
culties to data products and automation, is crucial. Hence,
this survey paper integrates the IoT, IoMT, and AI with
depression for autonomic diagnosis, classification, moni-
toring, and guidance. The paper also quickly discusses the
benefits of data science for the IoT. Similarly, it aims to
address pivotal questions regarding IIoMT’s role in de-
pression identification, its correlation with stress and anx-
iety, the impact of ML and DL on depressive disorders, and
the challenges and potential prospects of integrating de-
pression management with IIoMT. The key contributions of
our work in this manuscript are as follows:

o This paper covers the gaps that exist in the current
literature, as presented in Table 1. The major contri-
bution is to provide a comprehensive and structured
overview of extensive research on the integration of
IoMTand AI with depression for autonomic diagnosis,
classification, monitoring, and guidance of depression
and anxiety.
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TaBLE 1: Comparison of the current review in AI and IoT for depression.

This

Ref. [32] [33] [37] [39] [40] [41] [42] [43] [44] work
General v X v v v v v v v v
Depression background Types X X v X X X v X v v
Association with others X X X X X v X X v v
Questionnaire X X X X v X X X X v
Monitoring of depression Machine learning X v v X X v v v v v
Deep learning v v v v v v v v v v
Challenges and issues X X v v X v v v v v
Architecture for IIoMT in depression X X X X X X X X X v
Bibliometric analysis X X X X X X X X X v
Preventive measures X X X X X X X X v v
New perspectives X X v X v X v X v v

Note: /: available; X: not available.

e This paper outlines the IIoMT architecture for col-
lecting, analyzing, monitoring, and preventing de-
pressive disorders. Employing IToMT to identify, track,
and analyze depression, including applying sophisti-
cated analytics techniques to enhance the apps’ in-
telligence and capabilities.

e This paper discusses and assesses the applicability and
value of IoT-based approaches in various real-world
application fields by contrasting the traditional and
intelligent approaches.

e This paper highlights and discusses the IIoMT’s bib-
liometric analysis in the context of depressive sce-
narios. Along with this, it identifies and describes
current problems, potential directions for future study,
and potential fixes.

1.4. Organization of the Survey. The rest of the work is
organized as follows: Section 2 discusses about methodology
related to our paper. Section 3 discusses the understanding
of depression based on biology and medical prospects.
Section 4 focuses on the detection, monitoring, and analysis
of depression, and Section 5 discusses the performance
indicators. Section 6 explains the architecture of IIoMT.
Section 7 discusses IIoMT prevention strategies. Section 8
covers the bibliometric analysis based on several parameters.
Sections 9 and 10 present the discussion and main issues.
Section 11 discusses future possibilities and potential so-
lutions. Section 12 discusses conclusions.

2. Methods

This survey’s primary goal is to look into the potential
benefits of using IIoMT for the automatic detection, mon-
itoring, and guidance of depression and its associated
outcomes. To accomplish this goal, we examined how in-
telligent methods (DL and ML) combined with IIoMT
improve human well-being via early detection and moni-
toring of depression. There are two potential dangers that
could compromise the accuracy of this survey: improper
data extraction and inadequate primary study selection [22].

We have filtered the document based on research topics and
a variety of relevant keywords to lessen potential dangers.

2.1. Search Strategy. We gathered crucial data from multiple
databases, including Elsevier, IEEE, Springer, ACM, Hin-
dawi, Wiley, Taylor and Francis, Nature, Google Scholar,
PubMed, and Web of Science (WoS), in order to respond to
the aforementioned research questions. A bibliometric
analysis was conducted for this analysis using a standardized
search technique. The search method involved using specific
keywords such as “AI” AND “Depression,” “Artificial In-
telligence” AND “Depression,” “ML” AND “Depression,”
“Machine Learning” AND “Deep Learning,” “Internet of
Things” AND “Depression,” “IoT” AND “Depression” and
“IoMT” AND “Depression” in the article’s title, abstract, and
keywords. The study covered all pertinent original publi-
cations, reviews, and research letters that contained the
given keywords, and 378 articles were selected.

2.2. Study Selection. The IIoMT for depression identifica-
tion, monitoring, and analysis was the main topic of this
research. Articles authored in languages other than English,
duplicate articles, books, and reviews covering the same
subject were eliminated. In a similar vein, articles that
failed to match our pre-established inclusion criteria based
on abstract and title screening were also disqualified. More
than 200 articles were rejected that did not meet the
conditions of this manuscript.

2.3. Data Extraction. Using a predetermined data extraction
form, we took information from the chosen papers, such as
sample size, study design, outcome measures, intervention
specifics, and major findings. After eliminating communi-
cations, books, editorials, and chapters, 278 research papers
were selected. Among them, 110 were excluded as they were
repeated techniques or applications without any extension
or expansion of application. Finally, 168 research papers
closely addressing the aims and scope of this manuscript
were considered. The quality and bias risk of the included
studies were assessed using a standardized approach. A
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majority of the studies focused on detecting, monitoring,
and tracking physiological responses of depression using
IToMT devices were included.

3. Understanding of Depression Based on
a Biomedical Perspective

In this section, we delved into an analysis of depression
subtypes and their correlations with various psychoneuro-
logical conditions (Figure 1) [44]. Moreover, we explored the
intricate interplay of oxidative stress, inflammation, and
mitochondrial dysfunction within the context of depression.

3.1. Types of Depression. Depression is a mental disorder
characterized by various symptoms, such as depressed
moods, loss of interest in previously enjoyed activities,
changes in eating and sleep patterns, lack of energy, and self-
deprecating thoughts [45]. In rare situations, people who are
depressed may also have trouble concentrating and have
suicidal thoughts. Depending on the length and intensity of
the symptoms, as well as any underlying causes, depression
can be divided into many categories:

3.1.1. Major Depressive Disorder (MDD). MDD, referred to
as clinical depression, is a mental health condition that is
characterized by a persistent sense of hopelessness, pessi-
mism, and a lack of interest or pleasure in once-enjoyed
activities. While the signs and symptoms of MDD can differ
from person to person, they frequently involve a combina-
tion of protracted sadness, boredom with activities, changes
in appetite or weight, insomnia or excessive sleeping, ex-
haustion or a loss of energy, feelings of worthlessness or
excessive guilt, difficulty concentrating or making decisions,
and thoughts of death or suicide. These signs and symptoms
must last at least 2 weeks and impair daily functioning in
order to qualify for an MDD diagnosis. It should be noted
that these symptoms cannot be caused by a disease or drug
addiction. Although the causes of MDD are complex and not
entirely understood, a combination of genetic, environ-
mental, and biochemical variables are thought to be the
starting point [46]. Combining treatment and medication is
widely used to treat MDD. Some typical methods used to
treat MDD include psychodynamic therapy, interpersonal
therapy, and cognitive-behavioral therapy (CBT) [47]. IPT
focuses on enhancing interpersonal connections, CBT
identifies and changes negative thought patterns and be-
haviors, and psychodynamic therapy explores unconscious
thoughts and feelings that could contribute to depression.
Antidepressants are one type of drug that is frequently used
to treat MDD.

3.1.2. Persistent Depressive Disorder (PDD). Dysthymia,
commonly referred to as PDD. It is a kind of depression that
is chronic and lasts for at least 2years. This disorder is
characterized by a recurring sense of melancholy or de-
pression accompanied by multiple symptoms, such as low
energy, an uncontrollable need to overeat, trouble sleeping

or excessive sleeping, low self-esteem, poor attention, and
thoughts of hopelessness [48]. PDD frequently displays
milder symptoms that last for a longer period of time than
MDD, which is characterized by more severe symptoms that
might interfere with daily life. However, it is crucial to
remember that PDD is just as treatable as MDD, given how
much of an impact it may have on a person’s QoL and how
much more likely they are to experience other mental health
issues such as anxiety or substance addiction. PDD is
thought to be brought on by a confluence of environmental,
genetic, and psychological factors. However, its exact causes
are unknown. Along with antidepressant medicines to treat
the symptoms, CBT, IPT, and other forms of therapy are
frequently used to treat PDD.

3.1.3. Bipolar Disorder (BPD). BPD involves intense mood
swings. It features highs called manic or hypomanic episodes
and lows known as depressive episodes. These fluctuations
occur alongside periods of stable mood. Bipolar illness
sufferers may have heightened or irritated moods, increased
energy, a decreased need for sleep, fast thinking, lofty
thoughts about themselves or their skills, and impulsive or
reckless behavior during manic or hypomanic episodes.
Symptoms of depressive episodes include feelings of
worthlessness or excessive guilt, difficulty concentrating or
making decisions, thoughts of death or suicide, changes in
appetite or weight, sleep disturbances, fatigue or decreased
energy levels, and protracted feelings of sadness, hopeless-
ness, or emptiness. Though the underlying causes of bipolar
illness are complex and not entirely understood, it is believed
to be the result of a confluence of biological, environmental,
and hereditary variables. The symptoms of a person, medical
history, and family history of BPD or associated disorders
are frequently used to make the diagnosis of BPD. Medi-
cation and counseling are typically used in the treatment of
BPD. Lithium or other mood stabilizers are routinely used to
treat manic or hypomanic episodes, whereas antidepressants
or other drugs may be used to treat depressed episodes. CBT
and IPT are two forms of psychotherapy that can be effective
in treating BPD.

3.1.4. Seasonal Affective Disorder (SAD). Due to the shorter
days and less sunlight in the winter, a type of depression
known as SAD is more common. SAD is a type of MDD and
is characterized by a protracted feeling of hopelessness,
emptiness, or despair, as well as other symptoms such as
exhaustion, low energy, changes in appetite or weight, in-
somnia, decreased zeal for activities, and problems con-
centrating or making decisions. Though the precise origin of
SAD is not yet entirely understood, it is believed to be related
to the body’s natural reaction to variations in sunshine
length. Wintertime reductions in solar exposure have the
potential to throw off the body’s internal clock and affect
mood, energy levels, and sleep cycles. The conventional SAD
treatment regimen combines light therapy, medicine, and
psychotherapy. The body’s internal clock can be regulated,
and mood can be elevated through phototherapy, which
entails spending 20-30 min each morning in a light box that
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Stress can lead to
anxiety and depression.
prolonged stress
worsens anxiety and
depression.
managing stress reduces
the risk of anxiety and
depression.

Stress
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Chronic stress and
anxiety contribute to
depression.
depression

exacerbates stress and Depression

anxiety.
treating depression
involves addressing

stress and anxiety.

Anxiety can stem from

chronic stress.

persistent anxiety
increases depression

risk.

treating anxiety helps
overall mental health.
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F1GUre 1: Understanding of depression based on biomedical perspectives, including (a) the association between stress and anxiety with
depression, (b) the impact of depression on the cardiac system, and (c) the role of oxidative stress, mitochondrial dysfunction, and

inflammation in depression.

simulates natural sunlight. Selective serotonin reuptake
inhibitors (SSRIs), an antidepressant drug, may also be given
to help treat SAD symptoms by balancing mood and energy
levels [49]. The treatment of SAD may also benefit from
psychotherapy, such as CBT and IPT.

