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Abstract—The systematic survey paper '"Wearable
Tech In Mental Health: A Comprehensive Review of
Monitoring and Machine Learning Applications"
critically examines the current evolution in the research
landscape regarding wearable sensors for detection and
management in anxiety, stress, and panic disorders.
Several types of physiological and behavioral data are
being evaluated that these devices typically collect, such
as heart rate variability, electrodermal activity, sleep,
and their efficiency for real-time monitoring and
predicting. mood or mental health problems.
Additionally, the review suggests the application of
wearable technology in union with ML models which
would improve the precision and generalization of
measures across a population related to mental
health.The article spans many research gaps, such as
the recommended studies that take advantage of larger
populations, ethical issues (especially concerning data
privacy), etc. It also mentions the importance of efforts
on developing larger scale user independent models and
clinically relevant explainable Al systems designed to
promote usefulness for practitioners in the field. The
conclusion is that while the use and intervention of
wearable technology has enormous promise for
personalized mental health intervention, further work
is still necessary to address the challenges indicated with
wearable technology in mental health before the
potential impact of widespread use can be
accomplished.

Index Terms—Anxiety, Ethical Considerations,
Machine Learning Models, Mental Health, Panic
Disorders, Physiological Monitoring, Privacy,
Wearable Technology

I. INTRODUCTION

In monitoring mental health, wearable technology
has rapidly emerged as a transformative tool.
Physiological monitoring  devices, including
smartwatches and activity trackers, are becoming part
of daily life, and the unprecedented opportunities
they offer for real-time monitoring of mental health
should be analyzed and studied with great
importance. These devices track physiological

signals that serve as critical indicators of mental
health conditions, such as anxiety disorder, stress,
and depression by detecting heart rate variability
(HRV), electrodermal activity (EDA), and sleep
patterns. Recently, there has been an increasing
number of research studies investigating the potential
of wearable technologies to provide continuous and
objective assessments of mental health. This interest
was accelerated in search of a solution to overcome
limitations in traditional approaches to mental health
assessment, which generally involve self-report data
and/or clinical evaluations, which may be biased and
occur infrequently. Wearables have the capacity to
track live data, thus making interventions not just
more dynamic but also very early, which may
improve outcomes in persons with a mental health
condition.

However, integrating wearable technology into
mental health care also presents challenges such as
data accuracy, privacy concerns, and generalizability
issues in machine learning models across diverse
populations. Ethical implications for continuous
monitoring and data misuse are very critical
considerations that should be taken into account as
this technology is increasingly used.

This survey paper is structured as follows: The
introduction provides an overview of wearable
technology in mental health monitoring. Section 2
presents the background and current research trends.
Section 3 offers a comparative analysis of various
approaches and technologies. The discussion of
findings and insights is provided in Section 4,
followed by the conclusion in Section 5.

I1. BACKGROUND

Wearable technology has taken a step ahead by
incorporating mental health, along with the physical
aspects of health monitoring, which is a growing field
in research. Preliminary studies give us an
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understanding that physiological signals, such as
heart-rate variability and electrodermal activity can
help us in detecting anxiety and stress regarding
mental health conditions. These signals provide
continuous, objective monitoring which are
superlative than traditional self-reports. It becomes
more powerful by employing machine learning with
wearables, which could detect stress, anxiety and
depression with great accuracy.

There were challenges in this task too, such as he
need for a variety of datasets and ways to integrate
information from different sensors. Nevertheless,
wearable devices provide real-time monitoring that
help us for earlier intervention and empower
individuals to manage their mental health. From the
research we understand that there is also a need to
address several technical, ethical, and practical
challenges, which should happen during the
evolution of this field. Ensuring data accuracy and
privacy, developing generalizable models, and active
participation by engineers, clinicians, and ethicists
are some of the ways to overcome the challenges
faced in the field of research.

I1l. LITERATURE REVIEW

The exploration of wearable technology in mental
health monitoring has gained significant traction, as
reflected in the survey of 60 recent studies. These
studies broadly focus on utilizing physiological and
behavioral data captured by wearable devices to
predict, monitor, and manage various mental health
conditions, including depression, anxiety, and stress.

