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The focus in recent years has been on biosensors that allow for the monitoring, prevention, and
treatment of health in real-time. With the rise in popularity of smart wearable devices comes
the ability to detect diseases. Soon, a new trend will emerge: individuals improving their health
through wearable devices, going beyond just exercising. The wearable technology industry is
booming, and its applications have expanded beyond simple step tracking to include the
detection and treatment of medical conditions and the promotion of overall wellness.
Accurately tracking persons is the goal of Internet of Things (IoT) healthcare monitoring
systems, which link a variety of devices and services over the Internet to gather, exchange, How to Cite this Article
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the prevalence of chronic illnesses is an important public health concern. Wearable computing
power is increasing, which opens the door to the possibility of using several full ML-trained
classifiers on a single wrist-worn device. It is now feasible to obtain high-quality biosignals
thanks to the proliferation of high-quality biosensors, the majority of which are less invasive
wearables. By integrating this technology with a more thorough comprehension of the
environmental elements that precipitate mental health problems, we can improve our ability to
detect and respond to potential mental health crises. Taking care of oneself should be as easy
as checking the time on your wrist. Researchers are actively exploring the potential of
consumer wearables to monitor PA, and new innovations in this area are expected to keep
popping up in the years to come.
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1. INTRODUCTION

The medical field has recently faced a new challenge: how to
help patients achieve health monitoring, in response to the
increasing global elderly population. The focus in recent years
has been on biosensors that allow for the monitoring,
prevention, and treatment of health in real-time. With the rise in
popularity of smart wearable devices comes the ability to detect
diseases. Soon, a new trend will emerge: individuals improving
their health through wearable devices, going beyond just
exercising. The wearable technology industry is booming, and
its applications have expanded beyond simple step tracking to
include the detection and treatment of medical conditions and
the promotion of overall wellness(Dunn. et al. 2021) [1]

The COVID-19 epidemic has brought attention to the
precarious state of mental health on a global scale. Mental
health issues have been on the rise in nations like the US due to
factors including persistent social exclusion, financial
instability, and sickness anxiety. Approximately 40% of
individuals reported suffering from a mental health or drug use
problem in a 2021 study from the CDC. In a similar vein, UK
mental health organisations saw a 30% spike in pandemic-
related calls and referrals for assistance. Socioeconomic
inequalities, health problems, and a lack of mental health
infrastructure are just a few of the many factors that have
contributed to this real-life mental health crisis. To tackle these
issues, we need to reform policies, expand financing for mental
health services, and work together as a worldwide community
to share solutions and resources (Ajami, S. &Teimouri
,2015)[2].

1.1 Concept of Mental Health Monitoring in IoT

The Internet of Things (IoT) is the next big thing in technology;
it has the potential to connect any two items in the world. The
healthcare industry has made extensive use of the Internet of
Things (IoT) to improve management by monitoring patients'
vitals and the surrounding environment. Connecting devices to
the web through sensors and networks is what the Internet of
Things is all about. On health monitoring equipment, these
interconnected parts can be utilised. Used sensors transmit data
to faraway places using means such as machine-to-machine
(M2M) communication, which includes computers, humans,
portable devices, and cellphones. It is an easy, intelligent,
scalable, interoperable, and straightforward solution to monitor
and improve treatment for any health issue (Khan SF et al.
2017)[3].

Accurately tracking persons is the goal of Internet of Things
(IoT) healthcare monitoring systems, which link a variety of
devices and services over the Internet to gather, exchange,
monitor, store, and analyse data. In smart applications such as
cities, housing, and healthcare, this paradigm allows for the
remote control of physical items. Through the integration of
sensor networks into medical care, patient monitoring and
diagnosis are made easier, and data may be accessed anytime,
anywhere in the world. Recent health crises have brought into
sharp focus the requirement of continuous surveillance beyond
traditional healthcare models, since the prevalence of chronic

illnesses is an important public health concern. Improving
healthcare accessibility and decreasing expenses associated
with hospital visits and diagnostic procedures, Health
Monitoring Systems (HMS) driven by the Internet of Things
(IoT) provide real-time monitoring and fast medical support.
Through the use of remote patient monitoring, healthcare may
be provided outside of traditional hospital settings, which
improves accessibility and lowers costs. By continuously
monitoring through smart sensors, IoT-based monitoring
systems fill the healthcare gap in distant locations and have the
potential to save lives during epidemics (Pang Z et al. 2013)[4]
There is an urgent need for efficient and reasonably priced
solutions due to the increasing prevalence of chronic diseases
and the need of real-time health monitoring, especially in
remote or rural areas where healthcare facilities are few.
Delays in diagnosis, increased healthcare costs, and worse
patient outcomes are common effects of the current healthcare
model's inability to provide continuous monitoring and rapid
therapies (Takpor TO. Et al. 2015) [5]

1.2 Components of IoT

Interconnection and data sharing between various devices and

systems over the Internet is achieved by a network of physical

objects that have software, sensors, and other technological
components. The Internet of Things relies on:

e Sensors and Actuators: Things that can both measure and
change their environment, such as heart rate monitors and
light switches.

o Connectivity: The systems that allow devices to
communicate with one another, including mobile phone
networks, Wi-Fi, and Bluetooth.

e Data evaluation tools frequently make use of cloud
computing and artificial intelligence (AI) for data
processing (Yang P. et al. 2018)[6]

e Platforms (such as mobile applications) that allow
consumers to engage with Internet of Things (IoT)
technologies in order to keep tabs on and control their
health.

