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Abstract: Rationale: Common mental health disorders (CMD) (anxiety, depression, and sleep dis-
orders) are among the leading causes of disease burden globally. The economic burden associated
with such disorders is estimated at $2.4 trillion as of 2010 and is expected to reach $16 trillion by
2030. The UK has observed a 21-fold increase in the economic burden associated with CMD over the
past decade. The recent COVID-19 pandemic was a catalyst for adopting technologies for mental
health support and services, thereby increasing the reception of personal health data and wearables.
Wearables hold considerable promise to empower users concerning the management of subclinical
common mental health disorders. However, there are significant challenges to adopting wearables
as a tool for the self-management of the symptoms of common mental health disorders. Aims: This
review aims to evaluate the potential utility of wearables for the self-management of sub-clinical
anxiety and depressive mental health disorders. Furthermore, we seek to understand the potential
of wearables to reduce the burden on the healthcare system. Methodology: a systematic review
of research papers was conducted, focusing on wearable devices for the self-management of CMD
released between 2018–2022, focusing primarily on mental health management using technology.
Results: We screened 445 papers and analysed the reports from 12 wearable devices concerning their
device type, year, biometrics used, and machine learning algorithm deployed. Electrodermal activity
(EDA/GSR/SC/Skin Temperature), physical activity, and heart rate (HR) are the most common
biometrics with nine, six and six reference counts, respectively. Additionally, while smartwatches
have greater penetration and integration within the marketplace, fitness trackers have the most
significant public value benefit of £513.9 M, likely due to greater retention.

Keywords: anxiety; depression; wearables; e-mental health

1. Introduction

Mental health disorders are the leading causes of disease burden globally [1]. Addition-
ally, 50% of mental disorders develop by age 14 and 75% by 24 [2]. The global prevalence
of major depressive disorder in 2020 before the COVID-19 pandemic was 2470.5 cases
per 100,000, equivalent to 193 million people [1]. Correspondingly, it is estimated that
anxiety disorders in 2020 before the COVID-19 adjustment were 3824.9 cases per 100,000,
or 298 million people [1]. Thus, as of 2020, common mental health disorders affect 6.3% of
the global population.

The burden associated with anxiety disorders has risen from approximately 76.2 million
to 374 million people, or 4802.4 cases per 100,000 in 2020 [1]. Additionally, the burden as-
sociated with depressive disorders has risen by approximately 53.2 million to 246 million
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people, or 3152.9 cases per 100,000 during the same period [1]. Therefore, following adjust-
ment for COVID-19, common mental health disorders affect 8% of the global population,
representing a 1.7% increase in the same period. Fusar-Poli et al [2] have suggested that the
worldwide cost of mental health is estimated to reach $16.3 trillion by 2030, exceeding that
of cardiovascular disease, chronic respiratory disease, cancer, and diabetes. Within the UK
specifically, mental health accounted for 7% of all ill health, amounting to £117.9 billion as
of 2019, a 21-fold increase since 2009 [3,4].

Few individuals with a mental health disorder receive prompt treatment, with UK
mental health targets consistently remaining unmet [5]. For instance, more than one-third
of child and adolescent mental health services (CAMHS) and one-fifth of adult mental
health services (AMHS) patients wait longer than the 18-week target for treatment [6].
In addition, the COVID-19 pandemic added pressure to already stretched mental health
services [7,8].

Globally, pre-Covid, 50–60% of adults with mental disorders may not have received
interventions from mental health services; those typically wait for a decade or more [5].
Early intervention is economically attractive, especially at younger ages [3,5,9]. While inter-
national funding is available for mental health projects, from 2006–2016, only $409.1 million
of $2.04 billion was awarded to projects focused explicitly on mental health [10].

Health Technology

There is promising evidence that mental health technologies could efficiently extend
and enhance mental health services. Technologies encompassing blended therapies, such
as internet-delivered CBT, have been demonstrated as a cost-effective and comparable alter-
native to in-person treatment [11]. Traditionally, mental health technologies take 16 years
for acceptance within professional practice [12]. However, the COVID-19 pandemic has
acted as a catalyst, causing the almost immediate integration of mental health technologies
within practice and giving rise to self-guided interventions such as self-help apps [12].
Such technologies supporting the transition to blended therapies have the potential to
offer rapid and cost-effective interventions, monitoring, and education [11]. Despite this
paradigm shift and the potential that mental health technologies offer, low engagement,
inadequate clinical evidence, and high attrition rates remain challenges that technologies
must overcome [12–14].

2. Background

This section provides critical background information, including the global prevalence
of anxiety and depression, the economic burden, and risk factors for mental health. The
following section details the current paradigm towards mental health and its shifting focus
towards innovative technology-assisted preventative mental health strategies. Specifically,
the role of wearables within this new paradigm will be discussed, and the aim and objectives
of this review will be introduced.

2.1. Defining Common Mental Health Disorders

Anxiety: Contextually, appropriate anxiety is a normal response. Anxiety within
the context of mental health refers to systematic feelings of anxiety that are both out
of context and proportion. According to the world health organisation, international
classification of diseases (IDC-11 2022), anxiety or fear related disorders are a group of
mental health disorders characterised by feelings of anxiety and fear. Anxiety disorders
include generalised anxiety disorder (GAD), panic disorder, phobias, social anxiety disorder,
and separation anxiety [15].