Real-time mental health monitoring, including stress
and anxiety detection, have integrated wearable
sensors and machine learning models that have been
thoroughly studied. These include analyzing
physiological signals such as heart rate variability,
electrodermal activity (EDA) or studying mental
health conditions in an effort to predict them based
on these signals. For example, DL techniques like
LSTM and Bi-LSTM networks are commonly used
to improve stress detection system accuracy.
However some obstacles such as real-time data
collection, noise removal and lack of standardized
datasets have been identified to a crucial extent that
needs to be addressed in order for generalizability
and reliability of these systems in practical cases
[1]1[16][19][20][21].

To detect early and provide personalized
interventions, wearable technology especially in
mental health status is promising. The use of

wearable devices such as smart watches to monitor
possible measures of biomarkers has been explained
in several papers by biometric aspects like levels of
activities, sleeping patterns, heart beats etc. The
scientific aim is prevent the occurrence of depression,
anxiety and other related conditions that eventually
lead to psychiatry treatment. Major research gaps
identified include population studies that are larger
and with varied characteristics, ethical issues around
privacy and better integration into
practice.Moreover, concerns have been raised
regarding the accuracy of some health metrics
measured by these devices and lack of longitudinal
data is still a huge challenge in this area [3]

[4][6][7][11].

Stress as well as emotion detection using Al and
machine learning algorithms has been extensively
researched in terms of mental health applications.
Various models have been used in this analysis
including Random Forests, SVMs and ensemble
approaches to analyze physiological, behavioral and
environmental data. These models have been assessed
for their ability to predict mental disorders such as
depression, stress, and anxiety. However research
continues to indicate that there is need for better
models that can wuse multi-modal data, user
independent models which would be usable by
various communities, development of explainable Al
systems which would make them clinically relevant
and foster trust [5][15][24][25][26].

The development of advanced healthcare monitoring
frameworks that integrate wearable sensors, social
networking data, and big data analytics has been
proposed to enhance long-term  disease
management.These  frameworks  utilize ML
techniques, including DL models like Bi-LSTM
networks, to classify patient health conditions and
predict drug side effects. Despite their innovative
approach, challenges such as the reliance on
insufficient sentiment lexicons, lack of multimodal
data integration, and the need for improved
classification accuracy through  probabilistic
ontologies have been identified as areas requiring
further research to fully realize the potential of these
systems [17][18].

The evaluation of mental health monitoring systems
using sensor data and machine learning has shown
significant potential but also reveals several research
gaps. These systems, which continuously collect data
related to mental health conditions like depression,
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anxiety, and stress, face challenges related to data
sparsity, the need for more comprehensive reviews
on specific mental health conditions, and the
integration of multimodal sensor data. There is also a
consistent call for better clinical validation methods
and standard protocols for system integration to
improve the reliability and effectiveness of these
monitoring systems [10][14][29].

Mobile health platforms (MHPs) and smartphone-
based applications are increasingly being used to
predict mental health conditions through data
collected from personal devices.These platforms
employ machine learning models such as Random
Forests, SVMs, and NLP techniques to analyze data
from various sources, including social media, text
messages, and physiological signals. However, the
research indicates that these systems need to address
challenges related to real-world data handling,
integration of diverse data types, and the need for
more comprehensive user interaction data to improve
the accuracy and usability of these mental health
prediction tools [23][27].

Studies leveraging EEG signals and feature
extraction methods for anxiety detection have shown
promising results. Various classification algorithms,
including LDA, KNN, SVM, and Random Forests,
have been used to evaluate the effectiveness of these
techniques. However, the research identifies a need
for improved classification performance and a better
understanding of feature extraction methods.
Furthermore, a notable gap exists in the exploration
of EEG-based anxiety detection compared to broader
emotion recognition studies, indicating the need for
more focused research in this area [28].

The integration of Al and Mental Health applications
into clinical practice has been explored, focusing on
the perspectives of mental health professionals.These
studies assess the benefits and barriers of using such
technologies in mental health care, particularly in
enhancing patient monitoring and integrating patient-
generated data into treatment protocols. However,
significant gaps include a lack of understanding of
the impact of these tools on daily workload, patient
engagement, and compliance, as well as ethical and
privacy concerns that need further investigation to
ensure the safe and effective use of these
technologies in clinical settings [30].

Using wearable technologies such as sensors and
mobile phones we can monitor stress, anxiety, and
depression. Machine learning techniques such as

SVM and ANNSs had been promising in both HRV-
based classification models and studies leveraging
physiological signals of HRV, electrodermal activity,
and skin conductance. Its challenging to bridge these
across diverging population and its sustainable
continuous application in everyday settings
[31][32][33][34][35][36].