Despite its importance to overall health, mental health is

frequently stigmatised or ignored. Anxiety, depression, and

stress may have devastating effects on a person's relationships,
productivity, and overall happiness. Burnout, poor
performance, and dissatisfaction with one's job are all
symptoms of persistent stress. Anxiety may make people
retreat from social situations and put a strain on their
relationships with loved ones. A loss of interest in and drive to
do routine tasks is a common symptom of depression, which
has a devastating impact on quality of life. There has to be
effective intervention and support for people with these mental
health issues since they can affect personal and professional

lives (Yin Y et al. 2016)[7].

Mental health difficulties have become much more common as

a result of the proliferation of the Internet of Things (IoT) and

associated ideas, such as ubiquitous computing. So, it's critical

to look at how IoT might help with mental health issues'
diagnosis, evaluation, treatment, and maybe even relief (Smith,
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A.A et al.2023)[8]. The evaluation and treatment of mental
health issues have traditionally depended substantially on self-
report and frequent consultations with mental health experts.
But these methods have their limits as they can only capture a
period in time when a person's mental state is at its most
fleeting. The emotional and behavioural patterns of an
individual can be better understood by continuous real-time
monitoring, which enables the early diagnosis of any issues and
timely action.

There will likely be far-reaching effects of the Internet of
Things in many sectors, including healthcare. Improvements in
patient health and happiness have resulted from the Internet of
Things' (IoT) novel approaches to monitoring, wellbeing
metrics, personal data monitoring, and knowledge data services.
(Song, Zet al. 2023)[9]These developments are encouraging,
but there is certainly need for more study in this field,
particularly in the realm of mental health. Because they can
gather real-time data that reveals patterns of behaviour and
activity, IoT technologies hold tremendous promise for the
diagnosis, treatment, and eventual cure of mental health issues.
Furthermore, these systems enable patients to have remote
discussions with their healthcare providers, which improves
evaluation and monitoring by allowing them to discuss their
discoveries, health, and issues. Unfortunately, mental health
has been sluggish to embrace IoT technology. This is partly
because some mistakenly believe these technologies might be
more dangerous for patients and others(Zhang, S. et al.
2023)[10].

1.3 Biosensors for the Monitoring of Patient Health:
Advancements and Innovations

Biosensor technology has seen a spectacular shift in the last
several years, with many new and exciting innovations. The
advent of wearable biosensors and the general trend towards
miniaturisation are two major forces propelling this change.
New, smaller biosensors have replaced their bulkier
predecessors, providing patients with an innovative approach to
track their vitals in real time. Because it enables people to
incorporate biosensors into their everyday lives without
interfering with regular activities, this change in form factor is
very important (Ye, S et al. 2020)[11].

The proliferation of wearable biosensors is an interesting
byproduct of miniaturisation. Users have the ease of continual
parameter monitoring with these devices, which are generally
built as unobtrusive patches or accessories. Because of its
compact design, not only is it more comfortable to use for
longer periods of time, but data can be collected continuously.
The creation of stretchable biosensors is another advancement.
Biosensors that can mould to the body's unique shapes are a
result of material innovations like improved composites and
flexible polymers. The flexibility to adjust to different
situations allows for better skin contact, which improves the
accuracy of measuring health parameters, particularly in
dynamic settings (Zhu, P et al. 2022)[12]. The incorporation of
Al and ML algorithms into intelligent data processing has made
it a fundamental component of biosensor innovation. In order to

turn raw biosensor data into useful insights, these algorithms
are vital. Processing and analysis in real-time allow for the
discovery of trends and outliers, which aid in the early
diagnosis of health problems. These days, the cutting edge of
medical technology is biosensors that include Al-driven
decision-support ~ systems. By  providing  insightful
interpretations of biosensor data, these technologies greatly aid
healthcare providers. Not only does this help doctors intervene
faster, but it also adds complexity to our knowledge of patients'
health. When it comes to health monitoring, the idea of multi-
parameter biosensors is a huge step forward. These days,
biosensors can assess a whole host of health metrics all at once,
painting a more complete picture of a patient's condition. This
all-encompassing method improves diagnostic capacities, which
in turn permits more precise health evaluations and bolsters a
tailored approach to healthcare (Jin, X et al. 2020)[13].

1.4 A Wide Range of Biosensors Makes Thorough Health
Monitoring Possible
Featuring state-of-the-art technology like the AD8232 for ECG
monitoring and the MAX30102 for heart rate and pulse
oximeter monitoring, this section dives into critical biosensors
necessary for thorough patient health monitoring. We take a
close look at these biosensors, breaking down their features,
specs, and how they work to improve real-time patient care..

e ECG Biosensors
Among biosensors, electrocardiogram (ECG) biosensors, and
more specifically, those embodied by state-of-the-art
technology such as the ADS8232, stand out. Thoroughly
designed to track the heart's electrical activity in real-time,
these biosensors reveal priceless information about
cardiovascular health(Zhang, Y et al. 2023)[14].

2. RESEARCH GAP

The use of biosensors to the monitoring of mental health
through the Internet of Things is an area where there is a
notable lack of study. There hasn't been a thorough integration
of wearable devices and IoT platforms to monitor psychological
and behavioural indicators for real-time mental health
assessment, even though previous research has shown that these
devices can track physiological parameters like heart rate, sleep
cycles, body temperature, and galvanic skin response. Rather
of addressing the complex and multi-dimensional nature of
mental health—which necessitates integrating biological,
emotional, and environmental data—most existing systems
concentrate on physical health monitoring. In addition, there
are still unanswered questions concerning the accuracy,
personalisation, dependability of long-term data, and the
capacity of biosensors to identify minor changes in mental
health. Additionally, there is a lack of research on the topics of
data security, privacy, and the ethical use of sensitive mental
health information. In order to address the urgent demand for
continuous, personalised, and predictive mental health
assistance, there is an urgent need for research into the
development of intelligent, secure, and adaptable IoT
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frameworks. These frameworks should be able to exploit
biosensor data in conjunction with Al-driven analytics.