3.1.5. Postpartum Depression (PPD). A form of depression
known as PPD strikes women soon after giving birth. It
usually manifests within the first few weeks or months
following delivery; however, it can sometimes happen up to

a year later [50]. PPD is characterized by feelings of sadness,
hopelessness, or emptiness that last for a long time, as well as
other symptoms such as exhaustion, changes in appetite or
weight, trouble sleeping, a loss of interest in previously
enjoyed activities, and thoughts of harming oneself or the
baby [51]. Although the precise causes of PPD are not
entirely understood, it is thought that a mix of hormonal,
psychological, and environmental variables may be re-
sponsible. Significant hormonal changes that occur during
pregnancy and childbirth can have an impact on a woman’s
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mood and emotions [52]. PPD can also develop due to the
difficulties in adjusting to parenthood and the physical and
mental responsibilities of caring for a newborn. Psycho-
therapy and medicine are frequently used to treat PPD.
While psychotherapy, such as CBT or IPT, can assist women
in developing coping mechanisms and enhancing their
social and interpersonal skills, antidepressant medication
may be prescribed to help manage the symptoms of
depression.

3.1.6. Premenstrual Dysphoric Disorder (PMDD). In the
days before a woman’s period, PMDD, a severe form of
premenstrual syndrome, might affect her [53]. Various
mental and physical symptoms make up the illness, which
can significantly impact a woman’s QoL. Anxiety, de-
pression, mood swings, weariness, changes in appetite or
sleep patterns, and physical symptoms such as bloating or
breast tenderness are among the most typical symptoms.
Hormonal changes that occur during the menstrual cycle are
thought to be connected despite the fact that the precise
causes of PMDD are not well understood. During this time,
changes in estrogen and progesterone levels may have
a greater impact on PMDD-afflicted women [54]. PMDD is
often treated with a mix of medication and dietary modi-
fications. Nonsteroidal anti-inflammatory medicines
(NSAIDs) or hormonal contraceptives may be used to treat
physical symptoms, while antidepressant medication may be
recommended to treat mental issues. PMDD symptoms can
also be managed with the aid of psychotherapy, such as CBT.
Other advised lifestyle modifications that may lessen the
symptoms of PMDD include regular exercise, healthy nu-
trition, stress management, and sound sleeping practices.
Women with PMDD should collaborate with their doctor to
create a personalized treatment plan and keep track of their
symptoms. Even while PMDD can negatively impact
a woman’s functionality and QoL, with the right support and
therapy, the majority of women can control their symptoms
and enhance their general well-being.

3.2. Association Between Stress and Anxiety With Depression.
Stress, anxiety, and depression are three major concepts that
can be used to define psychological suffering [55, 56]. On the
other hand, anxiety is characterized by a passing fear and
uncertainty about the future, with the severity varying
according to the frequency and degree of the anxiety ex-
perienced. Stress can show up as mental or physical
symptoms, such as irritability or digestive problems [57].
Stress can be brought on by various outside circumstances,
including routinely stressful situations, academic expecta-
tions for adolescents, and financial difficulties for adults.
Stress can make people irritable. Chronic stress and an
inability to resolve issues can result from persistent irritation
and help lead to depressive illnesses [58]. General and
prenatal anxiety, phobias, panic attacks, social anxiety dis-
order, obsessive-compulsive disorder, posttraumatic stress
disorder (PTSD), and body dysmorphic disorder are just
a few of the ailments that fall under the category of anxiety
disorders [59]. Evidence suggests that daily stressors can

compound and negatively affect heart health, such as
through bad eating habits and a sedentary lifestyle [60], and
that chronic stress and anxiety can cause depression [61].
Daily stresses can have an impact on a person’s health,
causing worry, and eventually a melancholy condition. This
progression from stress to melancholy is significant in
understanding the broader implications of mental health on
individuals’ overall well-being.

Numerous studies have delved into the connection be-
tween depression and QoL, revealing that major depressive
disorder can substantially diminish QoL [62]. This indicates
that the psychological burden stemming from daily stresses
can escalate into clinical depression, further deteriorating
one’s QoL. Understanding this relationship underscores the
importance of early intervention and holistic approaches to
manage mental health challenges, ultimately striving to
improve individuals’ overall well-being. Major depressive
illnesses are frequently accompanied by psychological stress
[63], which can activate inflammatory pathways and cause
inflammation [64]. Inflammation that results might lead to
brain problems and coronary heart disorders. Stressors can
have an impact on how the brain functions cognitively and
autonomically, causing an increase in catecholamine syn-
thesis, a decrease in cholinergic activity, a decrease in glu-
cocorticoid activity, and an increase in cortisol levels. These
elements may result in chronic inflammation and interfere
with the brain’s natural function, resulting in depression,
anxiety, and cardiovascular conditions [65].

Neurotransmitters, including catecholamines, nor-
epinephrine, and dopamine, are crucial in the treatment
of serious depressive disorders [66]. It is yet unclear how
catecholamine actions play a factor in the pathophysi-
ology of serious depression. Norepinephrine possesses the
capability to bind to both a- and p-adrenergic receptors,
thereby initiating cell signaling pathways, notably ele-
vating intracellular levels of phospholipase C and cAMP
[67, 68]. However, activation of the 2-adrenergic receptor
suppresses intracellular cAMP and inhibits signaling [69].
Norepinephrine can increase anxiety and hyperarousal in
melancholic melancholy, encourage corticotropin-
releasing hormone-mediated hypercortisolism, encour-
age insulin resistance, and result in bone loss [70]. An
experimental study compared the urine catecholamine
levels of sad and nondepressed people and found that the
latter had much higher amounts [71]. Both coding and
noncoding sections of DNA may be impacted by the
production of reactive oxygen species (ROS) as a result of
elevated plasma catecholamine levels in depression and
anxiety. Transcriptional stress is brought on by ROS,
which accumulates in polysomes and generates transitory
dynamics of si-IncRNA in the nucleus [72]. An experi-
mental investigation that demonstrated downregulation
of the Dusp6 gene in female mice under stress, impacting
the transcriptional pathway, whereas extracellular-
signa-regulated kinase signaling and neuron excitability
increased in male mice suggests that the effects of stress on
the molecular level may vary between genders [73]. These
transcriptional changes contribute to MDD and may
provide information for the creation of antidepressant
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drugs. According to a study conducted on university
students in China, depression was linked to high sugar
intake, gender, grades, stress, and anxiety complaints [74].
Another study also revealed a link between depression,
injury, and a high-fat diet with anxiety and stress,
underscoring the role of stress, sadness, and anxiety in
producing psychological distress [75]. The association of
the stress and anxiety with depression is mentioned in
Figure 1(a).

3.3. Impact of Depression in the Brain and Heart. Clinical
depression, a severe manifestation of chronic stress, det-
rimentally affects mental health by impairing hippocampal
function due to elevated glucocorticoid levels [76]. Per-
sistent stress leads to hippocampal volume reduction and
dendritic atrophy in the CA3 region, exacerbating memory
and cognitive deficits [77, 78]. Depression also disrupts
synaptic function, reducing NMDA receptors and acti-
vating the TPA/plasmin system [79]. Histopathological
studies reveal cortical and subcortical alterations post-
partum, contributing to functional impairment [80].
Neuroimaging identifies reduced cortical thickness and
diminished neuron/glial cell density in the orbitofrontal
region, aiding in major depression diagnosis [81]. De-
pression elevates oxidative stress, leading to neurodegen-
erative disorders and cardiac hypertrophy, exacerbating
heart failure risk [82-86]. ROS are implicated in myo-
cardial infarction pathogenesis, exacerbating atheroscle-
rosis and acute coronary artery disease [87, 88]. Studies
show increased cardiac mortality in depressed individuals,
regardless of cardiac disease presence, with minor de-
pression particularly affecting the elderly [78, 89]. Stress-
induced cardiomyopathy, mimicking coronary heart dis-
ease, is characterized by elevated troponin levels and can
lead to heart attack [90, 91]. Stress impacts the nervous and
cardiac systems via hypothalamic-pituitary axis activation,
leading to neurohormone secretion and sympathovagal
imbalance [92]. Immune suppression and proinflammatory
cytokine release contribute to coronary artery disease
progression and acute episodes (Figure 1(b)).

3.4. Confluence of Oxidative Stress, Inflammation, and Mi-
tochondrial Dysfunction in Depression. The confluence of
oxidative stress, inflammation, and mitochondrial dys-
function represents a pivotal nexus in understanding the
pathophysiology of depression. Emerging research suggests
intricate interactions between these biological processes,
shedding light on their collective role in the etiology and
progression of depressive disorders. By exploring the in-
terplay of these mechanisms, we aimed to elucidate novel
therapeutic targets and interventions for mitigating the
burden of depression.

Morava et al. [93] highlighted the association between
chronic mild stress and mitochondrial dysfunction in de-
pression, demonstrating dissipation of mitochondrial
membrane potential, inhibition of oxidative phosphoryla-
tion, and structural damage in brain areas such as the
hippocampus, cortex, and hypothalamus.
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This dysfunction contributes to compromised brain
energy and potentially triggers depression. Reduced
glucose utilization in specific brain regions such as the
prefrontal cortex, caudate nucleus, and anterior cingulate
gyrus has been observed in depressed patients [94].
Studies further indicated that major depression involves
activation of inflammatory, immune, oxidative, hypo-
thalamic-pituitary-adrenal axis, and nitrosamine stress
pathways. These processes induce mitochondrial damage,
particularly through suppression of mitochondrial
Complexes I and IV, resulting from cytokine-induced
effects. ROS production is heightened in the brain due
to inflammatory stimulation, leading to oxidative damage
to mitochondrial components. In addition, depression is
linked to an imbalance between ROS production and
antioxidant defense mechanisms, which escalates oxida-
tive stress, reduces brain antioxidant levels, and impairs
mitochondrial structures and functions. Mitochondrial
dysfunctions exacerbate oxidative stress, impacting mi-
tochondrial DNA, intracellular calcium levels, cellular
morphology, and ultimately leading to neuronal death.
The increased energy demand for cellular repair worsens
mitochondrial damage, forming a cycle of further im-
pairment [95] (Figure 1(c)).

4. Monitoring of Depression

IToMT and conventional questionnaire methods are used to
identify depressive disorders. Both approaches are exam-
ined, along with advantages and disadvantages, as
shown below.

4.1. Questionnaires’ Techniques for Depression. Depression
can be identified using a variety of procedures and ques-
tionnaires. Some of the techniques defined are as follows.

4.1.1. Beck Depression Inventory (BDI). The 21-question BDI
questionnaire is a self-reported evaluation used to determine
the severity of depressive symptoms. There is a wide range of
symptoms covered by it, such as depression, guilt, hope-
lessness, impatience, and lack of interest or pleasure [96].
Each question has four options for responses, ranging from
0 (absent) to 3 (severe), and respondents must select one.
Higher total scores, which range from 0 to 63, indicate more
severe depression. The BDI questionnaire is regarded as
a trustworthy tool for measuring depression symptoms due
to its extensive study and broad use in both clinical and
research settings.

4.1.2. Patient Health Questionnaire (PHQ-9). A self-
administered questionnaire called the PHQ-9 was de-
veloped to detect and monitor depression symptoms in
primary care settings [97]. It consists of nine questions and
covers a range of symptoms, such as depression, pleasure
loss, and sleep problems. A four-point scale, ranging from
0 (not at all) to 3, is used by respondents to respond to each
question. A higher total score indicates more severe
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depression; the range is 0-27. The PHQ-9 is a widely used
tool in primary care settings and has undergone extensive
investigation.