When wearable devices are integrated with Al, they
have shown potential to detect mental health
conditions. From synthetic data, illnesses such as
depression and anxiety were predicted by Al models
using grow-and-prune DNNs analyze smartwatch
and phone data. To find effective applications in real
world there are some challenges which are
scalability, clinical validation, sensor variability and
biases in the Al models regarding generalization
across various populations.[34][37][38][42] Also
from the research we found out that wearable devices
can also excel in managing severe mental illness and
predicting stress in real-time by aiding early
intervention [35] [37].

Recent  breakthroughs by employing machine
learning in mental health include integrating various
sensor data, like physiological signals and behavioral
patterns, in order to make better predictions. Another
critical concern is that of Individual differences and
the need for larger datasets.[33][38][44][45].

Wearable technologies are increasingly being used to
monitor health, and many of these monitors have the
potential to provide real-time, continuous data about
a range of physiological and psychological states.
Several studies have illustrated the potential for such
devices to monitor mental health conditions and
provide actionable insights.

Several wearables have been designed, including the
Fitbit and Empatica E4, based on multiple
physiological signals, with features given by heart
rate, heart rate variability, and electrodermal activity
in terms of blood volume pulse; thus, in several
studies, they had demonstrated their efficiency in
quantifying stress as well as in monitoring mental
health. They detect instances of stress and monitor
physiological responses in real-life settings. In this
light, they offer valued data for early invention and
personalized treatment strategies [47][ 48][ 49].

More recently, in the integration of machine learning
and wearable sensor data to amplify accuracy in
stress detection models, much progress has been
made. These models make use of multimodal data
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inputs, such as heart rate variability, skin
temperature, and accelerometer data, to predict stress
levels at high accuracy. The advantages of remote
monitoring and management of mental health
conditions add value to [50][51][54]. The integration
of such parameters may provide models, which could
classify the real-time stress condition of a subject and
inform the user and clinicians about the trends in the
level of stress and possible triggers [49][ 54].

Several machine learning algorithms have been
explored for the potential improvement of detection
and prediction of mental health. Long short-term
memory methods, including LSTMs and neural
networks, have identified classifications based on
mental health measures using physiological signals
captured from wearable devices. For example, it was
demonstrated that LSTM models could achieve
classification accuracies as high as 83% using HRV
data for only brief durations in mental health
measures, hence showing the potential for deep
learning in real-time stress and health monitoring
[50][54].

Other papers also utilized machine learning on
synthesized physiological signals-skin conductance,
body temperature, and HR-to classify people into
either high or low-stress groups. These resulted in
high accuracy levels that assert the place of machine
learning in making wearable devices more effective
in monitoring mental health conditions [51][57].

There are also a range of challenges which wearable
technology faces, as well as some ethical issues, that
need to be implemented in a practical clinical context.
Some of them relate to user acceptance, problems of
privacy, and regulatory frameworks. The other case
is the one of adaptation, in which the deployment of
wearable devices to monitor mental health-as in
people with ASD-is considered; for this regard,
comfortability in wearing such a device, data
security, and proper user training in handling such
devices are important considerations. Moreover, such
devices monitor the patient constantly, which also
creates serious problems in terms of data privacy and
patient anxiety, since the patients will know at all
times that they are being monitored. This develops
appropriate formulation of secure data management
systems and ethical guidelines about data use [49][
52].

Wearables are also being adapted for application in
specific groups. For instance, a study among MES
patients applied wearables to monitor and measure

the condition of stress according to biosignals related
to heart rate variability, ECG, and galvanic skin
response. Integration with a mobile application, such
as StressObserver, could provide real-time feedback
and self-management competencies, hence showing
the possibility of wearable-based management of
chronic conditions.

Similarly, studies focused only on ASD participants
also showed that physiological monitoring was one
important factor in managing stress and anxiety. On
this, several wearable devices like wristbands and
smart clothes have been researched for physiological
state monitoring with the intent of valuably informing
the caregivers about the emotional triggers and
reactions to stresses [52].

Some of the future directions that arise from the
reviewed literature are the validation of findings with
more and larger diverse data sets across different
populations and settings. Second, further work in
machine learning algorithms and data fusion
techniques can lead to improvements in the accuracy
and reliability of stress detection and mental health
monitoring systems. The research should be directed
at improving user interaction, ensuring data privacy,
and standardization of protocols for the
implementation of wearable devices in health care
[46][54][57].