3. OBJECTIVES OF THE STUDY
1. To study on Concept of Mental Health Monitoring in IoT
2. To study on Biosensors in Patient Health Monitoring

4. RESEARCH METHOD
This survey, together with the criteria for choosing the
appropriate articles, will be carried out by us.

4.1 Eligibility Criteria

This study establishes a collection of generic search terms (STs)
that are considered relevant. The search algorithm is built by
combining the previously defined ST with the logical operators
AND and OR. Based on our criteria, we were able to separate
the articles we were looking for into three separate groups.
Words like "sensor devices" and "wearable sensors" are
searched for first. The second stems from medical terminology,
such as "anxiety disorder," "panic disorder," or "panic attack,"
among others(Kim, J et al. 2019)[15].

Lastly, "machine learning" and "prediction" are the three STs
that are used to locate Al-related prediction approaches. The
following are the requirements for inclusion: * Common wrist
wearable  sensors like  photoplethysmography  (PPG),
electrocardiogram (ECG), accelerometer (ACC), electrodermal
activity (EDA), breath rate (BR), and skin temperature (TMP); *
Measurements pertaining to mental disorders; ¢ Clear
methodology and result objectives; ¢ User testing involving
individuals older than 18 years old; and * Machine learning
(ML) processing.

4.2 Data Collection Process

The flow diagram below lays out the steps used to select studies;
according to the PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) standards, only articles
that linked wearable technology to mental health were
evaluated(Prasad, A.S. et al. 2019)[16]

An extensive list of scientific publications was obtained by an

electronic journal database search, which included the following
sources: Google Scholar (n=3950), Springer Link (n=185),
(3)IEEEXplore (n=30), (4)MDPI (n=65), and ACM Digital
Library (n=320).

Because mental health issues show up differently in people of
different ages, the planned studies on internet of things (IoT)
biosensors and monitoring for mental health will target both adults
and children. Because early identification of such difficulties can
avoid long-term psychiatric diseases and enhance academic and
social development, the study will focus on monitoring children's
stress, anxiety, attention levels, and sleep habits. Research in adults
will centre on finding the first symptoms of mental health issues
connected to lifestyle choices, such as depression, anxiety
disorders, stress at work, and others. The unique study will focus
on developing and evaluating internet of things (IoT) systems that
are equipped with biosensors. These systems will be able to gather
contextual and behavioural data in addition to real-time
physiological data (such as heart rate variability, galvanic skin
response, and sleep quality) in order to build predictive models for
mental health evaluation. The study's overarching goal is to draw
attention to age-specific psychological and physiological indicators
by contrasting adults and children; this will allow for the creation
of tailored monitoring frameworks that operate for various
demographics.

The search encompassed all records dated from 2015 to November
2022. (Cruz L et al. 2015)[17] A list of possible publications that
met the criteria of being peer-reviewed, well-documented, well-
written, English, and providing at least 10 references was
generated from the analysis of the findings. We culled all of the
technical papers, surveys, master's theses, and doctoral
dissertations. For this analysis, we used Google Scholar's five-year
H-index metrics to narrow our search to the top 100 papers. After
that, the abstracts were reviewed to see if they were eligible for
inclusion. Papers were screened using the inclusion and exclusion
criteria mentioned earlier. To determine eligibility, we looked at
just the 595 most popular periodicals.(Gedam S et al. 2021)[18].
Furthermore, after reviewing the abstracts of 21 publications, we
decided not to include them in the review since they did not fit
within our parameters. From the remaining 574 papers (inclusion),
565 were deleted after a comprehensive study of the whole
material.  Therefore, this systematic review only covered 9
publications.

" Literature search between 2015 and September 2022

<y N i D1
N <> ﬁn\o\Py Acm %
#3950 #185 #30 = #65 oLl

‘Screening Identification

+

‘Inclusion Screening

| Records removed before screening:
- Duplicates records removed: #105
Records excluded from the first 10 web pages (Google Scholar): #3850
Fulltext assessed for eligibility: 595

Papers excluded after screening of title, abstract and keywords: 21

Fulltext assessed for eligibility: 574

Fulltext excluded after screening: 565
155 without peerreviews;
81 reviews or surveys;
154 user testing on young people;
75 others diseases;
45 without common wrist wearable sensors;
55 posters, technical reports and thesis.