4.1.3. Hamilton Rating Scale for Depression (HAM-D). A
questionnaire called the HAM-D is used by therapists to
gauge the severity of depression symptoms [98]. There are 21
questions in total that examine a range of symptoms, such as
low mood, guilt or worthlessness, and lack of energy or
interest [99]. Higher scores indicate more severe depression,
with the questions being graded on a scale from 0 to 4. Scores
exceeding 24 are considered to indicate serious depression.
The total score runs from 0 to 63. The HAM-D has un-
dergone substantial investigation and is frequently used in
research and clinical trial settings.

4.1.4. Geriatric Depression Scale (GDS). A self-administered
questionnaire called the GDS is used to assess depression in
elderly people [100]. It consists of 30 items that evaluate
a range of depressive symptoms, such as low mood, interest
loss, and social isolation. The overall score goes from 0 to 30,
with higher values indicating greater depression severity.
Respondents express their answers in a yes/no style. The
GDS is a well-researched tool that is frequently used in
settings including geriatric care.

4.1.5. Montgomery-Asberg Depression Rating Scale
(MADRS). A clinician-administered questionnaire called
the MADRS consists of 10 questions with the goal of gauging
the severity of depressive symptom severity [101]. The
questionnaire asks about a wide range of symptoms, such as
depression, tension, and disturbed sleep. The ratings for each
question range from 0 to 6, with higher scores indicating
more severe depressed symptoms. Scores exceeding 30 in-
dicate a high level of depression severity on the scale of 0-60.
The MADRS has undergone extensive research and is fre-
quently used in clinical trials and research settings as a useful
instrument for evaluating depression symptoms.

4.1.6. Depression, Anxiety, and Stress Scale (DASS). The
DASS is a questionnaire that people can fill out on their
own to gauge how severe their symptoms of stress,
anxiety, and depression are [102]. It consists of 21
questions covering a variety of symptoms such as anxiety,
helplessness, and impatience. For each question, the
respondent has a choice of four answers, ranging from
0 (not applicable to me) to 3 (applied to me most of the
time). With a range of 0-63, a higher score on each
subscale denotes more severe signs of stress, anxiety, or
depression. The DASS has undergone extensive in-
vestigation and is frequently used in both clinical and
research settings.

4.1.7. SAD Questionnaire (SAD-Q). The SAD-Q is a self-
administered questionnaire with six questions intended to
assess the presence and severity of SAD [103]. Its tendency to

arise in the autumn and winter months is what distinguishes
this type of depression. The questionnaire’s questions
evaluate a range of symptoms, including mood, sleep, and
appetite abnormalities. A scale from 0 to four is used to
grade the questions, with 0 denoting “never” and 4 denoting
“always.” A total score between 0 and 24 can be obtained;
higher scores signify more severe SAD symptoms. The re-
search indicates that the SAD-Q is an accurate and valid
measure for assessing SAD symptoms.

4.1.8. Self-Rating Depression Scale (SDS). People fill out the
SDS questionnaire to rate the severity of their depression
symptoms [104]. It has 20 questions that cover a range of
depressive symptoms, including altered sleep and food
patterns as well as emotions of worthlessness, remorse, and
melancholy. Each question has four possible answers that
range from 0 (not present) to 3 (severe), and the overall score
can be anywhere from 0 to 60. Higher scores indicate more
severe depression. In both clinical and research situations,
the SDS has showed strong reliability and validity [105].

These surveys are frequently used in clinical and aca-
demic contexts to identify and track depression. The features
of the patient population, the context of the assessment, and
the particular depression symptoms being assessed may all
influence the use of a particular questionnaire.

4.2. Analysis of Depression Using Intelligent Approaches.
The AI area of ML enables computer systems to automat-
ically enhance their performance on a particular job by
learning from data without being explicitly programmed
[7, 106]. In order to make predictions or choices, it entails
creating algorithms that can learn from data. There are
numerous algorithms available in ML that can be applied to
classification and prediction problems. Computer vision,
natural language processing (NLP), speech recognition, gene
expression, image recognition, and signal processing are just
a few of the scientific disciplines where ML is becoming
a more active research topic [107-109]. DL, on the other
hand, is a subset of ML that studies how to learn. It is
possible to extract information from signals using a deep
neural network (DNN), a subset of DL. The detail de-
scription of the ML and DL models with dataset are men-
tioned in Tables 2 and 3. In addition, the detail literature of
the models is also given below.

4.2.1. Random Forest (RF). An ensemble learning technique
called RF makes predictions by using numerous decision
trees (DTs). RF is frequently employed in medical pro-
cedures, including disease diagnostics and medicine de-
velopment. For instance, RF can be used to forecast a drug’s
effectiveness, given on its chemical characteristics and the
patient’s medical background. Previously, Zhang et al. [117]
used the RF model for the prediction of depression in
pregnant women. de Souza Filho et al. [118] used the RF
classifier as a screening tool for the evaluation of depression.
Pearson et al. [149] used the RF algorithm for the prediction
of treatment outcomes of depression. Solomonov et al. [137]
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TaBLE 2: Previously used ML and DL models in depression research.

Ref. ML/DL model Perf. (%)

2024 [110] BF tree, KNN, and AB Acc: 96.36

2024 [111] DT, LR, NB, RF, and SVM AUC: 81.00; Acc: 83.00; Sens: 76.00

2024 [112] AB, LDA, RF, KNN, NB, and SVM Acc: 71.80; AUC: 78.03

2024 [113] LR and SVM —

2024 [114] LR and XGB —

2023 [115] SVM AUC: 73.00

2021 [116] Bootstrap Acc: 97.00

2021 [117] RF, DT, XGB, LR, and MLP AUC: 93.70

2021 [118] LR, KNN, CART, AB, GB, XGB, RF, and SVM Sens: 90.00; AUC: 87.00

2021 [61] DT AUC: 71.20; Sens: 34.90; Spec: 90.50

2020 [70] SVM Acc: 95.00

2020 [119] Bagged DT Acc: 74.18

2020 [72] RF Acc: 79.10

2020 [60] RF Acc: 99.00

2020 [73] GBM AUC: 97.00

2020 [59] RF Acc: 80.00

2020 [120] LR, NN, RF AUC: 91.00

2020 [65] SVM Sens: 82.00

2020 [75] RF Acc: 76.80

2020 [121] FFS-RF, SVM Sens: 69.00; AUC: 78.00

2020 [77] LDA Acc: 91.00

2020 [78] SVM Acc: 82.40; Sens: 79.20; Spec: 85.50

2020 [79] DT AUC: 73.40; Sens: 94.10; Spec: 43.30

2020 [80] RF Acc: 73.40

2020 [122] SVM-Kernel AUC: 69.00; Sens: 62.00; Spec: 66.00

2020 [123] LR, SVM-Kernel, and RF Acc: 80.00; Sens: 54.00; Spec: 93.00

2019 [82] LR Acc: 91.00; Spec: 94.00; AUC: 96.00

2019 [83] SVM Acc: 84.86

2019 [124] LR, SVM, and MLPs Acc: 91.70

2019 [85] RF AUC: 94.40; Sens: 83.91; Spec: 92.18

2019 [86] SVM Acc: 78.60

2018 [87] LR Acc: 66.00

2018 [88] SML Acc: 64.00

2018 [89] RF Acc: 72.50

2017 [90] SVM Acc: 90.10

2021 [15] DL —

2020 [16] Combination of CNN and LSTM Acc: 98.84

2020 [92] NLP AUC: 90.00

2020 [13] BERT and RoBERTa F1 score: 85.60

2020 [11] CNN Acc: 98.85

2020 [91] NN AUC: 80.00

2020 [14] 2D CNN Acc: 80.74

2019 [125] CNN and LSTM Acc: 98.32, Sens: 98.34

2019 [94] DL AUC: 77.00

2019 [95] FCN Acc: 81.40

2019 [126] SVM, LR, KNN, DNN, and deep-CNN Acc: 94.00

2018 [127] MFNNs Acc: 82.28

Abbreviations: Acc, accuracy; BF tree, best-first tree; CDRN, clinical data research network; DNN, deep neural network; DT, decision tree; EEG, elec-
troencephalogram; EHR, electronic health record; FCN, fully convolutional neural network; fMRI, functional magnetic resonance imaging; LR, logistic
regression; NLP, natural language processing; RF, random forest; Sens, sensitivity; Spec, specificity; SVM, support vector machine; WCM, Weill Cornell

medicine.

used RF for the prediction of late-life depression. In addi-
tion, some other researchers used RF classifiers to detect or
predict depression based on different types of data pro-

cessing [134].

4.2.2. DT. A straightforward and understandable method
called a DT employs a tree-like model to anticipate out-
comes. DT is frequently employed in medical settings, in-

cluding the diagnosis and prescription of cancer treatments.
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TABLE 3: Previously used datasets in depression research.

Reference Objective Part Dataset

[116] Discrimination 240 MDD, BD, and HC

[117] Prediction 69,169 HER, WCM, and CDRN

[118] Evaluation 971 Brazilian National Network for Research on Cardiovascular Diseases
[128] Development and validation 214,359 CHS-EHR

[129] Prediction 167 CHR syndromes and ROD

[130] Development 335 60 years or older with Parkinson’s disease

[119] Differentiation 126 Hebrew speakers with normal or corrected-to-normal eyesight
[131] Cross-trial prediction 351 STEPd

[132] Prediction 28,755 Pregnancy risk assessment monitoring system 2012 to 2013
[133] Classification 79,889 English-speaking health forums.

[134] Classification and prediction 150 Mohammed VI University Hospital Center of Marrakech
[135] Analysis 168 MDD case-control

[136] Detection — Twitter

[137] Prediction 221 12 weeks of problem-solving or supportive therapy
[120] Prediction — IMID

[138] Prediction 518 iSPOT-D

[139] Identification 365 Reddit posts from fathers straddling 6 months during the birth of kid
[140] Recognition 9435 Population-representative sample

[141] Diagnosis 412 Amazon Mechanical Turk

[121] Prediction 508 Women’s pregnancy period from a cohort

[142] Prediction 6558 A nationwide survey from the KoWePS

[143] Classification 8063 Chinese middle and high school students

[144] Identification 31 fMRI

[145] Prediction 122 EEG

[146] Evaluation 1000 BDI-II, China

[47] Identification 1435 CBT and CID

[147] Identification 1500 NSSD

[122] Differentiation 162 PROTAHBI and PROTHUM

[123] Identification — TSST-C

[148] Prediction 47 Actiwatch, EMA

[149] Predict the treatment 283 Depression-focused Internet intervention

[150] Discovery 610 PHQ

[151] Age estimation 78 IXI and OASIS

[152] Recognition — Lanzhou University Second Hospital

[124] Prediction 2388 Posts in daily life group

[153] Identification 84,317 INPC

[154] Prediction — Eight-channel EEG pre- and post-TMS in resting stage
[155] Drug discovery — CMap, ATC, and MEDI-HPS

[156] Prediction 356 NESDA

[157] Prediction 90 MI-ANXDEP, Sweden

[158] Prediction 81 PET

[15] Detection 29 Community-dwelling, North East, England

[16] Detection — University of New Mexico

[159] Classification 81 Trauma survivors, New York

[13] Prediction 13,993 Weibo, China

[12] Prescreening 34 EEG dataset

[160] Treatment selection 2757 Data from CO-MED

[14] Recognition 51 Lanzhou University

[125] Diagnosis 30 EEG dataset

[161] Identification 19,725 NHANES and K-NHANES

[162] Examine 1190 ADE20K, China

[126] Impact 19 fMRI dataset

[127] Prediction 8 The National Health Research Institute, Taipei Veterans General Hospital
[114] Prediction — LONGSCAN, FUUS, NHANES, UK Biobank

[110] Screening 55 EEG dataset
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TaBLE 3: Continued.