Depression: Low mood can be a normal emotional state of everyday life. However,
depression refers to systematic and recurring feelings of low mood that are both out
of context and proportion [16]. According to the world health organisation [15], mood
disorders such as depression refer to major depressive disorder (MDD), bipolar depression,
dysthymia, seasonal affective disorder, and postnatal depression.
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Sleep disorders: An umbrella term applied to several sleep-specific disorders [17].
According to the world health organisation [17], sleep disorders include insomnia, sleep
apnoea, narcolepsy, restless leg syndrome and random eye movement (REM) sleep be-
haviour disorder.

Common mental health disorders: Common mental health disorders, according to
the world health organisation [16], include the range of anxiety, depression and sleep
disorders listed above. Anxiety, depression, and sleep disorders are frequently associated
and are often co-occurring, adding to their complexity and associated risk [7].

2.2. The Promise of Telehealth and the Integration of Health Self-Service

Symptoms of subclinical mental health impede daily function and are experienced
by a significant proportion of the population [11,18]. Furthermore, while subclinical
symptoms are unrecognised by psychiatric services, they prompt help-seeking behaviours
of those affected [11,18]. Early intervention and promotion of better mental health could
potentially reduce the growing personal, social, and economic burden of common mental
health disorders [11]. Unfortunately, the prevalence of anxiety-related disorders across
populations exceeds the service capacity of mental health services, specifically their ability
to conduct timely face-to-face therapy sessions with those affected [11,19]. However, there
is encouraging evidence to support the implementation of digital, telehealth and face-
to-face services tailored to individual needs, thereby improving access to mental health
services while also promoting the use of self-management tools, thus potentially reducing
burden on such services [1,11,20].

Individuals with “long COVID” may develop depressive and anxiety disorders,
adding to the health burden [1,21]. Digital therapies can scale according to demand,
extending the reach of mental health services so long as such therapies are comparable to
the efficacy of traditional treatments. Firth et al [11] argued that substantial clinical evidence
demonstrates the efficiency of internet-delivered cognitive behavioural therapy (CBT) in
treating anxiety. Furthermore, 65% of the global population have access to a mobile phone,
increasing by 61% over the past decade; thus, smartphone apps for anxiety are a popular
and ubiquitous method of intervention delivery, despite their evidence drastically lagging
the extensive marketing and commercialisation efforts driving their development [11].

Irrespective of the lack of supporting evidence regarding specific implementation
from developers, the greater affordability and usability of smartphones and tablet devices
have presented new opportunities for the assessment and treatment of psychiatric dis-
orders [11,22]. The recent COVID-19 pandemic acted as a catalyst, causing the almost
immediate integration of mental health technologies within clinical practice and giving
rise to self-guided interventions such as self-help apps [12]. Wearable device, such as
smartwatches, fitness trackers and headbands while traditionally adopted by the health
conscious as a means to quantify their progress may extend the efficiency of digital thera-
pies while permitting people access to personal analytics and supporting self-management
of conditions [23]. Furthermore, Piwek et al [23] suggest that wearable devices have the po-
tential to provide detailed and cost-effective longitudinal data without the need to involve
more sophisticated, uncomfortable, and expensive alternatives. Finally, as individuals
seek greater autonomy for their treatment options, wearable data may become a common
feature of primary care visits [23].

There is increasing evidence for the use of digital therapies within the clinical setting
and the efficacy of smartphone-based digital treatments within community subgroups for
well-being [11,12,22]. However, there is scant evidence, particularly from manufacturers,
to support the efficacy of wearables for the self-management of common mental health
disorders and how these devices could potentially act as innovative tools to scale mental
health services provision [23].
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3. Review Aims and Objectives

Aims: This review aims to evaluate the potential utility of wearables for the self-
management of sub-clinical common mental health disorders. Furthermore, we seek to
understand the potential of wearables to reduce the burden on the healthcare system.

Objectives:

1. Analyse the dominant wearable biometrics currently used in wearable devices as
described within the current literature.

2. Analyse the central purpose of wearable devices as described within the current literature.
3. Understand the major machine learning algorithms deployed within these devices.
4. Analyse the potential cost-benefit wearable devices have.

4. Methodology

This review follows the Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) to explore the aims and objectives above [24]. The PRISMA check-
list is provided in Supplementary Materials. The following section details information
sources, inclusion and exclusion criteria, and data collection and analysis, including the
PRISMA flowchart.

4.1. Information Sources

The following databases were used to identify studies for this review: Google scholar,
Web of Science, Scopus, PubMed, Cochrane Library, and PsycINFO. Table 1 below shows
the initial search terms and their returned results across the databases.

Table 1. Details the initial search terms, the quantity of returned results and the originating database.