Papers included in the review: ¢

Figure 1 Systematic review process flowchart according to PRISMA.
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5. RESULT AND DISCUSSION

A feasibility study for the identification of mental health
disorders by means of wearable technology was the impetus
for this work. We examined the population's present level of
wearable usage to improve the likelihood of future RPM
initiatives addressing mental health concerns.(Chung A.H et al.
2021)[21] We also show and analyse the sensors currently
employed in consumer wearables. We talk about the possible
benefits of keeping tabs on mental health data. Additionally, a
number of supplementary monitoring techniques are
examined. This research is most relevant to systems that can
display mental health indicators and forecast the onset of acute
symptoms associated with certain mental health conditions.
The long-term goal of this in-depth research was to inform the
design of a wearable sensor-based project for the monitoring

and treatment of mental health issues. (Aqajari S.A.H et al.
2021)[19]

The use of consumer wearables in PA monitoring is relatively
new, having begun in the 2010s, however the concept itself is
not new. Few research have investigated the possibility of
employing wearables to monitor and potentially administer
biofeedback to patients with anxiety disorders, perhaps due to
the given justifications and a general mistrust in the reliability
of these devices as data sources. Table 1 shows a summary of
the few research on panic scenario measuring; two of these
studies were given special attention. Here are the results,
ordered chronologically. It is clear that using questionnaires
and physiological data together improves the diagnostic
process, especially in recent years. The information gathered
from the EDA and sleep monitoring devices is another crucial
piece of data.(Hickey B.A et al. 2021)[20]

Table 1. An index of all articles that quantify anxiety using wearable technology. The writers of the publications are displayed in the first column. There is a list of
physiological data in the second column. Wearable sensors, surveys, and setup are included at the foot of the table. The sixth column lists the objectives, while the

seventh column shows the outcomes for each target.

Paper Data Devices Questionnaires Setup Objective Results
The ability to self-report By using these measures, PAs may be
Cruz et al. TII_\IAIE\’/B;} > | Zephyr Biopatch& NA %:ﬁlizrg’ PA occurrences with a identified in real-time. Physical
(2015) [17] HR Smartphone. o d mobile and wearable symptoms of a PA may not appear until
ata centre. .
technology. at least one hour prior to the attack..
Develop models that can | Models may discriminate between panic
Rubin ct al. HRV & From a dataset, d1fferent1at~e b.etweefl states in physiologic tlme-se(fles data
(2016) [33] HR multinle devices N.A. N.A. levels of panic, including with an accuracy of > 90% by
P ’ PA, pre-PA, and non- combining time, frequency, and
panic.. nonlinear domain factors..
. - It is possible to use a smartphone
McGinnis Mobile and .Offers PAs in vivo camera for the measuring modality. The
HR, HRV Smartphone . wearable biofeedback treatment . )
etal. & BR Camera One, proprietary. svstem to via display on a measuring process appears to have a
(2019) [32] 4 piay placebo effect since it effectively stops
detect PAs. smartphone.
the onslaught..
Wearable We propose and evaluate Analysis of affected children's data
used to
. a method that accounts revealed a 93% overall accuracy rate for
Puli et al. ACC & . capture data o S . .
Shimmer 2r. N.A. for mobility to identify detecting arousal. In terms of avoiding
(2019) [31] HR and models . . o .
. anxiety arousal in ASD false positives, this strategy
applied post- . . . .
patients in real-time.. demonstrated encouraging results..
capture.
Custom- Is it possible to estimate
wearable the anxiety levels of . . .
. Evidence from PPG is a reliable
p .. used to healthy volunteers using . . .
erpetuini Custom device capture data a non-invasive predictor of state anxiety, according to
et al. BP & HR . STAL P the results. The results showed that
using PPG. to be technology called PPG o L
(2021) [30] . . there was an 81% association between
analyzed to encode information . .
. state anxiety and the ML algorithm..
post- about emotional
recording. conditions?.
. Whether or if this In this study, participants self-report
Device that . . .
Chung HRV & captures data method can effectively their anxiety levels on a scale from 0 to
et al. Lief Smart Patch. | GAD-2 & PHQ-2. P . reduce the prevalence of | 8, and their depression levels on a scale
HR and provides . . .
(2021) [21] . anxiety disorders, such from 0 to 8. I spent 56 days researching
biofeedback. . . - .
as PD, in patients. and writing this paper..
Wearable L . With EDA characteristics and context,
used to Using inexpensive o).
. we were able to get an accuracy of 92%;
Non-specified capture data wearables to record
Nath et al. EDA, HR . . .. however, when we removed the context,
(2021) [29] & BP wearable STAL to be physiological data, is it c racy decreased to 89%. Usin
wristband. analyzed feasible to identify our accuracy decreased to 657. Lsing
o EDA to identify anxious phases shown
post- anxiety in the elderly?. LT
. promise in this study..
recording.
Shaukat- Wearable We set out to see The models' accuracy ratings for
. HR, EDA . used to whether we could use distinguishing between baseline and
Jali et al. E4 Empatica. LSAS-SR. . . . .
(2021) [28] & TMP capture data physiological data socially anxious states ranged from
and models collected by wearable 97.54% t0 99.48%. According to the
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are applied sensors to identify cases results, EDA is the best criterion for
post-capture. of subclinical social distinguishing across states..
anxiety.
A wearable
. Sleep rate, R BDI, BAIL STAI- used to Practicality of PA Using physiological data and surveys,
Tsai et al. HR & Garmin Vivosmart S STALT capture data prediction up to 7 days the best stated accuracy was 81.3% for
(2022) [27] Activity 4. and PDSS-SR. and a mobile ahead of time. predictions up to seven days in the
app to collect future..
data.

Results from trials employing electrocardiogram (ECG) data to
detect PD were inconsistent, according to Elgendi et al. There
appeared to be no association between the ECG patterns of
panic attacks (PAs) and other instances, but there was a
correlation in some. Importantly, up to 60% of the participants
in the study also experienced co-morbid depression, which
made it difficult to differentiate between those who did and did
not have mental co-morbidities.(Gjoreski M et al
2017)[22]Equally important is the fact that the electrodes and
wearable locations were not disclosed in any of the
investigated research, which may have affected the results of
those investigations. The study's encouraging findings
suggested that the high-frequency HRV characteristic was the
best measure for panic prediction.