Reference Objective Part Dataset

[111] Inventory 20,990 Questionnaire

[115] Validation 189 Clinical, sMRI, and resting-state fMRI
[112] Prediction — Questionnaire

Abbreviations: AB, AdaBoost; ATC, anatomical therapeutic chemical; BD, bipolar disorder; BDI-II, Beck Depression Inventory-II; BERT, bidirectional
encoder representations from transformers; CART, classification and regression tree; CBT, cognitive-behavioral therapy; CHR, Clinical High Risk; CHS,
Clalit Health Services; CMap, connectivity map; CNN, convolutional neural network; FFS-RF, random forest-based filter feature selection; fMRI, functional
magnetic resonance imaging; KoWePS: Korean Welfare Panel Study; GB, gradient boost; GLM, generalized linear model; HC, health control; iCBT,
Internet-delivered cognitive behavior therapy; IMID, immunomodulatory imide drug; INPC, indiana network for patient care; iSPOT-D, international study
to predict optimized treatment in depression; KNN, K-nearest neighbor; LSTM, long short-term memory; MDD, major depressive disorder; MEDI-HPS,
medication indication resource high-precision subset; MFNNSs, multilayer feedforward neural networks; MLPs, multilayer perceptrons; NESDA, National
E-Governance Service Delivery Assessment; NSSD, National Survey on Symptomatology of Depression; OASIS, open access series of imaging studies; PCC,
person-centered counseling; PHQ, patient health questionnaire; PPD, postpartum depression; PROTAHBI, programa de transforms bipolarize; PROTHUM,
programa de transtornos de humor; RoBERTa, robustly optimized bidirectional encoder representations from transformers pertaining approach; ROD,
recent-onset depression; SML, supervised machine learning; sMRI: structural magnetic resonance imaging; STEPd, stellariaherllida; STFT, short-time Fourier
transform; tDCS: transcranial direct current stimulation; TMS, transcranial magnetic stimulation; TSST-C, trier social stress task for children; XGB, extreme

gradient boost.

For instance, using the patient’s age, tumor size, and other
clinical factors, DT can be used to forecast the chance of
cancer recurrence. Previously, the DT classifier was used for
the prediction of PPD [128].

4.2.3. Classification and Regression Tree (CART). CART is
a DT algorithm that can be used for classification and re-
gression problems. CART is commonly used in medical
applications, such as disease diagnosis and risk prediction
[118]. For example, CART can be used to predict the risk of
developing heart disease based on a patient’s lifestyle habits
and medical history.

4.2.4. Logistic Regression (LR). Binary classification prob-
lems are handled by the statistical procedure known as LR.
Medical applications, including the diagnosis of diseases and
risk assessment, frequently employ LR. Using the patient’s
age, weight, and other clinical factors, for instance, LR can be
used to determine their risk of getting diabetes. Previously,
LR was used to identify large-scale modulated activity of
dopaminergic enhancement in depression [144]. McGinnis
et al. [123] identified depression using LR based on speech
data. Some other authors used LR for the prediction/
identification of the different types of depression with other
diseases [118].

4.2.5. K-Nearest Neighbor (KNN). A nonparametric ap-
proach called KNN is employed for classification and re-
gression issues. The KNN is frequently utilized in healthcare
applications such as disease diagnostics and therapeutic
development. Using the patient’s genetic profile and medical
history, for instance, KNN can be used to forecast a drug’s
success [126].

4.2.6. Support Vector Machine (SVM). A powerful approach
used for classification and regression issues is a SVM. The
SVM is frequently utilized in medical contexts, including
cancer detection and drug development. For instance,
using the patient’s gene expression profile and clinical

factors, the SVM can be used to forecast the chance of
cancer recurrence. McGinnis et al. [123] used speech data
to identify anxiety and depression in early childhood. In
addition, authors used the SVM for the recognition/de-
tection of depression based on different types of data
processing [139].

4.2.7. AdaBoost (AB). An ensemble learning technique
called AB combines several weak learners to produce pre-
dictions. Medical applications such as disease diagnosis and
drug discovery frequently use AB. For instance, AB can be
used to forecast a medication’s efficacy based on the patient’s
medical background and other clinical factors [118].

4.2.8. Naive Bayes (NB). NB is an easy probabilistic ap-
proach for categorization issues. Medical applications such
as illness diagnosis and risk assessment frequently use NB.
For instance, using the patient’s lifestyle choices and medical
history, NB can be used to estimate the likelihood that the
patient will acquire heart disease [136].

4.2.9. Self-Organizing Map (SOM). Data grouping and vi-
sualization are done using a sort of neural network called
a SOM. The SOM has uses in medicine, including the study
of patient data for personalized care. For instance, the SOM
can be used to find patient subgroups with comparable
medical histories and genetic profiles for individualized
therapies [163].

4.2.10. Artificial Neural Network (ANN). ANNs are used for
classification and regression issues. Medical uses for the
ANN include disease detection and picture analysis. For
instance, medical imaging of epilepsy patients can be used to
identify abnormal brain activity using the ANN [164].

4.2.11. Statistical ML (SML). A subset of ML called SML is
concerned with creating statistical models for data analysis
and prediction. SML has uses in medicine, including the
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diagnosis and prognosis of illnesses. For instance, it can be
used to forecast a patient’s risk of getting diabetes based on
their health history and lifestyle choices.

4.2.12. Linear Discriminant Analysis (LDA). An analytical
technique called LDA is applied to classification issues.
Medical applications for LDA include risk assessment and
disease diagnosis. For instance, LDA can be utilized to
forecast a patient’s risk of getting heart disease depending on
their medical background and lifestyle choices.

4.2.13. Generalized Linear Model (GLM). The GLM is
a statistical framework for modeling data with different
distributions. It can be used in medical applications, such as
disease diagnosis and prognosis. For example, it can predict
the likelihood of a patient developing a certain disease based
on their medical history and lifestyle habits.

4.2.14. Convolutional Neural Network (CNN). A particular
kind of a neural network called a CNN is employed for image
analysis and recognition tasks. Applications of the CNN in
medicine include illness detection and analysis of medical
images. The CNN, for instance, can be used to spot ma-
lignant tumors in photographs of patients.

4.2.15. Long Short-Term Memory (LSTM). The LSTM is an
example of a recurrent neural network (RNN) used for
sequential data analysis. It is also used for time series analysis
and NLP. Medical applications for LSTM include analyzing
patient data collected over time for disease diagnosis and
treatment advice.

4.2.16. RNN. Similar to LSTM, RNNs are employed for
sequential data analysis. The RNN can be utilized in medical
applications, such as the study of patient data over time for
disease diagnosis and prognosis. For instance, using a pa-
tient’s medical history and vital signs, the RNN can be used
to forecast the risk that they would experience difficulties
after surgery.

4.2.17. DNN. Multiple-layer neural networks, such as the
DNN, can be utilized for various ML applications, such as
classification and regression. The DNN can be applied to
medical tasks such as disease diagnosis and treatment
suggestions. The DNN, for instance, can be used to forecast
a patient’s likelihood of responding to a specific medication
based on their genetic makeup and medical background.

4.2.18. Multilayer Perceptron (MLP). The MLP is a class of
neural networks that can be applied to classification and
regression issues. It has numerous layers of nodes. Medical
applications such as image analysis and disease diagnosis
frequently use the MLP. The MLP, for instance, can be
utilized to recognize malignant cells in medical imaging.
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4.2.19. Gradient Boosting Machine (GBM). Several weak
learners are combined to create predictions using the en-
semble learning technique known as the GBM. The GBM is
frequently utilized in medical applications, including the
diagnosis of diseases and the prescription of therapies. For
instance, using a patient’s medical history and genetic
profile, the GBM can be utilized to forecast a drug’s
effectiveness.

4.2.20. Extreme Gradient Boosting (XGB). XGB, a technique
for ensemble learning, mixes many DTs to produce pre-
dictions. Medical applications, such as the diagnosis and
prognosis of diseases, frequently use XGB. For instance,
a patient’s medical history can be used to predict the risk of
contracting a specific disease using XGB. Kambeitz et al.
[165] used XGB to find the transcranial direct current
stimulation (tDCS) response in depression.

4.2.21. Gradient Boosting (GB). GB is an ensemble learning
technique that pools the predictions of several weak learners.
GB is frequently utilized in medical applications, including
the diagnosis and prognosis of diseases. Patient’s genetic
profile, for instance, can be used to predict the likelihood
that they will get cancer using GB.

4.2.22. Generalized Boosted Regression (GBR). The GBR
model, a technique for ensemble learning, combines many
regression models to produce predictions. GBR is frequently
utilized in medical applications, including the prognosis of
diseases and the recommendation of treatments. For in-
stance, using a patient’s genetic profile and medical history,
GBR can be used to predict how well a treatment will work.

4.2.23. Bootstrap. The statistical resampling method known
as bootstrap is used to determine how a statistic’s sampling
distribution will look. To calculate the degree of uncertainty
surrounding a statistical finding, such as the variation in
mean blood pressure between two patient groups, bootstrap
can be utilized in the medical research. Previously, Poletti
et al. [116] used bootstrap algorithm for the discrimination
between unipolar and bipolar depression.

4.2.24. NLP. The subject of study known as NLP is con-
cerned with how computers and human language interact.
Medical uses for NLP include reviewing patient comments
and medical records. NLP, for instance, can be used to find
patient complaints and enhance medical services [92].

4.3. Performance Indicators. The effectiveness of ML models
in medical applications is assessed using performance in-
dicators, which are crucial metrics. The detail mathematical
expression are mentioned in equations (1)-(7) [166-168]:

4.3.1. Accuracy. A dataset’s accuracy is determined by the
proportion of correctly categorized instances. A ML model’s
ability to predict patient outcomes or diagnose diseases can
be measured using accuracy in medical applications.
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R TP + TN
ccuracy = .
YT FP+FN+ TN + TP

1

4.3.2. Sensitivity. Sensitivity indicates the proportion of
genuine positive cases that the ML model accurately de-
tected. Sensitivity is crucial for detecting the existence of
a disease or other medical condition in medical applications.

TP )

Recall/Sensitivity/True Positive Ratio = ————.
TP + FN

4.3.3. Specificity. The percentage of instances of true neg-
atives that the ML model properly detected is known as
specificity. Specificity is crucial in medical applications to
rule out the existence of a disease or other medical condition.

TN (3)

Specificity/True Negative Ratio = ———.
pecificity/True Negative Ratio TN 1 FP

4.3.4. Precision. Precision is the proportion of positive cases
among all instances the ML model predicted to be positive.