This wearable technology, coupled with deep data
analysis, has huge potential to bring a paradigm shift
in mental health monitoring and management. Issues
of ensuring data privacy, user acceptance, and
clinical validation still exist; continuous research is
needed to resolve these issues, opening the avenues
for a wider use of wearable devices for the care of
mental health conditions.

® . o —

Fig:1: Related Work
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IV. APPROACH ANALYSIS paper proposes the development and validation of
machine learning models that can adapt to varying
physiological baselines and behavioral patterns,
ensuring reliability across diverse demographic
groups. Ethical considerations, particularly around
privacy, consent, and Al biases, are also critical areas
that need addressing through interdisciplinary
research, which involves ethicists, data scientists, and
mental health professionals. Additionally, the paper
will emphasize the importance of conducting
longitudinal studies in naturalistic settings to validate
the real-world applicability of wearable technologies.
Finally, user-centric design and accessibility will be
prioritized to ensure that wearable devices are both
technologically advanced and culturally acceptable,
making them suitable for broad demographic use.
This survey paper aims to contribute to the
development of more accurate, ethical, and user-
friendly mental health monitoring solutions that can
improve mental health outcomes through early
detection and personalized interventions.

The survey paper aims to provide a comprehensive
review of wearable technology in mental health
monitoring, focusing on the integration of machine
learning models. The objective is to address existing
gaps and propose future directions that enhance the
accuracy, generalizability, and ethical application of
these technologies across diverse populations. While
wearable devices have demonstrated significant
potential in tracking mental health conditions like
anxiety, depression, and stress, challenges such as
data accuracy, real-world applicability, and ethical
concerns continue to hinder their widespread
adoption. Current research often focuses on single
types of physiological signals, missing the
opportunity to integrate multi-modal data, which
could provide a more holistic view of an individual’s
mental state. Moreover, the machine learning models
employed in these applications frequently lack the
generalizability required for effective use across
different populations and real-world settings. This

Table I: Summary of key findings in wearable technology for mental health monitoring

Study Data Type | ML Techniques Key Findings Challenges
Focus
Stress Heart Rate | LSTM, Bi-LSTM | Improved stress detection | Real-time data collection,
Detection Variability, accuracy noise removal
EDA
Depression | Sleep Random Forests, | Early detection of | Lack of  standardized
Monitoring | Patterns, SVM depression datasets, ethical concerns
Activity
Levels
Anxiety EEG LDA, KNN, SVM | Promising  results in | Need for better feature
Detection Signals anxiety detection extraction methods
Emotion Physiologi | Deep  Learning, | High accuracy in emotion | Need for multi-modal, user-
Detection cal Signals | Ensemble prediction independent models
Approaches
Real-time Multimoda | Bi-LSTM, Long-term disease | Integration of multimodal
Monitoring | I Sensor | Probabilistic management data, lack of clinical
Data Ontologies validation

highlight the use of wearable devices to monitor

V. DISCUSSION
physiological and behavioral data, which can provide

The integration of wearable technology in mental objective measures to complement traditional
health monitoring has shown promising potential in subjective assessments. This approach could lead to
enhancing the detection, management, and treatment more accurate and timely interventions for conditions
of mental health disorders. The reviewed studies such as depression, anxiety, and stress.
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Despite the optimistic outlook, several challenges
and research gaps have been identified. The real-
world applicability of wearable technology is limited
by factors such as data accuracy, security, and the
generalizability of machine learning models across
diverse populations. There is a need for more
comprehensive datasets, particularly those that
include stress-inducing scenarios, to improve the
reliability of stress detection models.

The ethical considerations and privacy issues
associated with the collection and analysis of
sensitive biometric data are significant concerns that
must be addressed to ensure the responsible
deployment of wearable technology in mental health
care. Additionally, the long-term effectiveness and
user acceptance of these devices in clinical settings
are areas that require further investigation.

The development of personalized stress remedies and
the use of wearable devices to predict relapses in
severe mental illness are innovative approaches that
could transform community mental health services.

Table Il: Key Insights from Survey Research

However, these advancements must be validated
through rigorous clinical trials and integrated into
existing healthcare systems in a way that is accessible
and equitable.