5.1 Monitoring Mental Health using Wearable Technology

Within the medical field, the idea of tracking patients' data
while they go about their everyday lives is not new. Such a
premise is already present in some commonly used devices;
for example, the 24-hour Holter monitor for electrocardiogram
data. It would appear that digital technologies are going to
play an increasingly important role in healthcare in the future.
This is because healthcare systems are constantly embracing
them as a way to improve patient engagement and preventative
medicine. The results of the work were unaffected by the use
of wearables. The advantages of using wearables for
continuous patient monitoring much exceed any disadvantages
in the majority of these circumstances. In light of the given
situations, the question becomes whether to collect a large
dataset of high quality to analyse or a smaller one; in this
instance, wearables provide an excellent means of collecting
the former. (Healey J.A et al. 2005) [23] Since one out of five
Americans own a wearable gadget in 2018, with the majority
of those devices being activity trackers, their widespread use
automatically makes them excellent candidates. Combining
wearable devices with value-based healthcare systems through
telehealth can allow for the early detection and intervention of
illnesses, the monitoring of people at risk, and the reduction of
healthcare expenses through disease prediction and prevention
(Cosoli G. et al. 2022)[24].

The capacity to passively and continuously monitor a person's
biometric data is a crucial feature of wearable biometric
sensors, which can be easily tracked and transferred to an
informative and actionable user interface. This data can then
be shared with healthcare providers and researchers (Steinhubl
et al.2015)[25]. Ultimately, healthcare providers are able to
treat patients in accordance with individualised medicine (also
known as precision or personalised medicine) due to the

amount of data recorded from a single patient(Elgendi M et al.
2019)[26].

The development of wearables capable of collecting high-
quality data has already begun. Take, for example, a wearable
multi-parameter vital sign monitor that has been certified by
the FDA. It monitors and transmits ECG, HR, RI, calorie
expenditure, posture/activity, skin/core temperature, and
oxygen consumption(Tsai C.H et al.2022)[27].

According to results on wearable sensors, this is how
experimental research with physiological signal and
electrocardiogram monitoring for arrhythmia detection have
been accomplished. Using simple, inexpensive sensors, many
studies demonstrated the possibility of reliable sleep apnoea
data classification. Heart rate variability (HRV) monitoring
using a radar-based vital sign detection system is demonstrated
in this proof-of-concept(Shaukat-Jali et al. 2021)[28].

Several applications exist for wearable sensors in the field of
mental health. First and foremost, mental health issues are
characterised by a wide range of physical manifestations,
including but not limited to the following: (1) palpitations (an
abnormally rapid or irregular heart rate), (2) perspiration, (3)
tremors, (4) muscular tension, (5) vertigo, (6) nausea, and (7)
hyperventilation.

By utilising sensors, we may zero in on the exact moment
when symptoms like palpitations, hyperventilation, sweating,
and tremors occur. For example, we can use EDA to target
muscular tension, tremors, and sweating; TMP to target muscle
tensions; and RR to target hyperventilation (Nath R.K.et
al.2021)[29]

Neuronal activity can be monitored as a side way to indirectly
target mental health issue activities. (Perpetuini D et al.
2021)[30] Since these states are reactions in "fight or flight"
circumstances, when a person is faced with physical danger or
mental stress, they might cut down non-essential systems like
digestion, which is why some mental health illnesses are
associated with increased sympathetic nervous system (SNS)
activity. An increase in the activity of the sympathetic nervous
system (SNS) is accompanied by a reduction in the activity of
the parasympathetic nervous system (PNS), as the two systems
work in harmony with one another.

In terms of EDA-capable sensors, we may zero in on these
indirect signs. The primary goal of this sensor is to observe the
SNS's pursuit of perspiration, an involuntary bodily process in
and of itself. There aren't many ways to gauge sympathetic
arousal other than this non-invasive method. Analysing the
heart rate (HR) can provide unique indicators of sympathetic
nervous system (SNS) or parasympathetic nervous system
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(PNS) activity, as both the SNS and the PNS regulate it in their
respective regulatory modes(Puli A et al. 2019)[31].

Measuring outside of a clinical setting with human-tolerated,
semi-validated wearable devices is necessary for accurate,
continuous, and personalised monitoring. (McGinnis R et al.
2019)[32]Because users' actions and data might be influenced
by the persistent reminder that they are being monitored, and
because the inconvenience of wearing the sensors could
prevent them from sticking to a project over the long term, it is
crucial that the sensors be non-invasive. Some writers argue
that in order to have accurate sensors, it is best to place them in
a spot where they are barely noticeable. Patients are more
likely to favour and comply with wrist-mounted gadgets,
which leads them to believe that these devices are just
fashionable accessories. Adherence by users is crucial to a
mental health data monitoring project since it is impossible to

deduce the baseline and, thus, discover abnormal data values,
without continuous data from large spans of time(Rubin J. et
al. 2016) [33]

5.2 Commonplace Wearables for Emotional and Mental
Well-being

Many different metrics may be collected by wearables. Several
research initiatives have explored wearable sensors in different
circumstances. Here we provide a rundown of some of the
sensors included in today's wearable devices. Table 2 compiles
information on the ready-to-buy wearables on the market.
First, the EQO02 LifeMonitor belt from Equivital in Cambridge,
UK; second, the BioPatchTM HP from Zephyr Technology in
Annapolis, MD, USA; and third, the Hexoskin Smart Garment
from Carré Technologies Inc. in Montreal, QC, Canada
(Haenlein M et al. 2019)[34].