Term Google
Scholar

Web of
Science Scopus PubMed Cochrane

Library PsycINFO Total

Review AND (Anxiety OR
depression) 3,110,000 105,939 156,452 95,590 6716 52,223 3,526,920

(“sleep disorders” OR
(Common mental health

disorders))
3,150,000 60,990 104,776 50,117 10,706 46,173 3,422,762

(“self-management” OR
“self-care”) 17,900 52,266 89,471 64,278 0 30,781 254,696

(“subclinical” OR “home
management”) 18,100 4661 5402 3858 599 1095 33,715

(Wearables OR “wearable
devices” OR “Smart Devices”

OR “measurement device”
OR “monitoring device” OR

“smart wearables”)

157,000 24,508 115,854 25,605 3469 1225 327,661

(Remote OR sensor OR
“sensing device”) 7,160,000 1,509,175 1,877,800 301,094 12,259 19,868 10,880,196

The complete search term is: ‘Review AND (Anxiety* OR depress*) AND (“sleep disorders” OR (Common mental
health disorders)) AND (“subclinical” OR “home management”) AND (“self-management” OR “self-care”) AND
(remote OR sensor OR “sensing*”) AND (Wearables OR “wearable devices” OR “Smart*” OR “measurement
device” OR “monitoring device”)’.

4.2. Selection Process

To ensure that current studies are captured within this review a timeframe of 5 years
was selected. Similarly, to ensure that reported technologies have generalizable results, a
minimum number of participants was taken as n = 20.

The following inclusion and exclusion criteria were applied to return results:
Inclusion criteria:
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1. Included results within the date range 2018–2022. A five-year search window was cho-
sen due to the exponential growth in wearable technology, the speed of technological
development, and to capture the influence of COVID-19 in the results.

2. Included results were common mental disorders (anxiety or depressive disorder,
sleeping disorder) as they were the primary focus.

3. Results describe or evaluate e-mental health or wearable technology.

Exclusion criteria:

1. Returned results outside of 2018–2022.
2. Exclude articles with a low number of participants n < 20.
3. Exclude articles focused on professional practice and the well-being of healthcare

workers within the clinical setting or directly related to occupational stress.
4. Exclude articles focused on professional performance enhancement within sport.
5. Language exclusions: only include English language results.
6. Excluded results did not focus on common mental health conditions (anxiety or

depression) as the primary focal point i.e., excluded those that considered mental
health a secondary factor to patient care.

7. Excluded studies focused on the clinical outcomes of sensing as part of treatment.
8. Excluded results related to the improvement of psychiatric education practice.

4.3. Data Collection and Analysis

Figure 1 below, illustrates the data identification (n = 765), screening (n = 445) and
inclusion (n = 12) process flow as per the PRISMA framework for systematic reviews.

Figure 1 PRISMA flowchart detailing identification, screening, and inclusion of records
for this review. The leftmost panels describe the flow between identification, screening,
retrieval, eligibility assessment and inclusion. The rightmost panels provide details on each
step, including where automation tools have been used and to what effect.

Once the selection of the papers corresponding to the primary studies was concluded,
the data contained in their texts were extracted and inserted into structured tables for
analysis. The collected data included information about commercial wearables and sensors
for remote health monitoring. No randomised controlled selection was performed, as the
number of wearables found was small (n = 12). Instead, a single researcher performed the
data extraction using manual thematic content analysis on the selected studies. The themes
of interest for the data collected on the wearable devices were brand, date released, country
of origin, main interface, secondary interface, targeted disorder, data type/biometric used,
wearable technology device name and wearable device type model.

The extracted data was formatted and analysed within three categories (1) study
characteristics, (2) wearable device biometrics, (3) economic cost–benefit. For each category,
the data distribution was analysed with Shapiro–Wilk testing, including fundamental
statistical analysis (mean, median, mode, and standard deviation). Pearson’s correlation
coefficient was calculated when two or more variables demonstrated a relationship within
the included source.
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Figure 1. PRISMA flowchart detailing identification, screening, and inclusion of records for this review.

5. Results

As per the methodology previously described, 12 studies were identified and included
in this analysis. The primary data of interest relates to the wearable device model, wearable
device type, machine learning model(s), biometric signals, self-reporting scales, target
group, and target disorder. Additionally, passive sensing, related or included interventions
and the device’s intended purpose as described within the study were also of interest.
The results within this section are organised by (1) study characteristics, exploring the
demographic, target disorder and intended purpose metrics. (2) technology and biometric
characteristics, and finally, (3) public value benefit analysis using the Greater Manchester
cost-benefit analysis (CBA) model [25].

5.1. Study Characteristics

Figure 2 indicates the kernel density estimation (KDE) of targeted disorder by date
released. The data indicates a primary clustering around 2020 with many devices targeting
‘stress’ or ‘depression’.
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As illustrated in Table 2, of the studies included in this review (n = 12), the majority
of publications are clustered around the year 2020, demonstrating a normal distribution
per the Shapiro–Wilk test (W = 0.874, P = 0.074) with a sample range from 20–5895, mean
(M) = 2019.5, standard deviation (SD) = 1.09. Included are a total of 7287 participants
across all 12 studies (M = 607.25, SD = 0.18, Min = 20, Max = 5895). Of the target
groups, most studies focused on employees (n = 4), followed by university students
(n = 3). The least popular group was young and old adults, with n = 1 for both. The most
common targeted disorder was general stress (n = 5), followed by depression (n = 4).
Anxiety is only featured when combined with other targets such as stress (n = 2) or
stress and depression (n = 1). Similarly, most studies focused on self-management as
the intended purpose (n = 8), with a minority focusing on well-being with biofeedback
(n = 2). Finally, many studies offer passive sensing with no complementary interventions
(n = 10).