The document also underscores the importance of
interdisciplinary collaboration in the development
and implementation of wearable technology for
mental health. This includes the involvement of
clinicians, data scientists, and ethicists to ensure that
the technologies are not only effective but also
aligned with the values of society and the well-being
of individuals.

In conclusion, while wearable technology offers a
wealth of opportunities for mental health monitoring,
it is essential to address the identified challenges and
gaps to fully realize its potential. Future research
should focus on improving the accuracy and
reliability of wearable devices, ensuring user privacy
and data security, and exploring the ethical
implications of integrating these technologies into
clinical practice

Research Area

Gaps Identified

Proposed Future Directions

Stress Detection Real-time data, noise

Standardized datasets

Depression Monitoring | Ethical issues, privacy

Larger population studies

Anxiety Detection Longitudinal data

Multimodal data integration

General Wearable Tech

User-independent models, validation

Explainable Al, user studies

Number of Papers per Year
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Figure 2: Number of Research Papers by Year

From Figure 2, it can be understood the number of
published articles year by year from 2012 to 2024,
which showed a dramatic high peak in the year 2024
with the number of 30 papers. Other years that also
have rather high results are the year 2020 and the year
2021 with 10 and 5 papers each, respectively. Other

years like 2023, 2022, 2018 have quite low counts
that ranges about 3-4 papers. All the three years have
only 1 paper, which cautions that all the three years
under consideration have low level of research
productivity. From the above chart the number of
publications increases year by year and steeply rises
in 2024.

Distribution of Research Topics

Depression Monitoring
Stress Detection

Others

Wearable Devices

Al Models

Figure 3: Distribution of Research Topics
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In Figure 3, wearable devices have been identified to
take the bigger share of research in the field at 27%.
6%: The primary area that has witnessed much focus
is the development and use of technologies for
wearables for monitoring mental health factors
including heart rates and sleep pattern. Next is stress
detection, which makes up of twenty-four percent.
Thus, 1% of the research showing just how
significant is the support of stress level variations
through physiological signals. Other important ones
include the assessment of depressive symptoms, a
process that is completed in twenty. It has been noted
that 7% of the studies have followed up the symptoms
through the use of wearables. About 17. There were
two percent of the studies on the Al models that also
indicate how these devices incorporate artificial
intelligence into analytics that could potentially
diagnose conditions in mental health or predict them.
The last category is “Others” with approximately 10
percent of the total population. 3%, because in this
case it will be the number of topics, which will be
newly developing or rather specific within the field.
The said distribution toward on therefore point
toward practical emphasis of the issue, thus
incorporating in technology to mental health,
particularly managing stress and depression, along
with the emerging involvement of Al in this field.

Trends in Research Focus Over Time

6 wearable Devices
—+— Al Models
—s— Stress Meniroring

Number of Papers
N w - w

-

2020.0 20205 2021.0 20215 2022.0 20225 2023.0 2023.5 20240
Year

Figure 4: Trends in Research Focus Over Time

Figure 4 depicts the trends of the research focus
throughout three key areas: Growth of Wearable
Devices, Al Models, and Stress Monitoring Between
2020 and 2024. From this trend, it is possible to point
out an upward trend in all the three, which indicates
the interest in these research aspects is rising.
Wearable Devices and Stress Monitoring had a small
beginning with the number of papers in the year 2020
and wonderfully exhibited a very steep climb from
the year 2021 for Stress Monitoring which has

Table I11: Most Relevant 10 Papers from the Research

become the maximum by the year 2024. The use of
Al models reached the momentum at the beginning
and showed the highest growth in 2022, though it
declining in 2023, but may have the continental rise
in 2024. The curve above shows that all areas are
becoming more important, essentially indicating that
the trend of its research has been most heightened and
quite realistic in the aspect of Stress Monitoring, a
concept of monitoring one’s health status.

Common Machine Learning Technigues in Mental Health Monitoring

Number of Studies

LSTM SVM Random Forests KNN
Machine Learning Techniques

Deep Leaming

Figure 5: ML techniques in mental health
monitoring

The Figure 5 represents the ML techniques that are
used for monitoring stresses and anxiety; others like
LSTM, SVM, Random forest, KNN, Deep learning
are also the same which are represented in Figure 3
most of the times their application is to monitor
stresses, anxiety and depression, sometimes stress
and depression. It can also be further emphasized
from the graph that, especially for stress detection,
LSTM models are dominant, which might be
attributed to the fact that LSTM are particularly good
at handling time series data- an important feature
when working with physiological signals such as the
HRV. The rest of the machine learning techniques
considered in this overview, namely, SVM and
Random Forests, are also used under all three
conditions since they proved to be versatile and rather
effective in classification tasks with this kind of
complex and high-dimensional data. KNN and deep
learning techniques used and with slightly lower
frequency of occurrence. From this chart, one can
understand that present research deals with
improving the accuracy and reliability of wearables-
based mental health monitoring through the help of
ML while pointing to the directions for future
research such as the utilization of deep learning
models for anxiety detection and stress monitoring.
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Ref Title of Paper Relevance Gaps Tentative Approach