F — score/F1 — score/Dice Coefficient =

4.3.7. Matthews Correlation Coefficient (MCC). The MCC,
which accounts for both true and false positives and neg-
atives, calculates the correlation between the actual and
anticipated values. The MCC is a helpful performance

Matthews Correlation Coefficient =

where TP is true positive, FP is false positive, TN is true
negative, and FN is false negative.

5. Prevention Measures for Depression

A person’s life can be significantly affected by a mental
health disorder known as depression. Although there is no
surefire way to stop depression, people can take a number of
precautions to safeguard their mental health and reduce the
likelihood that they will go through despair. We described
some measures to prevent depression:

5.1. Build a Support System. In order to prevent emotions of
loneliness and isolation, which are risk factors for de-
pression, social support is crucial for mental health. A sense
of security, belonging, and purpose can also come from
having healthy relationships with friends and family.

2 x (Recall x Precision) 2(TP)
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Precision is crucial for reducing false positives in medical
applications because they can result in pointless treatments
or testing.

TP

_ 4
TP + FP “

Precision/Positive Predictive Value =

4.3.5. Negative Predictive Value. The percentage of cases
that are truly negative, out of all those that the ML model
predicted as being negative, is measured by a negative
predictive value. A negative predictive value is crucial for
excluding the presence of a disease or other medical con-
dition in medical applications.

TN

- 5
TN + FN )

Negative Predictive Value =

4.3.6. F1-Score. The model’s performance is assessed using
the F1-score, which is the harmonic mean of precision and
sensitivity. The F1-score can be used in medical applications
to assess a ML model’s general efficacy in identifying diseases
or predicting patient outcomes.

(Recall + Precision) ~ EN + 2(TP) + FP’

(6)

measure for assessing a ML model’s overall effectiveness in
medical applications, particularly when the dataset is un-
balanced, and the model is used to predict patient outcomes
or diagnose diseases [169].

TP x TN — FP x FN

(7)

v/ (TP + FP) x (TP + FN) x (TN + FN)

Consider getting involved in your community through
volunteering, joining a club or group that shares your in-
terests, or contacting friends and family to create a support
network.

5.2. Practice Good Self-Care. Maintaining good physical
health has a positive impact on your mental wellbeing. This
entails following a balanced diet full of fruits, vegetables, and
whole grains, exercising frequently, and getting adequate
sleep. Because exercise releases endorphins, which are
natural mood enhancers, it can be especially helpful for
easing the symptoms of depression.

5.3. Learn Healthy Coping Skills. The techniques people
employ to deal with stress and challenging emotions are
known as coping skills. Healthy coping techniques can in-
clude deep breathing, mindfulness meditation, writing, and
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time spent in nature. These abilities can assist people in
controlling their emotions and lowering their risk of
depression.

5.4. Seek Professional Help. It is critical to get professional
assistance from a mental health expert if you are showing
signs of depression. You can create a treatment plan that is
specific to your requirements and the causes of your de-
pression with the aid of a therapist or counselor. Depression
can be treated with therapy, medicine, or a combination of
the two.

5.5. Avoid Substance Abuse. Abuse of drugs or alcohol can
make depression worse and raise the likelihood of getting it.
Utilizing alcohol and drugs to deal with challenging emo-
tions can result in addiction, health issues, and societal is-
sues. Consider contacting a mental health professional for
assistance or using healthy coping mechanisms rather than
abusing substances.

5.6. Stay Active and Engaged. Depression risk can be lowered
by maintaining an active lifestyle and participating in en-
joyable and meaningful pursuits. This can involve pastimes,
community service, or social engagements. Activities that
give one a feeling of achievement or purpose might also be
advantageous.

5.7. Manage Stress. Learning appropriate stress manage-
ment techniques is critical because stress can lead to de-
pression. Exercise, meditation, deep breathing, and friendly
conversation are a few examples of this. It can also be
beneficial to lessen pressures in your life; such as issues at
work or in your relationships.

5.8. Get Treatment for Chronic Ilinesses. Depression risk can
be increased by long-term conditions, such as diabetes,
cancer, and heart disease. Taking care of these diseases and
receiving the proper care can help lower the risk. This can
entail taking medicine, altering one’s lifestyle, or consulting
a healthcare professional.

However, keeping strong social ties, obtaining pro-
fessional assistance when necessary, and caring for your
physical and mental health can all help lower the risk of
depression. Getting professional help as soon as possible is
crucial if you are showing signs of depression. Depression is
a treatable disorder, and with the right care and assistance,
people can get better and lead happy lives.

6. Architecture of Proposed
IIoMT in Depression

The perception layer, network layer, cloud layer, application
layer, and privacy and security are the foundations of the
IIoMT’s detailed architecture in depression (Figure 2). The
specifics are provided below.
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Perception layer Network layer

Wearable devices and Bluetooth, Wi-Fi, and
Sensors cellular networks

Ensure secure data transfer
and storage

Collect physiological and
behavioral data related to
depression symptoms

Application layer Cloud layer

Servers, databases, and
analytical tools

Mobile app, web portals,
and dashboards

Allows patients to monitor
health and adjust treatment

Processes and analyzes data
using Al algorithms, then

plans recommend personalized

treatment

Privacy and security layer

Ensure data privacy and security

Provides transparent and easily understandable information and
gives patients control over their data for use

FIGURE 2: Proposed architectural block diagram of IIoMT for
depression.

6.1. Perception Layer. The IIoMT system for depression
incorporates a variety of wearable gadgets and sensors in the
perception layer that may monitor numerous physiological
and behavioral depression indicators. Smartwatches, activity
trackers, mood sensors, sleep monitors, and other gadgets
that can gather information on heart rate, blood pressure,
sleep quality, physical activity, social contact, and other
variables that may have an impact on mental health may be
included in this layer. Mobile applications that enable pa-
tients to enter subjective information, such as mood, be-
havior, and other symptoms, may also be a part of the
perception layer.

6.2. Network Layer. The network layer, which links the
perception layer to the cloud layer, makes secure data transit
and storage possible. This layer transmits information from
the perception layer to the cloud layer via wireless com-
munication technologies such as Bluetooth, Wi-Fi, and
cellular networks. The network layer also offers secure data
storage and transfer protocols to safeguard patient data from
unauthorized access and ensure encryption.

6.3. Cloud Layer. The IIoMT system for depression’s cloud
layer is in charge of processing and analyzing the information
gathered from the perception layer. This layer consists of
servers, databases, and analytical tools that look for patterns
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and anomalies associated with depressive symptoms using
ML algorithms and other AI techniques. On the basis of the
patient’s data, the cloud layer may also contain decision-
support systems that might offer mental health practitioners’
personalized therapy recommendations.

6.4. Application Layer. The IIoMT system for depression’s
interface with users, such as patients, and mental health
professionals, is the application layer. This layer consists of
dashboards, web portals, and mobile apps that let users
monitor their mental health and communicate with the
system. Mental health specialists may also use this layer to
keep tabs on patient progress, offer criticism, and modify
treatment methods as necessary. Patients may also receive
instructional materials on depression, self-care techniques,
and coping skills through the application layer.

6.5. Privacy and Security Layer. Patient data must be gath-
ered, kept, and sent securely and in accordance with any
applicable privacy laws for the IIoMT system for depression.
To safeguard patient information from unauthorized access
or disclosure, the system should employ encryption and
other security measures. The system should also give patients
control over their data, the capacity to consent to its use, and
clear and understandable information about how their data
will be used.

However, the way mental health is tracked and treated
might be completely changed by an IIoMT system for de-
pression. This kind of system may be able to offer patients and
mental health practitioners’ insightful information about the
patient’s mental health condition and assist in guiding
treatment choices by gathering and analyzing data on a va-
riety of physiological and behavioral markers of depression.
By encouraging self-care and empowering individuals to
manage their mental health actively, the system may also help
lessen the stigma associated with mental illness.

7. Automatic Detection of Depression

Automatic detection of depression has advanced signifi-
cantly with the integration of Al, IoT, IoMT, wearable
devices, and sensors [170]. Al’s ability to detect depression
hinges on the comprehensive analysis of diverse data
sources, including text, speech, and behavioral data. Text
analysis utilizes NLP to scrutinize written content from
sources such as social media posts, emails, and online
forums [92]. By identifying linguistic patterns and emo-
tional cues, NLP can uncover signs of depression that may
be subtle or overlooked by traditional methods. Similarly,
speech analysis employs Al to assess vocal character-
istics—such as tone, pitch, and speech rate—which can
reveal emotional distress and potential depressive states.
This dual approach of analyzing both text and speech
enables a more nuanced understanding of an individual’s
mental health.

In addition, Al systems are adept at processing data
from wearable devices and mobile applications. These
technologies monitor various behavioral indicators such as
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sleep patterns, physical activity, and social interactions. For
example, wearable devices such as smartwatches and fitness
trackers continuously record physiological metrics in-
cluding heart rate variability and physical activity levels. By
analyzing these data, Al can detect deviations from an
individual’s baseline behaviors, which may indicate the
onset of depressive episodes. The integration of such di-
verse data sources helps create a holistic view of an in-
dividual’s mental health, enhancing the accuracy of
depression detection.

The process of utilizing AI for depression detection
involves several crucial steps. Initially, data are collected
from multiple sources to ensure a comprehensive assess-
ment of mental health. These data undergo preprocessing to
remove noise and standardize it for analysis. Preprocessing
includes tasks such as cleaning text data, normalizing speech
recordings, and filtering out irrelevant information. Then,
feature extraction identifies relevant characteristics—such as
keyword frequency in text, pitch variations in speech, or
physiological changes in wearable data. AI models are then
trained on labeled datasets, where instances of depression
are known, using techniques such as classification algo-
rithms and sentiment analysis. Cross-validation is employed
to test the models’ accuracy and reliability, ensuring that
they perform well before being deployed in real-world ap-
plications. Once trained, these models are integrated into
platforms that can provide real-time or periodic assessments
of mental health, allowing for timely intervention.

The recent research highlights significant advancements
in automatic depression detection. Zhang et al. [171] de-
veloped a DL-based system for detecting depression in social
media users, demonstrating the potential of Al in analyzing
textual data from online platforms. Choudhary et al. [172]
proposed a model that utilizes spatiotemporal features with
DL techniques to enhance detection accuracy. Yeul Kim
et al. [173] introduced a system based on the Wartegg
Zeichen test’s image, employing CNNs for analysis. Liu et al.
[174] focused on optimizing depression interventions
through DL techniques, while Khan et al. [110] applied ML
techniques based on temporal features for automatic de-
tection. Nasim et al. [175] explored meta-learning tech-
niques using questionnaire data. In addition, the research
has expanded to include the use of AI models for analyzing
social media text, blood DNA methylation, and speech data
[176-178]. Chen et al. [23] demonstrated the effectiveness of
IoMT-based multimodal approaches for depression de-
tection. Pal et al. [56] introduces a novel system for detecting
and reducing anxiety among university students using
a smart belt combined with IIoMT and Mano Shakti Yoga
(MSY). Over six weeks, 66 students with anxiety, identified
viaa SAS and smart belt data, were split into an experimental
group undergoing MSY twice a week and a control group.
ML algorithms achieved an 80% accuracy in classification.
Results showed that MSY significantly reduced anxiety
(p <0.05) compared to the control group, demonstrating the
effectiveness of integrating wearable technology with
mindfulness practices for improving mental health in stu-
dents. The procedure of this approach is presented in
Figure 3.
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FIGURE 3: Automatic detection of anxiety based on smart belt in yoga practitioners [56].