Table 2. Wearable sensors that are manufactured and sold commercially are included

Sensors EQ02 BioPatch Hexoskin Embrace Plus Inspire 3 & VenuSq2 Mi Band
LifeMonitor HP Smart Garment | &Empatica CARE Sense 2 (Fitbit) | (Garmin) (Xiaomi)
ACC v v v v v v
Activity v v v v
BP v
ECG v v v v
EDA v
HR v v v v v v
HRV v v v v
positior]?/(r)r?gvement / / / / v/
PPG v v v
RR v v v v v
Sleep tracking v v v v v v
TMP v v v v v
SpO2 v v v v v

From a physiological data collecting standpoint, these devices
are intriguing as most of these sensors are widespread and
simple to locate in pre-built wearable systems, often even
packed in groups of 2 or 3(Nguyen, T.T.H et al. 2023)[35].

Since the EQ02 LifeMonitor correlates well with established
laboratory instruments for all physiological parameters, it is
suited for multi-parametric ambulatory health monitoring. This
information was retrieved from Equivital's website on
November 14, 2022. There is validation for the sentence
described earlier in. The data collected from the other devices
about their accuracy on HRV was compared to the gold
standard, the FDA-approved BioPatchTM HP (Zephyr
Technology, Annapolis, USA), which was accessible on 14
November 2022. These assaults were detected by Cruz et al.
using this wearable, which captured HR, TMP, BR, and HRV
with the use of ECG electrodes. The Hexoskin Smart
Garment, developed by Carré Technologies, Inc. of Montreal,
Canada, with access on November 14, 2022, is a system of
data recorders and sensorized undergarments. Results showed
a significant correlation between Hexoskin HR and RR and the
reference standard, indicating that the Hexoskin measurement
of HR and RR is legitimate. Two smartwatches—embracePlus

and empaticaCARE—designed by Empatica Inc. of
Massachusetts, USA, and approved by CE for continuous
health monitoring were made available on November 14, 2022.
(Wasilewski, T., et al. 2024)[36]. A variety of conditions,
including epilepsy, physical health, mental health, and
respiratory infections, may be monitored with the use of digital
biomarkers. There are currently no device-related white
papers or validation studies available. Although they are
pricier than the average consumer product, Fitbit's Inspire 3
and Sense 2 wearables—received on November 14, 2022
(Fitbit, San Francisco, USA)—are often utilised in research
due to their regular readings and dependable outcomes. Fitbit
is head and shoulders above the competition. Numerous
timepieces manufactured by Garmin (Garmin Ltd.,
Schafthausen, Switzerland) were made available to the public
on November 14, 2022. (Cosoli et al. 2022) [24] tested
commercially available heart rate monitors—the Polar H10
cardiac belt and the Garmin Venu Sq—wrist-worn and worn
on the chest while swimming to determine their accuracy and
precision. When looking at the big picture, there aren't enough
research that report on the results of analyses. Given the idea's
potential, inexpensive and easily available wearables like the
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Mi Band (Xiaomi Corp., Beijing, China) line—which was
accessed on November 14, 2022——could be considered ideal.
However, further study is needed to determine their
consistency in readings.(Zhang, X. and Liu, L.,2021)[37]

5.3 Importance of Tracking Anxiety and Stress

There is a movement for improved mental healthcare and
awareness following the aforementioned epidemic. In this
part, we will examine the research that has shown promising
outcomes in monitoring PAs, anxiety, or stress using wearable-
compatible sensors. Differentiating each measure requires the
use of sensor data in conjunction with ML (Pranto, M.A.M et
al. 2021) [38].

A complete set of sensor readings for each parameter would
be very helpful in assessing the emphasis of this article.
Future sensor combinations will be better chosen as a result of
this. In 2005, Healey et al. demonstrated that physiological
sensors can detect stress, making them the pioneers of this
discipline. (Dheeraj, K. and Ramakrishnudu, T., 2021) [41]
The goal of the aforementioned article was to achieve a
success rate of over 97% in differentiating between low,
medium, and high stress levels in drivers. The study focusses
on negative biassed stress, namely anguish. A total of four
physiological sensors—an electrocardiogram (ECG), an
electromyogram (EMG), skin conductivity (SCD), or galvanic
skin response (GSR), and respiration (by means of the
expansion of the chest cavity)—are utilised throughout the
experiment.(Singh, K. et al. 2023)[39]

In their approach, they factored in the average and standard
deviation of the hand-held electromyogram (EMG), respiration
rate, and tachometer heart rate (HR) measured at one-second
intervals during the journey. The results show a significant
correlation between stress and HR and skin conductivity when
using 100- to 300-second intervals to corroborate the
variability of sensor characteristics with stress measures.
When the scientists measured heart rate and skin conductivity
at five-minute intervals, they were able to properly predict
stress levels 97% of the time.(Fei, Z. et al. 2020)[40]
Subsequently, Gjoreski et al. demonstrated a way to discreetly
track psychological stress in actual life with a wrist gadget.
The task at hand is to identify situations of stress in both
limited and unrestricted settings. The sensors can only record
direct physiological data, while stress is a response to
behavioural and emotional components. The bracelet has
several functions, including EDA and HR. Multiple ML
models, each with its own unique set of approaches and
variants, are then constructed from the obtained data using
various learning algorithms (such as support vector machine,
or SVM). Findings from the study indicate that contextual
information is crucial for stress detection. The best approach
has a 95% success rate in detecting (recalling) 70% of stress
experiences. A high-quality activity detector is crucial for
context, though.(Liu, J. and Wang, H., 2022)[40]