Methodological Quality

From the included studies, that most commonly report study type was that of pilot
study (n = 4), followed by randomized control (n = 3) and finally cross-sectional study
(n = 1). The remaining studies did not report a study type within their methodology
(n = 3). A timeframe of 4 weeks was the most common reported (n = 4), followed by
8 weeks (n = 2) and finally 10, 1 and 2 weeks (n = 1), respectively. Most studies fo-
cused on the identification of stress response (n = 9), with few targeting stress reduction
(n = 2). Additional details such as sample size, target population and target interven-
tion are available in Table 2, and are additionally available within the Supplementary
Data—methodological quality.

Table 2 illustrates the study characteristics of those included in this review. From the
included references, sample size, demographic indicators, targeted mental health disorder
and intended purpose are included. Additionally, Boolean values for passive sensing and
intervention indicate whether the included study supports them. Finally, the individual
cell is left blank where no details are available. * Unless stipulated within the included
study, the age range is derived from the given target group per [26].
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Table 2. Study characteristics including demographic and target mental health disorder.

Study Demographic Mental Health Disorder

Reference Sample Size Participants
(Male %)

Participants
(Female %)

Participants
Age Range

Participant’s
Age (Mean) Target Group Targeted

Disorder Intended Purpose Passive
Sensing Intervention

[27] 55 0.69 0.31 18–25 23.2 Young Adults Anxiety Well-being
(Biofeedback) N Y

[28] 55 0.88 0.12 33–59 46.5 Adults Depression Detection Y N
[29] 183 33–59 Adults Stress Self-Monitoring Y N
[30] 23 0.7 0.3 22–56 30.35 Employees Stress Validation Y N

[31] 20 33–59 University
Students Depression Self-Monitoring Y N

[32] 201 0.55 0.45 18–25 University
Students

Stress,
Depression,

Anxiety
Self-Monitoring Y N

[33] 82 0.35 0.65 17–38 University
Students Stress Self-Monitoring Y N

[34] 169 0.45 0.55 33–59 33 Employees Stress Well-being
(Biofeedback) Y Y

[35] 328 0.57 0.43 33–59 38.9 Employees Stress Self-Monitoring Y N
[36] 5895 Depression Self-Monitoring Y N
[37] 80 0.50 0.50 50–70 Older Adults Depression Self-Monitoring N N
[38] 196 0.33 0.77 28.8–48.4 Employees Anxiety Self-Monitoring Y N
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5.2. Wearable Devices and Device Types

From the perspective of wearable device type, perhaps unsurprisingly, ‘smartwatches’
are the most targeted device within the included technologies (n = 6), with the highest
distribution between 2019 and 2020. The other device types included headbands (n = 2),
glasses (n = 1), wristbands (n = 2), necklaces (n = 1) and shirts (n = 1). Of the devices
which included machine learning (ML) components (n = 10), the most common ML model
was state vector machines with radial basis function (SVM RBF n = 3). Although a
typical inclusion in early multi-model testing, the SVM RBF algorithm has been demon-
strated to outperform other classification methods for identifying mental states [32,36].
As per the reported accuracy, SVM-based models performed better than other models,
M = 0.89, min = 0.81, max = 0.96 (W = 0.985, P = 0.931) compared to other methods,
including neural networks, statistical mixed design models, random forest and binary
logistic regression models M = 0.83, min = 0.81, max = 0.96 (W = 0.914, P = 0.465).

The most common self-reporting scale used in conjunction with wearable data was
the Perceived Stress Scale (PSS, n = 4), followed by the State-Trait Anxiety Inventory (STAI,
n = 3) and the Hamilton depression scale (HAM-D, n = 2). The remaining measurement
and evaluation scales are presented in Table 3.

Table 3 illustrates the measurement and evaluation scales used within the included
studies. In addition, the respective abbreviation, full-scale name, and record count across
the dataset are presented.

Table 3. Evaluation scales including abbreviation, full name and record count within the in-
cluded studies.

Abbreviation Measurement Scale Full Name Record Count

HAM-D Hamilton depression rating scale 2
BDI (BDI-II) Beck Depression Inventory (I, II) 1

BSI Brief Symptom Inventory 1
STAI State-Trait Anxiety Inventory 3
PSS Perceived Stress Scale—PSS 4

POMS Profile of mood states 1
PHQ-9 Patient Health Questionnaire-9 1
EMA Ecological Momentary Assessment 1

MASQ Mood and Anxiety Symptoms Questionnaire 1
MADRS Montgomery–Åsberg Depression Rating Scale 1

SRI Stress Response Inventory 1

CDC HRQOL-14 Centre for Disease Control’s Healthy Days Core
and Symptoms Modules 1

Wearable devices and associated algorithms with the other variables extracted and
included within the analysis are included in Table 4 below.

Table 4 illustrates the wearable device characteristics, including manufacturer, model,
and device type. Additionally, algorithm details such as ML model(s), accuracy, biometric
signal, self-reporting scales and evaluation scales for the included studies are also provided.
Finally, the individual cell is left blank where no details are available.
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Table 4. Wearable device characteristics for their associated study.

Wearable Device Algorithm

Manufacturer Wearable Model Device Type ML Model(s) Accuracy Biometric Signals Self-Reporting
Scales Evaluation Scales Reference

InteraXon Inc &
SmithOptics Inc.