ere

nce

[2] Central to real-time | Limited real-world | Expand real-world
Predicting Stress Levels | stress monitoring via | testing, data accuracy | testing, improve
Using Physiological Data: | wearables. issues, small datasets. | accuracy, and develop
Real-Time Stress comprehensive datasets.
Prediction Models
Utilizing Wearable
Devices

[3] | Integrating Smartwatches | Use of smartwatches | Lack of large-scale | Conduct large trials,
in  Community Mental | for mental health | trials, ethical | address ethics, and
Health Services for Severe | monitoring. concerns, need for | personalize
Mental Illness personalization. interventions.

[31] | Identifying Objective | ldentifies stress | Homogeneous Broaden sample
Physiological Markers and | markers using | sample, no | diversity, explore causal
Modifiable Behaviors for | wearables, relevant to | exploration of causal | links between stress and
Self-Reported Stress and | objective mental | models. mental health.

Mental Health Status health monitoring.

[32] | Wearable Sensing Systems | Key to continuous, | Lacks detail on sensor | Focus on sensor
for Monitoring Mental | objective mental | miniaturization, miniaturization,

Health health monitoring. algorithm advanced  algorithms,
development, ethical | and ethical use.
considerations.

[33] | PRISM: A Data-Driven | Platform for | Challenges in | Enhance data
Platform for Monitoring | continuous integrating subjective | integration techniques
Mental Health monitoring,  crucial | and objective data. for continuous

for developing new monitoring.
tech in mental health.

[41] | Wearable Eye Tracking | Novel insights into | Insufficient long-term | Focus on long-term use
Technology for Mental | mental health | use research, lack of | studies, develop
Health Monitoring monitoring via eye | automated analysis | automated analysis

tracking. algorithms. algorithms  for  eye
tracking data.

[46] | Continuous Physiological | Relevant for | Noise in biosignals, | Develop noise-filtering
Monitoring Using | developing  mental | overlapping techniques for better
Wearable Technology to | health monitoring | physiological accuracy in monitoring
Inform Individual | applications. responses.

Management of Infectious

Diseases

[54] | Mental Health Monitoring | Overview of | Need for broader | Broaden sensing
with Multimodal Sensing | multimodal sensing, | sensing  modalities, | research and improve
and Machine Learning: A | important for | challenges in | automated monitoring
Survey covering diverse | automation. systems.

monitoring
technologies.

[58] | Explore the Integration of | Examines integration | Limited Study clinical
Sensor-Captured  Patient- | of wearable data in | understanding of | relevance, address
Generated Data in Mental | clinical mental health | clinical relevance, | adoption barriers.
Health Care for Veterans settings. adoption barriers

[59] | Anxiety Level Recognition | Relevant for | Needs better real-time | Improve real-time
for Virtual Reality Therapy | innovative use of | anxiety assessment | assessment in VR
System Using | wearables in mental | and personalized | therapy,  focus on
Physiological Signals health therapy. interventions. personalized

interventions.
VI. CONCLUSION mental health monitoring, there are numerous

This paper concludes that,

although wearable

technology has immense potential in revolutionizing

IJIRT 169785

challenges that need to be overcome before it can be

integrated into clinical

practice successfully.

Systematic reviews show how wearing devices have
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an edge over traditional forms of assessment because
they provide objective real-time data. However,
widespread acceptance and application still face
challenges such as ensuring the accuracy of data
generated from these devices, privacy issues
associated with their use and the difficulty of using
ML models on different population sub-groups
among others. Furthermore, more research is needed
to determine how effective wearable technology is
with various mental disorders and come up with
standards for data collection and analysis. In addition,
interdisciplinary collaboration should also be
adopted as far as ethical considerations are concerned
so that all individuals can benefit from wearable
technology without being limited by social or
geographical factors.
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