In a controlled laboratory environment, the authors of tracked
17 people every day to determine their stress levels. Three
sensors—PGG, ECG, and GSR, or EDA—were the main

emphasis of the article. The study demonstrated a 94.6%
accuracy rate for stress level detection in a controlled
laboratory environment, however this reduced to 81.82% in a
real-world scenario. The study found that in an everyday
situation, the GSR + ECG group had the highest accuracy rate
of 90.91%. Since noise becomes a problem when data is
measured in a non-lab context, another conclusion is that the
wearable sensors generally performed poorer in a daily setting.
Although this result was predicted, the distinction should be
noted.(Ji, X. et al. 2023)[43]

All of the above sensors are useful for getting a bird's-eye view
of the current state of stress measurement.  Although
electrocardiogram (ECG) and photoplethysmography (PPG)
are newer, more widely used sensors, they show promise.
Heart rate variability (HRV) is the best physiological measure
for detecting worry and stress. Because of their great accuracy
and promising outcomes in stress detection, heart rate (HR)
and graphene signal to noise ratio (GSR) are the most
commonly employed sensory signals(Chakraborty, A et al.
2024)[44].

Concerning anxiety, ecological momentary assessment
(EMA), an acronym for "continuous measurement," may lead
to a paradigm change in the field of panic and anxiety
medicine towards a "precision psychiatry" approach that uses
extensive time series data to personalise the management of
anxiety disorders. Scientists are working hard to find solutions
to the growing problem of anxiety disorders by creating better
tools to help people feel better and cut down on healthcare
expenses.

Because it is easy to learn and adjust to each patient's unique
constellation of symptoms, comprehend the symptoms'
dynamics, and the links among them, continuous monitoring of
these patients is considered as a good idea (Song, J. et al.
2024)[45]

Because there is a lot of overlap in how anxiety and stress are
measured, it is difficult to tell which sensors to employ for
particular subjects, or even if a sensor can be assigned the
responsibility of differentiating between the two. The fact that
stress, anxiety, and depression all share many of the same
symptoms and risk factors contributes to their overlap.
However, the cause of the correlation between these mental
health conditions is still up for debate. Questionnaires can fill
in the blanks as given, but context is likely to play a significant
role in all of the monitoring since it improves data assessment.
Using questionnaires excessively can lead to questionnaire
fatigue, which in turn reduces project adherence; hence,
context detection on the wearable becomes even more
important. (Batterham, P.J et al. 2024) [46]

Wearable heart rate variability (HRV) biofeedback was shown
to alleviate anxiety symptoms in a study by Chung et al. The
patients filled out a GAD-2 questionnaire, which measures
anxiety symptoms with two items, for eight weeks until they
reached a maximum score of six. The patients' ratings
decreased by three points (less is better) as the research went
on. Combining a discreet wearable device with HRV
biofeedback and a remote stress management program may be
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useful in lowering symptoms of sadness and anxiety,
according to the results. Despite the PPG, the scientists opted
for an ECG sensor since preliminary research had shown that
the first sensor to be more dependable, especially when
movement was included. In order for users to match their
breathing patterns, the feedback element is supplied by
vibrations by means of the wearable on the chest.(Jayanthi, S
et al. 2021)[47]

A literature study conducted by Hickey et al. in 2021 found
that heart activity was the sole physiological characteristic of
anxiety that could be measured reliably. But some people's
breathing habits reveal a lot about their emotional state. Also,
that report stresses how helpful ECG is for anxiety monitoring.
Given these findings, validating EDA and ACC remains an
open subject. Firstly, it appears to not be possible to conduct
precise measurements on wearable devices because of
background noise in the data. Because they reflect the SNS's
function, which is strongly related to anxiety activity, changes
in HR, RR, and EDA are particularly important for anxiety
assessment. As a result, measures of these signals have
heightened values for state classification.

5.4 Identifying and Forecasting Immediate Signs and
Symptoms

The use of ML and AI in systems is not novel. Since their
inception in the 1950s, there have been a number of significant
advances, followed by periods of relative stasis, sometimes
referred to as Al winters. Those cycles might be affected by a
number of things, one of which is the computing power
restrictions of software and hardware. These days, ML and Al
as a whole are booming academic disciplines.(Dong, Z et al.
2022)[55]

An approach that approximates ML with medical data has
emerged as a result of recent breakthroughs. Agqajari et al.
created a Python Toolkit to preprocess and categorise stress
responses from EDA in the physiological domain, which is
connected to stress. In recognising stress responses from EDA
data from various sources, the classifiers that were presented
attained accuracy levels ranging from 80% to 97%. (Padha, A,
2024)[48]

Comparing physiological data to conventional reference
intervals allows for their assessment. It has been the norm up
to this point, and in certain places it is still the norm. If, for
example, the results of a blood test fall within a certain range,
it is deemed that the patient is in good health. While this
method works for most people, there are some perfectly
healthy individuals whose reference values are completely off.
Hence, a tailored strategy is possible. This method use
standard intervals as a starting point before tailoring its
approach based on each patient's unique data and
circumstances.(Padha, A. and Sahoo et al. 2023)[49]