Muse™,
Lowdown Focus

Headband,
Glasses 0.77 EEG, HRV PSS, POMS, STAI BDI, BSI [27]

Eee Holter Technology
Co. Mindo-4S Jellyfish Headband SVM RBF 0.81 EEG HAM-D [28]

Empatica E4 Wristband Binary logistic
regression model 0.85 GSR [29]

Apple Watch 6 SmartWatch HR [30]
Samsung Gear S3 Frontier SmartWatch SVM RF 0.96 Physical Activity, HR EMA, PHQ-9 BDI-II, STAI [31]

Affectiva Q-sensor SmartWatch SVM RBF 0.87 Physical Activity, SC,
S-Temp, Ambient light PSS [32]

Microsoft Smartband 2 SmartWatch Neural Network
(NN) 0.78

SC, Sleep, Calorie
intake, S-Temp, HR,

HRV, PPG, RR
STAI PSS, SRI [33]

Spire Health Spire Stone Necklace - - Respiratory Rate MASQ CDC HRQOL-14 [34]

Intelligent Galaxy Chillband SmartWatch Statistical mixed
design model 0.75

Physical Activity, ECG,
SC, S-Temp, HR,

Circadian Harmonic
PSS [35]

Cambridge
Neurotechnology Ltd. Actiwatch SmartWatch Feature extraction

and RF 0.89 Physical Activity MADRS [36]

Acculi Labs Pvt. Ltd. LENS Bracelet - 0.93

Physical Activity,
S-Temp, menstrual
cycle, Sp02, Sleep
monitoring, PPG

HAM-D [37]

FitBit, OMsignal
OMsignal

smart-shirt, Fitbit
Charge 2

SmartWatch,
Smart Shirt SVM RBF 0.92

Physical Activity, HR,
HRV, Sleep, ECG, PPG,

RR, GSR
daily survey [38]



Int. J. Environ. Res. Public Health 2023, 20, 2636 11 of 22

5.3. Wearable Device Data Type

As per Table 5, 13 metrics were used across the dataset. First, the most referenced
metrics (n = 9) were Electrodermal activity (EDA/GSR/SC/Skin Temperature), which
are indicators of emotional arousal via sweat gland activity [39–42]. Next, heart rate
(HR) (n = 6) and physical activity (n = 6). Finally, the least common biometrics were
Electrocardiogram (ECG), Electroencephalography (EEG), Respiratory Rate and Calorie
intake with two, two, two, and one references, respectively.

Table 5 presents the biometrics used within the wearables included in this review and
their respective instance count. In addition, the collection method, wearable location and
metric description are also given.
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Table 5. Biometrics reference count and description.

Biometric Collection Count Location Description Reference

Physical activity Auto/Self-reported 6 On person Physical activity is a commonly used metric default in many consumer
wearable devices, which includes acceleration and step counts. [2,14,43]

Electrodermal activity
(EDA/GSR/SC/Skin

Temperature)
Auto 9 Wrist

Electrodermal activity (EDA), galvanic skin response (GSR) and skin
temperature are measures of skin conductance indicative of sweat gland

activity and, therefore, emotional arousal.
[39–42]

Blood oxygen saturation
(Sp02) Auto 1 Wrist

Blood oxygen saturation (SP02) is a common biometric within clinical
practice and is typically collected via pulse oximetry, reflecting the

percentage of oxygen in the blood.
[44–47]

Heart Rate (HR) Auto 6 Wrist Heart Rate is the number of heart beats per minute [41,47]
Heart Rate Variability

(HRV) Auto 3 Wrist Heart rate variability (HRV) is a variation of the interval between
heartbeats. [41,47]

Sleep Auto/Self-reported 3 Wrist
Changes in sleep patterns are commonly associated with signs of mental
health deterioration. Therefore, sleep patterns are regular indicators of

mental health status.
[43,48,49]

Ambient light and audio Auto 1 Wrist Ambient light or audio is a commonly used metric in conjunction with
physical activity and SC to determine sleep activity and quality. [31,43]

Menstrual cycle Self-reported 1 Off person Psychological stress has a detrimental effect on menstrual cycle regularity. [50]

Photoplethysmography
(PPG) Auto 3 Wrist

Commonly used metric to determine the amount of light absorbed by
blood vessels in living tissue. PPG can be used as a proxy for blood
pressure due to the correlation between arterial blood volume and

distention with blood pressure.

[47,51,52]

Electrocardiogram (ECG) Auto 2 Wrist A plot of the heart’s electrical activity is traditionally used to calculate HR
and HRV [46]

Electroencephalography
(EEG) Auto 2 Head

Electroencephalography (EEG) is a measure of the brains electrical activity
over time and is one of the most effective physiological signals for

identification of psychological stress.
[41,46]

Respiratory Rate Auto 2 Chest
Respiratory patterns, i.e., inspiration/expiration ratio, respiratory pauses,
irregularity etc. are influenced by various mental stressors and therefore is

a common indicator of mental state.
[42]

Calorie intake Self-reported 1 Off person Calorie intake indicators are typically self-reported and are of interest
because food intake is shown to be correlated with depressive symptoms [31,53]
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Physical activity is typically an aggregate of step count, motion, accelerometer, or
gyroscopic data and is a standard metric, particularly in smartwatches [23]. There is a
significant body of literature supporting the positive relationship between physical activity
and mental health, with recent literature exploring this relationship considering the recent
COVID-19 pandemic [54]. Marvaldi et al [7], found that higher levels of physical activity
were significantly associated with lower levels of mood disturbance and less states of
anxiety, with days of physical activity per week being a strong predictor of mental state.