Bin Heyat et al. [55] presents a study on an automatic
mental stress detection system utilizing wearable smart T-
shirts equipped with flexible cardiac electrodes and ML
models (Figure 4). By analyzing ECG signals from 20
subjects (10 under mental stress after extensive laboratory
work and 10 in a normal state post-rest) and employing
scoring techniques such as the Chalder Fatigue Scale and
DASS, the study aimed to identify stress levels. The re-
search, which recorded 1800 min of ECG data, found that
the DT classifier outperformed others in detecting intra-
subject stress, with high recall (93.30%), specificity
(96.70%), precision (94.40%), accuracy (93.30%), and F1-
score (93.50%). For intersubject classification, the DT
classifier achieved 94.10% accuracy. Key contributions
include the introduction of flexible dry electrodes in smart
T-shirts, the development of an automated stress detection
system using demographic and ECG features, the explo-
ration of feature relationships through clustering, and the
comparative evaluation of ML classifiers to optimize stress
detection accuracy.

Al offers several advantages over traditional methods of
depression detection. It provides a more objective and
consistent approach, minimizing the variability introduced
by human judgment and personal biases. Al systems can
analyze large volumes of data quickly, enabling the early
detection of depression before it becomes severe, which
facilitates timely intervention. In addition, AD’s scalability
allows it to reach a broader audience, including those in
underserved or remote areas where mental health resources
are limited. Continuous monitoring by Al systems ensures
that assessments are not restricted to periodic check-ups but
are conducted in real time, allowing for dynamic adjust-
ments to treatment and support. Furthermore, Al can be
seamlessly integrated with other health systems, such as
mobile health apps and electronic health records, to enhance
the overall management of mental health.

8. Bibliometric Analysis of the
IIoMT on Depression

Between 2011 and 2024, the WoS database yielded 239
scientific materials on depression, with 216 being original
research papers. These papers were notably frequent in
publication. One set of papers averaged 2.54 citations, while
the other set averaged 15.89 citations. The documents had
9032 references and a cumulative age of 48.6 years since
publication. Five hundred and seventy-eight author key-
words and more than 626 citation IDs were found in the
document’s contents. According to the survey, there were
1282 authors; of these, two published their articles as single
authors, while 43 published with multiple authors. The 39
articles were published each year starting in 2020; the
maximum number of articles published each year was 78 in
2022. The rise of papers published in 2022 suggested that
there was a rising demand for studies on depression. In
addition, the average number of citations each year was
calculated by examining the number of citations these
documents received. Table 4 illustrates the overall in-
formation on depression studies published in the WoS
database from 2011 to 2024.

8.1. Greatest Influence and Relevance Within a Particular
Geographic Area. The results of the top 10 sources that
concentrated on depression articles and had the biggest local
impact are shown in Table 5. It also includes the top 10 sources,
as determined by the h factor, with the most notable local
citations. According to the report, with 318 and 142 articles,
respectively, the Journal of Affective Disorders and Public
Library of Science (PloS) One had the most local citations.
The American Journal of Psychiatry and Psychological
Medicine came in second and third, respectively, with 115
and 113 papers. According to the report, Journal of Affective
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FIGURE 4: Smart t-shirt-based automatic mental stress detection system [55].

TaBLE 4: Overall information on depression studies published in
the Web of Science database from 2011 to 2024.

Description Results
Main information about data

Timespan 2011: 2024
Sources (journals and books) 125
Documents 216
Annual growth rate % 48.6
Document average age 2.54
Average citations per doc 15.89
References 9032
Document contents

Keywords plus (ID) 626
Author’s keywords (DE) 578
Authors

Authors 1282
Single-author’s docs 2
Authors’ collaboration

Single-author’” docs 2
Co-authors per doc 6.86
International co-authorships % 43.06
Document type

Article 216

Disorders, PloS One, Frontiers in Psychiatry, and Psycho-
logical Medicine were among the journals with a high ci-
tation rate. The Informatics journal additionally placed
seventh with seven local citations (h-index: 3, m-index: 0,
and total citation (TC): 70, respectively), while JMIR For-
mative Research, JMIR mHEALTH, and JMIR uHEALTH

placed seventh and eighth for the local source effect, with
TCs of 23 and 64 and corresponding h indices of three and
three, respectively.

The American Journal of Psychiatry and Psychological
Medicine followed closely behind with 115 and 113 papers,
respectively. The report also reveals that the Journal of
Affective Disorders, PloS One, Frontiers in Psychiatry, and
Psychological Medicine were among the publications with
a high citation rate. In addition, the Informatics journal
ranked seventh with seven local citations (h-index: 3, m-
index: 0.4, and TC: 70, respectively), while JMIR Formative
Research and JMIR mHEALTH and uHEALTH placed
seventh and eighth for the local source effect, with TCs of 23
and 64 and corresponding h-indices of three and three. One
noteworthy local resource was “PloS One,” a peer-reviewed
scientific journal that has been released by the PloS since
2006 and covers a wide range of academic areas.

8.2. Highest Number of Citations Based on Locally and
Globally. Tables 6 and 7 in this section list the papers that
have garnered the most local and international citations
from 2011 to 2022. The number of sources used to support
a report’s data analysis from other papers that were focused
on the same subject is indicated by the local citation count.
The impact of the writing is measured by a global citation
count, which is the total number of citations within the
database. Frequently, works on unrelated topics make up the
majority of the critical citations for an article. An article’s
citation count does not necessarily indicate how good it is,
but it does indicate how influential and well-known it is in
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the field of study. Intriguingly, the number of local citations
seems to boost a study’s influence on continuing research
efforts, such as those looking into depression. The paper with
the most worldwide citations was written by Chekroud et al.
[179] and was titled “Cross-Trial Prediction of Treatment
Outcome in Depression: A ML Approach,” with 328 total
citations and an average of 41 citations per year. With a total
of 241 citations and an average of 22 per year, the second-
most cited article worldwide was written by Hosseinifard
et al. [180] in 2013. An article written by Helbich et al. [162]
that was published in 2019 and has 195 citations in the
journal Environment International, is the third-most cited
article.

Among the top 10 most cited publications, the work
titled “Cross-Trial Prediction of Treatment Outcome in
Depression: A ML Approach” was the most popular, proving
its superiority. According to the citation data, the study by
Chekroud et al. was one of the most widely and locally cited
studies. The study by Chekroud received 328 worldwide and
19 local citations in total, placing it #1 in terms of local
citations. The second-most mentioned local piece was
Hosseinifard’s study, with Islam’s paper coming in third.
Notably, Chekroud’s work received more regional citations
than international citations.

8.3. Comparison Between Keywords and Occurrences.
Figure 5 shows these keywords provide information about
the research’s thematic focus and emphasis. The prevalence
of terms such as “symptoms,” “disorder,” and “anxiety”
indicates a noteworthy focus on characterizing and com-
prehending the psychological aspects and clinical pre-
sentations of depression in the context of IIoMT
applications. Furthermore, using words such as “classifica-
tion” and “prevalence” suggests that [oMT will be discussing
the epidemiological and classification aspects of depression.
The word “risk” frequently appears in the research, which
emphasizes its investigation of variables that lead to the
onset or worsening of depression. This may involve looking
at risk assessment techniques or predictive models made
possible by IoMT technologies.

In addition, the prominence of terms such as “health”
and “mental health” points to a broader understanding of
the comprehensive well-being of depressed people and the
potential contribution of IoMT to the promotion and
monitoring of mental health.

8.4. Spread or Dissemination of the Author Keywords. A
bibliometric examination of author keywords over the
current study period uncovered 578 keywords. The top 20
author keywords for articles on depression were analyzed
and grouped. The node weight is represented by the size of
the node and word, while the distance between them
shows the strength of the relationship. The terms are
connected by thin lines, with stronger lines denoting more
co-occurrence. Color-matched nodes are clustered to-
gether. According to the research trend, the top four
commonly used terms were “machine learning,” “de-
pression,” “deep learning,” and “artificial intelligence.”
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Furthermore, the biblioshiny interface was used to ex-
amine the term spread of the top 20 most common
keywords and coword networks. According to the results
of the poll combined with the keywords, the top four
commonly used terms were “machine learning,” “anxi-
ety,” “mental health,” and “classification.” The author’s
keywords and these findings shared some similarities.
Terms including “depression detection,” “prediction,”
“EEG,” “sentiment analysis,” “major depressive disease,”
“diagnosis,” “support vector machine,” and “supervised
machine learning” were among the top 20 most common
searches, and these terms were similar to the author’s
keyword findings.

8.5. Highest Number of Citations and International Collab-
oration on a Global Scale. 'The top 10 nations with the most
article citations, together with their overall and average
citation counts, are shown in Table 8 and Figure 6. Notably,
with a total of 1002, 474, 339, and 241, respectively, the
United States, China, Germany, and Iran had the most
citations. The four colors of the map show that there are
more varied research trends today. Assessing in-
terinstitutional partnerships can be a helpful strategy to
gauge the degree of cooperation between nations and their
exchange of involvement with top-tier countries in this
area. The important nations are shown as vital nodes, and
the links between them are symbolic of institutional ties.
The degree of cooperation among the countries is shown by
the distance between the nodes and the strength of the
linkages. In addition, the thickness of the link between two
countries is positively connected with the strength of their
collaborative relationship, but the reverse is true. The
United States of America, Israel, Japan, Sweden, and Korea
had the strongest connections with the other nations in this
cooperative network. The most important group, which
included Canada and neighboring nations such as Brazil in
addition to its local geographic area, was led by the
United States. In terms of cross-border collaboration, the
second group, which was led by the United Kingdom and
included Singapore and Canada, might be regarded as one
of the network’s main centers.

The third group, which included the United States and
France at the top, had a lot in common. Germany built
beneficial friendships with other European nations such as
Australia and India while maintaining close ties to Israel.
Lastly, Pakistan and Saudi Arabia joined forces with the
fourth group, which was led by Spain. In a similar vein, we
discovered that Dartmouth College has the largest network
of collaborators in the study of stress, anxiety, and
depression.

8.6. Network Visualization Based on Previously Published
Studies. Using VOSviewer, we created the network visual-
ization based on previously published research (Figure 7).
This network visualization contains 95 objects, 5 clusters,
3379 links, and 11,683 link strengths. The terms most closely
related to our study were presented in this network visu-
alization. To determine the precise task associated with
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TABLE 6: Most relevant global citation documents.
DOI 1st author Journal TC TClyear Normalized TC
[179] Chekroud Lancet Psychiat 328 41.00 3.42
[180] Hosseinifard Comput Meth Prog Bio 241 21.91 1.81
[162] Helbich et al. Environ Int 195 39.00 5.74
[181] Koutsouleris Jama Psychiat 175 29.17 2.69
[182] Fulmer Jmir Ment Health 116 19.33 1.78
[183] Nouretdinov Neuroimage 105 8.08 1.00
[184] Patel Int J Geriatr Psych 90 10.00 1.69
[185] Islam Health Inf Sci Syst 89 14.83 1.37
[127] Lin Front Psychiatry 78 13.00 1.20
[186] Ay J Med Syst 77 15.40 227
TaBLE 7: Most relevant local citation documents.
Reference Year LC GC LC/GC ratio (%)
[179] 2016 19 328 5.79
[180] 2013 9 241 3.73
[185] 2018 8 89 8.99
[121] 2020 7 24 29.17
[156] 2018 6 61 9.84
[187] 2015 5 35 14.29
[184] 2015 5 90 5.56
[188] 2016 5 38 13.16
[158] 2018 5 44 11.36
[186] 2019 5 77 6.49

Prevalence

Health

Mental health

Risk

Major depression

Disorders

Keywords

Classification

Anxiety

Disorder

Symptoms

Occurrence

FIGURE 5: Comparison between most frequent keywords and occurrences.