Wearable technology allows patients to provide continuous
data, which may be used to establish a reliable baseline.
(Noraset, T., et al. 2022)[50]JA GAD and PD support system
would be more useful with the application of ML in this
scenario to attempt to detect abnormal data and then respond to

that information. =~ While there is some study on stress
detection, the field is still in its early stages and thus makes it
difficult to get deeply into the topic. Gedam and Paul
surveyed people in 2021 [18] to see whether they could apply
ML algorithms to data from wearable sensors to identify stress
when stressors were present. Because they produced the most
encouraging and very reliable findings for identifying stress
levels, HR and GSR are the most commonly employed sensory
signals .(Wang, Z et al. 2024)[53] In this context, support
vector machine (SVM), random forest (RF), and K-nearest
neighbour (KNN) are the most popular classifiers. Using data
from many biosensors also leads to much improved accuracy.
This approach to stress detection is feasible since most of the
given stress classification accuracies are more than 90%.(Zhu,
H et al. 2020)[51]

It is most relevant to compare Cruz et al. on the issue of PD
detection and prediction. Feature vectors are constructed from
the acquired data, and anomaly detection methods are
employed to differentiate between intervals preceding and
following a panic attack. When it comes to illnesses and
mental health monitoring through wearables, there is almost no
literature on the use of ML in the context of physiological data,
and the material that is there is very new. But we did find
applications for GLM, KNN, SVM, RF, LR, XGBoost, LDA,
AdaBoost, DTs, BNs, and ANNs, as well as for Bayesian
networks and artificial neural networks.

Several specific aspects applicable to solutions for mental
health monitoring were the primary focus of the research. The
presentation of these individual concepts, however, is not
always coherent. The quality of the wearable sensors available
today, the methods used to analyse that data, and the
categorisation all appear to have merit on their own.
(Mazumdar, H., et al. 2024) [54]When it comes to mental
health monitoring, we're also interested in knowing whether a
system that incorporates all of the given reasons and provides a
user-facing interface would be more beneficial than each
component alone.(Du, C., et al. 2020)[52]

6. CONCLUSIONS

We updated the current state of the art research on mental
health concerns using wearable sensors for this poll. Studies
with participants younger than 18 constituted the bulk of the
research we identified. Consequently, a large number of the
papers were discarded. The existing results are encouraging,
even if there is a dearth of literature in the field, which
suggests that further investigation is necessary. In light of
these findings, it appears that wearables can be useful for
mental health monitoring. As a result, a wide variety of
commercially accessible wearable devices may collect
physiological data, such as heart rate, sleep duration, and
breathing patterns; this data might be utilised to detect and
track PAs as they occur. These devices commonly connect
with a smartphone or another device to offer real-time data and
analysis; they can be worn on various regions of the body,
such as the wrist or chest. In order to analyse and understand
the data they gather, many of these wearables employ ML
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algorithms; as a result, they may give consumers feedback and
insights into their health and fitness. When it comes to
illnesses and wearable health monitoring, ML is almost
nonexistent, and it is still in its infancy when applied to
physiological data. Wearable computing power is increasing,
which opens the door to the possibility of using several full
ML-trained classifiers on a single wrist-wearable. It is now
feasible to obtain high-quality biosignals thanks to the
proliferation of high-quality biosensors, the majority of which
are less invasive wearables. By integrating this technology
with a more thorough comprehension of the environmental
elements that precipitate mental health problems, we can
improve our ability to detect and respond to potential mental
health crises. Taking care of oneself should be as easy as
checking the time on your wrist. Research on the feasibility of
using consumer wearables to track PA is ongoing, and we
should expect to see more innovations in this area in the years
to come. Future research in this topic might go in a number of
different directions. To better assist people with PD, one way
might be to combine wearable gadgets with additional
technologies like telehealth or virtual reality. To better
manage their diseases and live with PAs, this might involve
therapies such as virtual reality-based therapy. In conclusion,
more studies are required to determine the safety and efficacy
of wearable devices for PD monitoring and management over
the long term, as well as to discover any unforeseen effects or
hazards associated with their usage.

e  Future Scope

Future developments in IoT-based mental health monitoring
with biosensors should prioritise enhancing system robustness,
reliability, and ethical integrity for practical use. Although the
majority of current research has focused on short-term or
laboratory contexts, next investigations should emphasise
long-term, real-world implementations to accurately assess
natural fluctuations in mood and stress across various
surroundings. The integration of multimodal sensing—
encompassing physiological signals (heart rate, electrodermal
activity, skin temperature), behavioural patterns (sleep,
activity, social contact), and contextual data (location,
environment)—will significantly improve accuracy and
dependability. Personalisation using adaptive machine learning
models that align with individual baselines and trends is a
viable avenue, as it can yield more significant insights than
generic systems. Future hardware systems necessitate energy-
efficient, user-friendly, and comfortable wearable devices with
prolonged battery life to provide continuous monitoring.
Integrating privacy-preserving analytics, including federated
learning, on-device processing, and differential privacy, will
be crucial for safeguarding sensitive mental health data. The
standardisation of protocols, datasets, and assessment
measures is essential for enabling equitable comparison and
repeatability among investigations. Moreover, forthcoming
IoT systems have to pursue closed-loop capability, whereby
real-time monitoring is immediately linked to solutions, such
stress-reduction  suggestions, therapeutic reminders, or

emergency warnings. The incorporation of varied populations
from different demographic and cultural backgrounds will
mitigate bias and enhance generalisability.In the next study
publication, we will explicitly address three facets: (1) a
multimodal sensor fusion framework integrating physiological
and behavioural data for the detection of mental health status,
(2) a personalised adaptive model that calibrates to individual
baselines, and (3) privacy-preserving analytics employing
federated learning to safeguard sensitive mental health data
while ensuring system scalability. These implementations will
not only illustrate technological viability but also establish a
route towards viable, secure, and resilient IoT-based mental
health monitoring systems.
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