However, it suggested that physical activity is not necessarily proportional to its
inverse of sedentary behaviour, where the imposition of such conduct harms mental
states [54]. Additionally, the extent to which physical activity may mitigate the effects of
sedentary behaviour is unknown [54]. Similarly, the metrics used to determine physical
activity are regularly reported as being a point of fixation among wearable users, where
they may ignore other evidence of health issues [2].

5.4. Economic Analysis of Technologies

Many mental health technologies rarely report any cost–benefit within their release,
focussing rather on short-term gains, a trend equally true for the technologies included in
this review [3]. To quantify the economic benefit of technologies, we consider the public
value benefit as per the Greater Manchester cost-benefit analysis (CBA) model, which
estimates the return on investment (ROI) for public sector interventions [25]. This tool
requires making a series of assumptions based on the target population, potential impact,
engagement and deadweight (business-as-usual) and, therefore, should be treated as an
approximation of the return on investment for such technologies [25,55].

5.4.1. Domains

Economic analysis is based on the ROI across various domains [25,55]. As such,
the domains applicable to mental health technologies for self-management of subclinical
common mental health disorders are the following domains as per Table 6.

Table 6. Domains of target outcome, benefit and recipient as per 25.

Outcome Benefit Recipient

Improved well-being of
individuals

Increased confidence/self-esteem Individual
Reduced isolation Individual

Positive functioning (autonomy, control, aspirations) Individual
Emotional well-being Individual

Improved family well-being
Improved family relationships Family

Positive functioning (autonomy, control, aspirations) Family
Emotional well-being Family

Improved community
well-being

Sense of trust and belonging Community
Positive functioning (autonomy, control, aspirations) Community

Improved relationships Community
Mental health Reduced health cost of interventions NHS/Individuals

5.4.2. Assumptions

For calculation of the public value benefit per the Greater Manchester cost-benefit
analysis (CBA) model, the following assumptions are made: target and affected populations,
level of engagement with the target population, retention, impact and deadweight [25].
The following sections detail these assumptions.

Target and affected population: The target populations are applied to the UK, per the
UK census 2021 initial results, and House of Commons library per target group category and
age range [56]. Thus, within the included studies, as of 2020, unless otherwise stipulated,
five population groups are defined and quantified as young adults (n = 5.2 M, [56]), adults
(n = 67.1 M, [56]), older adults (n = 11.8 M as of 2016, [56]), employees (n = 30.3 M, [56])
and university students (n = 2.66 M, [57]) are targeted. Similarly, the affected popu-
lation within these groups are determined by the percentage of people who experience
subclinical common mental health symptoms and are therefore likely to find the technol-
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ogy of relevance. Thus, the targeted population for common mental health disorders per
each group are young adults (n = 1.8 M, [56,58]), adults (n = 13.8 M, [56,59,60]), older
adults (n = 3 M, [56,61,62]), university students (n = 0.8 M, [57,63]), and employees
(n = 7.7 M, [56,59,60]). Full details of the targeted and affected populations are given in
Supplementary Data—economic and population data.

Level of engagement with target population: is based upon the technology type
ownership and therefore acts as a ceiling estimate of potential engagement. Technologies
were grouped by type, and then the estimated UK ownership of each technology type was
explored and expressed as a percentage. Perhaps unsurprisingly, fitness trackers in the form
of bracelets or wristbands had the greatest ownership among technology types, estimated
at 0.14 [53]. Smartwatches followed this at 0.13 [64,65]. Smart headbands, glasses, and
clothing had the lowest penetration at <0.05; therefore, the default upper bound estimate
of 0.05 was taken for completeness. Full details for the level of engagement per technology
type are given in Supplementary Data—economic costs data, level of engagement.

Retention: The attrition rate attributed to mental health apps and technologies is
widely documented and commonly regarded as a significant challenge affecting mental
health technology adoption, particularly for self-management of common mental health
disorders [11]. Similar to engagement, the retention rate of various technologies is estimated
based on the technology type and expressed as retained percentage of population after
6 months. For example, the highest retention rate was attributed to fitness trackers such as
wristbands or bracelets, 0.58–0.74 with an average of 0.66 [53,66], followed by smartwatches
at 0.23–0.63 with an average of 0.43 [64,65].

Impact: There is significant variation in reports for the level of individual behaviour
augmentation with wearable devices, particularly concerning common mental health
disorders [67]. However, the most significant impact comes from behaviour modulation
concerning physical activity (0.43–0.51 [68]). Therefore, for this estimation, we used the
impact suggested by Gal et al [68] at 0.43 as a proxy for mental health augmentation impact.

Deadweight: is a common statistic cited within the social return on investment esti-
mations as the general rate at which an individual’s well-being will improve regardless
of intervention [55]. Banke-Thomas et al [69] cite the deadweight range for public bod-
ies between 0.18 and 0.43. Thus, we take the mid value of 0.33 as an approximation
of deadweight.