IIoMT and depression, researchers, academicians, aca-
demics, scientists, and doctors would benefit from knowing
the closest phrases. This research will create a new avenue for
finding important and pertinent work on depression. Pre-
viously, we also implemented this technique in the field of

premenstrual syndrome with oxidative stress [189], in-
somnia sleep disorder [190], bruxism sleep disorder [191],
stress with ML [108], blockchain technology with crypto-
currency [192], anxiety with medical intelligence [193],
lumpy skin disease [194], and smartphone addiction with
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TaBLE 8: Most relevant total citation countries.
Country TC Average article citations
United States of America 1002 20.45
China 474 11.85
Germany 339 56.50
Iran 241 24.10
Australia 143 14.30
Korea 133 7.00
United Kingdom 109 13.63
Denmark 106 53.00
Netherlands 98 19.60
Bangladesh 91 45.50
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FIGURE 6: Top 10 nations based on (a) total and (b) average per article, citations.
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oxidative stress [195]. In this study, we analyzed depression
research using established and cutting-edge intelligent IoT
methodologies.

Along with network visualization, we also provided
detailed information about depression and its associations.
We also provided the IIoMT architecture with problems and
their fixes. For the identification, advice, categorization, and
prediction of depression, we discovered that intelligent
strategies are more precise and effective. Multidisciplinary
specialists would benefit from our study because it combines
intelligent approaches with biological and medicinal
approaches.

9. Discussion

Integrating AI, IoT, and IoMT in managing depression offers
numerous opportunities for enhancing mental health care,
but it also brings several challenges that must be carefully
navigated. This comprehensive approach leverages the
strengths of both AI and IoMT to provide personalized,
efficient, and accessible treatment for depression while also
addressing concerns related to privacy, accuracy, technical
implementation, and ethical considerations.

One of the most significant strengths of integrating Al
with IoMT in treating depression is the ability to provide
personalized treatment. AI algorithms can analyze data
from various IoMT devices, such as wearable sensors, smart
home devices, and mobile health applications, to create
tailored treatment plans that address the unique needs of
each individual. This data-driven approach enables dy-
namic adjustments to treatment plans based on real-time
data, leading to more effective and responsive care. Sim-
ilarly, there is the potential for early detection and pre-
vention of depressive episodes and mental health care.
Continuous monitoring through IoMT devices allows for
the tracking of physiological and behavioral indicators,
such as sleep patterns, activity levels, heart rate variability,
and even speech patterns. Al can analyze these indicators to
detect early signs of depression, enabling timely in-
terventions that can prevent the progression of the dis-
order. Predictive analytics powered by Al can identify
patterns and risk factors, potentially predicting depressive
episodes before they occur, allowing for proactive measures
to be taken. Remote monitoring capabilities allow patients
to be observed in real-time without the need for frequent
in-person visits, making mental health care more accessible
to those who may have difficulties attending regular ap-
pointments due to geographical, physical, or logistical
barriers. Telemedicine platforms enhanced with AI can
offer immediate support and resources, including AI-
powered chatbots and virtual therapists that provide
round-the-clock assistance, thereby bridging gaps in care
availability. Enhanced data collection and analysis are
further strengths of this integration. Al can synthesize data
from multiple IoMT devices to comprehensively view
a patient’s mental health. By processing vast amounts of
data, AI can uncover insights that might be missed by
traditional methods, leading to a more nuanced un-
derstanding of the factors contributing to depression. This
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comprehensive data integration enables healthcare pro-
viders to make more informed decisions, improving the
overall quality of care.

Despite these significant strengths, notable weaknesses
and challenges are associated with integrating AI with [oMT
in managing depression. One of the primary concerns is data
privacy and security. Mental health data are highly sensitive,
and any breach of this information can have serious con-
sequences for patients. Ensuring the privacy and security of
data collected through IoMT devices and processed by Al
systems is paramount. The accuracy and reliability of Al
algorithms and IoMT devices also pose significant chal-
lenges. Al algorithms may be biased if they are trained on
nonrepresentative datasets, leading to incorrect assessments
or recommendations. Ensuring the reliability and accuracy
of IoMT devices is equally important, as any malfunction or
error can result in incorrect data being fed into Al systems,
potentially leading to flawed conclusions and inappropriate
interventions. Continuous validation and improvement of
these technologies are necessary to maintain high standards
of accuracy and reliability. Human oversight remains crucial
in the integration of Al with IoMT to manage depression.
While AI can provide valuable insights, clinical supervision
is essential to interpret these data accurately and make in-
formed decisions. There is a risk of over-reliance on Al,
which could lead to the negligence of traditional clinical
judgment and the important human element of patient-
provider interactions. Striking the right balance between
leveraging AT’s capabilities and maintaining human over-
sight is critical for effective and compassionate mental
health care.

For the diagnosis of depression and its treatment, several
methodologies have been put forth. Most of the in-
vestigations used various diagnosis methods, such as
questionnaires used for self-reporting. Extensions to this
include numerous multimodal techniques, but the results
are subpar. To benefit patients, clinicians, and society, we
should explore more efficient procedures and multimodal
approaches instead of fixating on time limitations and di-
agnostic accuracy alone. There is a chance that patients are
giving inaccurate information in the authors’ discussion
[118] of the lack of information regarding patients’ histories
and socioeconomic circumstances from various geographic
places. Geographical and satirical region diversifications are
essential inputs. Studies using many modalities that combine
patient biomarkers with electronic health record data and
various other criteria can provide reliable and accurate
predictions of the stages of depression, the impact of
treatment, and predicted results. The majority of the studies
included methods of diagnosis, such as self-reporting
questionnaires. Extensions of this include numerous mul-
timodal strategies currently in use, although the results are
subpar. Contrary to time restrictions and the accuracy of
diagnosis, we need to think about more effective methods
and multimodal strategies that will benefit patients, medical
professionals, and society as a whole.

This review uses bibliometric analysis to examine the
development of knowledge tracking and assess research
trends in depression as one of its key goals. Our study
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FIGURE 7: Network visualization based on existing studies using VOSviewer.

showed that the research production has significantly in-
creased in recent years, highlighting the necessity for
a thorough evaluation of the state of depression research to
direct future research goals. In order to conduct a global
bibliometric analysis of depression research, we looked at
publishing patterns, prolific authors, journals, and nations.
Our findings imply that a good indicator of output and
progress in the discipline is the number of publications in
that field. Notably, the most significant national and in-
ternational citations for research on depression were given
to the Journal of Affective Disorders and Frontiers in
Psychiatry. Throughout the study period, we noticed fluc-
tuations in the volume of publications on depression, with
a general uptick in 2022.

A national-level summary of the development of de-
pression research in nations on several continents was also
offered by the analysis. Germany and the United States were
notably active in the field of depression study, with
American contributions predominating in all other scholarly
journals. According to our analysis, the United States of
America collaborated with other countries more frequently
than any other country, with the closest relationships being
experts from the United States, Germany, and China.
Furthermore, our findings suggest that most countries were
interconnected through a network of cooperation, as in-
dicated by the lines on the network map. In terms of ci-
tations and h-index, China, the United States, and Germany
were the top three countries. According to the statistics,
Turecki and Benrimoh were the writers who had the biggest
influence on depression research, and Dartmouth College
was one of the key institutions and organizations in the field.

Last but not least, the keyword co-occurrence analysis
revealed several study topics of interest to scientists, with
“ML” and “depression” appearing most frequently. As

a result, our study offers insightful information on the
development of the depression research that might guide
future research goals and promote collaborations between
researchers in other domains.

Incorporating bibliometric analysis into research has
become increasingly common due to its diverse applica-
tions and benefits [196]. Firstly, the bibliometric analysis
allows researchers to gain insights into previously pub-
lished works, facilitating a comprehensive understanding
of the existing literature relevant to their field of study. By
analyzing publication details such as authorship, citation
counts, and journal impact factors, researchers can identify
seminal papers, influential authors, and key research
trends, aiding in the formulation of research questions and
hypotheses. Moreover, the bibliometric analysis enables the
assessment of research productivity and impact on a global
scale, providing valuable metrics such as country-wise
publication distributions and citation indices such as the
h-index. These metrics not only assist researchers in
benchmarking their own performance but also aid funding
agencies, academic institutions, and policymakers in
evaluating the impact of research outputs and allocating
resources effectively. In addition, the bibliometric analysis
facilitates interdisciplinary collaboration by mapping col-
laboration networks and identifying potential research
partners across different institutions and geographic re-
gions. Furthermore, authors conducted the bibliometric
analysis to track the dissemination and impact of their own
work, monitor citation trends, and identify potential av-
enues for future research. Overall, the bibliometric analysis
serves as a powerful tool for researchers to navigate the vast
landscape of scholarly literature, assess research impact,
and make informed decisions in their academic pursuits
[197-199].
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10. Current Challenges and Issues

It is crucial to acknowledge that the literature data sources
for this study were limited to the WoS database, which may
not provide a comprehensive understanding of depression.
Nevertheless, the study drew from high-quality international
journals, which serve as the foremost source of scientific
communication in the field. Furthermore, because the ter-
minology used in abstracts was not considered, the study
might have missed some articles that do not employ in-
structional keywords in the title. The gray literature and
articles written in languages other than English were also
excluded, and any reference lists of eligible articles that
would have pointed to any potentially missing studies. This
may have led to the omission of pertinent documents that
were published in conference proceedings and gazettes. The
study also identified trends in scientific discoveries that are
likely to have an impact on future research initiatives by
focusing purely on the scientific research literature.

Depression, a prevalent mental health condition, affects
millions worldwide. With advancements in technology and
the Internet, IoT has a growing interest in utilizing in-
telligent IoT systems for the detection, prediction, and
analysis of depression. These systems leverage connected
devices and sensors to gather continuous data about in-
dividuals’ behaviors, activities, and physiological parame-
ters. While promising, implementing IoT-based solutions
for depression detection presents several complex challenges
that need to be addressed to ensure efficacy, accuracy, and
ethical standards. This section highlights various research
challenges in detecting, analyzing, predicting, and moni-
toring depression using Intelligent IoT. The detailed chal-
lenges and issues are given below.

10.1. Data Quality and Reliability. 10T devices are used for
monitoring depression symptoms that rely heavily on data
collected from various sensor devices, such as heart rate
monitors, sleep trackers, and accelerometers. The major
challenges lie in the reliability and quality of the collected
data as various factors, including noise, environmental in-
terference, and sensor accuracy, impact the data. Intelligent
approaches, such as ML and DL, are used to analyze de-
pression, which depends on input data’s reliability and
quality. Thus, ensuring data quality and implementing ro-
bust data validation techniques are critical for reliable de-
pression detection and prediction.