5.4.3. Public Value Benefit

Of the technologies included within this review, wristbands, including fitness trackers
and bracelets, had the greatest public value benefit estimate, at an average of £513.9 M.
Surprisingly, smartwatches resulted in similar public value benefits to necklaces, £172.9 M.
This is perhaps contrasting as, despite the high penetration of smartwatches compared to
other wearable technologies, their public value benefit is 0.33 of fitness trackers despite
greater penetration and retention. This is due to many studies focusing on the application
of smartwatches to specific domains (n = 7) compared to fitness trackers (n = 2) and
necklaces (n = 1). These particular domains, such as university students or employees,
have reduced population and target population compared to the broader adult population-
focused technologies. Thus, results are likely skewed in this respect. Headbands had the
least public value benefit at £26.7 M. This is further illustrated in Figure 3.
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6. Discussion

We sought to evaluate the utility of wearables for the self-management of sub clinical,
common mental health disorders. In doing so, the following critical perspectives were
explored (1) the dominant wearable biometrics, (2) dominant purpose of wearable devices,
(3) the dominant machine learning algorithms at work within these devices, and finally
(4) the potential cost–benefit of such devices.

Of the 12 wearable devices included in this study, electrodermal activity (EDA/GSR/SC/
skin temperature), physical activity, and heart rate (HR) are the most common biometrics with
nine, six and six reference counts, respectively. Self-management of stress or anxiety where
the most common application (n = 8) with smartwatches being the most common targeted
device (n = 6). State Vector machine with radial basis function (SVM-RBF) algorithms
comprise the dominant machine learning component where classification of mental states
is included within the device (n = 3), SVM RBF algorithm has been demonstrated to
outperform other classification methods for identifying mental states [32,36]. Finally,
fitness trackers and bracelets had the greatest public value benefit estimate, at an average
of £513.9 M while the lowest belonged to headbands at £26.7 M.

Among the barriers to integration, wearables offer three principal challenges and
opportunities: (1) they have the potential to holistically empower the therapeutic process,
giving individuals a greater degree of control and input to their treatment while giving
them the necessary tools to implement self-management and preventative strategies at
home; (2) There is a significant lack of data available from wearable device manufacturers
which validates the assumptions or claims that such devices are beneficial to users’ mental
health; Finally (3) wearable devices are significantly more likely to be purchased by those
already conscious of their health and therefore greater effort is needed to engage those
outside of this scope.

6.1. Opportunities

There are three principal opportunities identified throughout this review: (1) Wear-
ables as a ubiquitous delivery method and longitudinal data collection mechanism; (2)
Widening access of wearables; and finally (3) Mental health technologies as a means to
empower the therapeutic process.

6.1.1. Wearables as a Data Collection Platform

Smart watches, and bracelets such as Fitbit have the potential to become a biometric
platform for improving physical performance and positive habit formation, giving individ-
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uals direct access to personal analytics, which can assist self-management of health and
facilitate preventative care.

Piwek et al. 2016, suggest that wearable devices could provide detailed and cost-
effective longitudinal data without the need to involve more sophisticated, uncomfortable,
and expensive alternatives. Furthermore, Piwek et al [23], suggests that there is a growing
body of evidence to suggest that through data collected by wearable devices, it is possible
to determine the severity of depressive symptoms using metrics such as physical activity,
sleep duration, and self-reported number of conversations. This view is supported by Kang
and Chai [42], who suggest that the increased and changing needs of mental health services
have elevated the potential role of sensors for monitoring mental status, and providing
data which would be timely and accessible to a range of professionals and users.

Sadeh-Sharvit and Hollon [70] argue that technology has the potential to bring about
measurement-based care (MBC), defining measurement-based care (MBC) as the ‘practice
of grounding clinical care in patient data collected throughout treatment’. Service providers
who utilise such techniques will help individuals achieve faster and more significant
treatment responses with symptomatic remission [70].

6.1.2. Widening Access to Treatments through Wearables

In 2016 as part of England’s NHS ‘Improving Access to Psychological Therapies (IAPT)’
program, waiting list standards for psychological treatment were introduced [6]. The
waiting list standard states two targets (1) that 75% of referrals for psychological treatment
will be assessed and actioned within six weeks, and 98% within eighteen weeks [6]. Despite
such targets being reportedly marked achieved, the outcomes across the UK are not uniform,
with some areas waiting up to twenty-three weeks for an initial consultation or follow-
up session [6]. Thus, despite considerable increases in treatment resources, the service
provision gap remains prominent [71].

It is well established that early intervention is effective at limiting the development
of common mental health disorders, comparable to that of community mental health
care [3,72]. However, considerable challenges in mental health services result in such early
interventions often being neglected, particularly in the case of sub clinical mental health
symptoms [11,19].

The estimated ownership of each technology type per the previous CBA analysis
suggests that wearable technologies do indeed represent a high sizeable market penetration
at 0.12 of UK adults. According to OFCOM [73] 0.85 of UK adults use a smartphone.
The highest ownership belonging to adults aged 16–34 at 0.96 and lowest to adults aged
65+ years at 0.55.

Therefore, the use of digital devices to access mental health services or manage mental
health symptoms, particularly for those already engaged with technology, is becoming
ever more significant [12]. Digital devices can promote improved access to services for
those from low socioeconomic groups or those who live in rural areas while promoting
empowerment and participation [12].