10.2. Interpretation of Behavioral Cues. Analyzing IoT-
generated data to detect subtle behavioral cues indicative
of depression poses a significant challenge. Depression
manifests differently in individuals, making it challenging to
develop standardized behavioral models. ML and AI algo-
rithms need to interpret complex behavioral patterns ac-
curately. Contextual understanding of behavior, such as
changes in social interactions, sleep patterns, and physical
activity, is crucial for reliable depression analysis. There is
a dearth of IoT-generated data on the long-term effects of
depression treatments despite many of them being helpful in
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the short term. It is necessary to conduct further research to
comprehend the long-term effects of depression and its
treatment on people’s physical and mental health as well as
on society at large.

10.3. Privacy and Data Security. 10T devices collect sensitive
data related to individuals’ mental health, which raises
significant privacy and security concerns. Ensuring data
encryption, secure transmission, and storage protocols are
essential to protect users’ confidentiality and prevent un-
authorized access. Privacy-preserving techniques such as
data anonymization and decentralized data processing must
be implemented to maintain individuals’ privacy rights and
comply with data protection regulations.

10.4. Long-Term Monitoring and User Engagement. The co-
occurrence of depression with other mental and physical
health issues is common, which can make diagnosis and
treatment more challenging. In order to create effective
interventions for people with comorbid disorders, the re-
search is required better to understand the connections
between depression and other health issues. The availability
of mental health services, particularly treatment for de-
pression, is frequently restricted by issues including cost,
location, and stigma. These care-related obstacles must be
identified and addressed to create efficient solutions avail-
able to everyone. Continuous monitoring of depression
symptoms over extended periods using IoT devices requires
addressing user engagement and device usability challenges.
Maintaining user motivation and compliance with IoT-
based monitoring protocols can be difficult. Factors such
as device comfort, battery life, and user experience play
a crucial role in ensuring long-term user engagement and
adherence to monitor programs.

10.5. Ethical Considerations and Stigma. The use of IoT for
mental health monitoring raises important ethical consid-
erations, particularly regarding consent, autonomy, and
stigma. Individuals must have control over their data and be
informed about how these will be used. Ensuring trans-
parency in data collection and analysis processes is essential
to build trust and minimize stigma associated with mental
health monitoring technologies. When conducting the re-
search on depression, ethical issues must be considered, just
like in other fields of study. For instance, researchers must
weigh the potential advantages of novel therapies against the
risks of harm to study participants. They also must make
sure that the research is carried out with cultural sensitivity
and respect.

10.6. Integration and Interoperability. Integrating diverse
IoT devices and sensors into a unified platform for de-
pression monitoring requires addressing interoperability
challenges. Different devices may use varying data formats,
communication protocols, and data transmission rates.
Ensuring seamless integration and interoperability among
IoT components is essential for creating a comprehensive
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and effective depression monitoring system. The creation of
new technology and tools for researching depression pres-
ents a challenge for engineering researchers. For instance,
while neuroimaging methods such as fMRI and EEG have
contributed to our understanding of the neurological
mechanisms underlying depression, their capacity to portray
the disorder’s complex and dynamic character is constrained
[200, 201].

10.7. Personalization and Adaptability. Depression is
a highly personalized condition, and its symptoms can vary
widely among individuals. Developing personalized IoT-
based depression monitoring systems that can adapt to
individual differences is crucial for accurate assessment and
intervention. Accurate diagnosis of depression is one of the
problems with the depression research. There are no par-
ticular biomarkers or tests that can accurately diagnose
depression because it is a complicated condition that can
manifest in a variety of ways. Furthermore, depression
frequently co-occurs with other mental health conditions,
such as anxiety or substance use disorders, making diagnosis
and treatment more difficult. ML models must be trained on
diverse datasets to account for individual variability and
ensure generalizability across different population groups.

10.8. Validation and Clinical Adoption. Validating the ef-
fectiveness and clinical utility of IoT-based depression
monitoring systems is a critical challenge. Robust clinical
trials and studies are needed to evaluate these systems’
accuracy, sensitivity, and specificity compared to traditional
assessment methods. Collaborating with mental health
professionals and regulatory bodies to validate IoT-based
depression monitoring solutions is essential for their
widespread adoption and integration into clinical practice.
Although many people with depression find that drugs work
well for them, nonpharmacological treatments such as
psychotherapy, physical activity, and mindfulness-based
approaches are gaining popularity. Research is required to
determine the people who may benefit from these treatments
and better understand the underlying mechanisms. Despite
the fact that depression is frequently categorized as a mental
health disease, the psychological processes that cause de-
pression are still not entirely understood. It is necessary to
conduct more research using more wearable devices to
comprehend how psychological elements such as stress,
trauma, and personality features may contribute to the
onset, monitoring, and maintenance of depression.

11. New Prospective

Our study covered a range of investigations into the effects of
depression on patients’ general QoL. Future research can
address various issues and shortcomings, starting with
proposing a multimodal diagnostic strategy to handle de-
pression diagnosis. At the same time, we can consider
creating new models for early diagnosis that support
boosting treatment effectiveness. Diagnostic methods used
in telemedicine would aid the treatment. We can envision
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microbiota analysis and stimulation as ways to improve
patient care. Last but not least, we can use several techniques,
including fMRI, MRI, EEG, ECG, and facial expression
recognition. In general, understanding depression diagnosis
and treatment outcomes can be aided by yoga and in-
tegrative medicine interventions. Future research on de-
pression may also examine a number of additional areas of
the studies given below:

11.1. IoT Devices for Detection and Monitoring. IoT devices
are playing a transformative role in the early detection and
continuous monitoring of depressive symptoms. These de-
vices, equipped with sensors and connectivity, gather real-
time data on various physiological and behavioral parameters,
providing valuable insights into an individual’s mental state.
For instance, wearable biosensors can track changes in heart
rate variability, sleep patterns, activity levels, and skin con-
ductance—biomarkers that correlate with depressive symp-
toms. By continuously collecting and analyzing these data
points in real-time, IoT systems can detect subtle changes
indicative of depressive episodes. ML algorithms can process
this information, learning individual patterns and detecting
deviations that may signal the onset of depressive episodes.
Real-time monitoring and analysis of brain activity using
brain-computer interfaces (BCIs) could lead to new un-
derstandings of the neurological mechanisms causing de-
pression. BCIs could also be utilized to create fresh
approaches to brain stimulation therapy for depression. This
proactive monitoring enables timely interventions, such as
alerts to caregivers or healthcare providers, enhancing early
intervention strategies. Similarly, blockchain technology may
be utilized to provide safe and confidential platforms for
exchanging health information, opening the door to increased
collaboration and inventiveness in the field of treating and
researching depression.

11.2. Predictive Analytics and Risk Assessment. 1oT-driven
predictive analytics hold promise in identifying individuals
at higher risk of developing depression. By integrating di-
verse data sources—ranging from social media activity and
smartphone usage patterns to environmental factors—IoT
platforms can create comprehensive risk profiles. For ex-
ample, NLP algorithms can analyze text data from social
media posts to identify linguistic markers associated with
depressive tendencies.

Combining these insights with demographic, genetic,
and lifestyle data enables the development of personalized
risk models. These models can predict the likelihood of
depressive episodes with increasing accuracy, facilitating
targeted preventive interventions. Early identification of
high-risk individuals empowers healthcare providers to
implement tailored interventions, potentially reducing the
severity and frequency of depressive episodes. There is still
alack of research in the prevention and treatment of efficient
therapies for depression. Researchers may, for instance, look
into the effectiveness of complementary therapies such as
exercise, mindfulness-based interventions, and dietary
changes in preventing or treating depression.
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11.3. Ambient Assistive Technologies. IoT-enabled ambient
assistive technologies are reshaping the therapeutic land-
scape for individuals with depression. Smart home devices
equipped with voice assistants and adaptive lighting systems
can create supportive environments responsive to emotional
states. For instance, these systems can adjust room lighting
based on mood cues or play soothing music in response to
stress indicators.

Moreover, IoT-driven virtual reality (VR) and aug-
mented reality (AR) applications offer immersive thera-
peutic experiences. Anxiety and PTSD are two mental health
issues that VR and AR can have promising future in
treatment. VR simulations can provide exposure therapy for
anxiety or depression in controlled environments, offering
a safe space for cognitive-behavioral interventions. AR
applications overlay contextual information in real time,
aiding individuals in navigating challenging social situations
or managing daily activities.

11.4. Data-Driven Insights and Treatment Optimization.
The integration of IoT data with advanced analytics presents
opportunities for refining treatment strategies and opti-
mizing outcomes for individuals with depression. By ag-
gregating real-world data from diverse IoT sources—clinical
records, wearable devices, and patient-reported out-
comes—healthcare providers gain comprehensive insights
into treatment efficacy and patient response.

Analyzing these data using Al algorithms unveils pat-
terns and correlations unobservable through traditional
methods. These insights inform personalized treatment
plans, guiding medication adjustments or therapy modifi-
cations tailored to individual needs. Furthermore, real-time
feedback loops enabled by IoT technologies facilitate con-
tinuous monitoring of treatment adherence and progress,
fostering collaborative patient-provider relationships.

While a substantial corpus of studies has been done on
the molecular causes of depression, additional research is
still required to fully comprehend the neurobiology of this
condition. Researchers could, for instance, look at the role
that neurotransmitters, hormones, and genetics play in the
onset of depression. With other mental health diseases and
physical illnesses, depression frequently coexists. The re-
lationships between depression and other illnesses such as
anxiety, BPD, and cardiovascular disease could be studied in
the future using various wearable devices.

11.5. Ethical Considerations and Challenges. While IoT-
driven innovations offer transformative benefits, they also
raise ethical considerations and challenges. Data privacy and
security remain paramount, necessitating robust encryption
protocols and transparent consent mechanisms. Further-
more, biases inherent in Al algorithms must be mitigated to
ensure equitable and accurate outcomes across diverse
populations.
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Integration into existing healthcare systems requires
interdisciplinary collaboration and regulatory frameworks
to ensure safety and efficacy. In addition, addressing the
digital divide—ensuring equitable access to IoT tech-
nologies—is essential to prevent exacerbating healthcare
disparities.

12. Conclusions

The IIoMT is catalyzing a paradigm shift in the detection,
prediction, and analysis of depression. By harnessing IoT
devices and advanced analytics, healthcare systems are
moving towards personalized, proactive, and data-driven
approaches to mental health care. Embracing this techno-
logical revolution requires navigating ethical challenges and
fostering inclusive innovation, ultimately enhancing out-
comes and QoL for individuals affected by depression. This
review offers a thorough analysis of the interaction between
AJ, IoMT, and depression that examines various charac-
teristics and pertinent major difficulties. The paper covers
a variety of depression prevention strategies, and detailed
discussion of depression and bibliometric analyzes of de-
pression in various contexts. In identifying, analyzing, and
monitoring depression, the paper also contrasts conven-
tional and intelligent approaches. In addition, it describes
the IToMT architecture used for identifying and monitoring
depression. Finally, a thorough discussion of the difficulties,
problems, and potential future prospects for research into
the integration of depression and IIoMT applications was
conducted.
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