6.1.3. Empowering the Therapeutic Process

Sadeh-Sharvit and Hollon [70], suggest that psychotherapy is currently on the edge of
a technological transformation. Furthermore, Sadeh-Sharvit and Hollon [70] illustrates that
while psychological treatments for common mental health disorders have demonstrated
efficiency, their overall quality inclusive of barriers such as access to treatment, cost, lack
of objective and systematic methods for assessing treatments during delivery, is poor.
However, there is growing evidence that from the perspective of health professionals,
wearables have the potential to mitigate against these barriers, while empowering both
professionals and end users to (a) reduce subjective influence during diagnosis, (b) develop
more individual or bespoke treatment options, and (c) reduce burden on services through
appropriate triage of individuals [11,23,70].
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Much of the criticism around mental health technologies, particularly those used in
conjunction with, or during therapeutic intervention is that they may introduce barriers
such as time to administer, collect and analyse data, and therefore may interfere with
rapport and the therapeutic alliance [70]. Sadeh-Sharvit and Hollon [70] suggests that
mental health tools, to be maximally effective, must collect, segment, and analyse data
passively without increasing the therapist burden or reducing face-to-face communications.

6.2. Limitations

Three principal limitations were identified throughout this review (1) lack of economic
data to support the true cost-benefit of wearables, (2) lack of empirical evidence to sup-
port the efficacy of wearables and (3) poor penetration of wearables which results in the
potential of such technologies remaining with those already technologically engaged, thus
exacerbating the digital divide.

6.2.1. The True Economic Case for Wearables

Economics and mental health have a complex bi-directional relationship. For instance,
economic disadvantage is associated with a greater incidence of mental health through
exposure to greater risk factors, the latter compounding the former and vice versa [3,5].

According to Knapp & Wong [5], three principal economic evaluations are used
to assess mental health interventions. These are (1) cost-effectiveness analysis (CEA),
(2) Cost-Utility analysis (CIA) and (3) Cost-Benefit Analysis. Unlike CEA and CIA analysis
techniques, CBA places a monetary value on multiple outcomes expressed in net benefits [5].
Such benefits are defined as monetary values of effects minus cost changes [5].

As the economic burden of mental health continues to rise, innovative technologies,
processes and services are required to widen access and efficiently manage and treat mental
health disorders [3,11]. Digital therapies and wearable devices have great potential to
empower users and enhance existing services [11]. However, associated savings with such
technology may be offset by their reduced effectiveness [5].

Such complexity, unfortunately, results in the economic analysis for new technologies
being avoided despite an imperative need for the complete assessment of new technolo-
gies [74].

6.2.2. Lack of Evidence Base

Despite the clear potential of wearables, their implementation remains hampered by
attrition either due to lack of motivation on behalf of the user, or poor trigger, engagement,
or even identification of needs on behalf of developers and most importantly, lack of
supporting evidence [11,23,39,75]. Additionally, although many wearable devices act
as a platform for data collection with many biometrics having their own supporting
evidence, the efficacy of the platform at large and its application to mental health is
unsubstantiated [23].

Much of the evidence provided in support of wearables or digital mental tools re-
mains anecdotal, with few manufacturers or developers providing supporting empirical
evidence [11,75]. Piwek et al [23] argue that manufacturers of wearable devices or those
who market them, potentially underestimate the distance between designing a product to
support a healthy lifestyle and providing the evidence necessary to support this assumption.
Similarly, most available mental health applications are not based upon behaviour change
theory, and thus any benefit is likely short-lived [13,14]. Huckvale et al [13], during their
evaluation of mental health apps, showed that no statistical difference arose from mental
health apps with digital control that contained no therapeutic content, thus raising the
prospect of digital placebo effects. This supports the findings of Firth et al [11] who argue
that the resultant psychological improvements are likely due to an individual’s personal
connection with their device and frequent engagement with mental health apps while
pursuing expected benefits rather than actual efficacy.
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Therefore, to realise the potential of mental health technologies as a valid intervention
either for the self-management of common mental health disorders or integrated into clini-
cal practice, manufacturers and developers must ensure their technology is (1) developed
with the specific needs and perspectives of their target population, and (2) ensure that such
technologies are rigorously tested with respect of safety and efficacy [11,14,75].

6.2.3. Empowering the Already Empowered

Despite the apparent potential of wearables Piwek et al [23] suggest that wearables are
more likely to be purchased by individuals who have already adopted a healthy lifestyle
and seek to qualify their progress. There is also a growing subculture that uses wearables
for the purpose of self-discovery through personal analytics, as seen in the quantified self
(QS) movement [23]. This aligns with user perceptions toward ‘self-hacking’, that is, the
use of wearable devices to improve sleep, manage stress or increase productivity [23].

The use of mental health tools is correlated with their perceived effectiveness and
knowledge of how these tools work [71]. In general, 32% of users stop using wearable
devices after 6 months, while 50% stop after 1 year, which is typical of attrition of mental
health technologies, particularly mental health apps [11,23]. The utilisation of behavioural
theories and persuasive design is employed by developers to combat these high attrition
rates [11,12].

6.2.4. Limitations of This Review

This review has a number of limitations, the most obvious of which is the small
number of included studies (n = 12). Additionally, this review excludes studies which
do not include a physical device, therefore omitting the contributions of mobile apps and
such companion technologies. Finally, this review excludes studies which do not focus on
common mental disorders as their primary target, therefore including studies which apply
wearable devices to physical disorders such as diabetes where symptomatic reduction in
mental health disorders using wearables is secondary to the management of the participants
physical disorder.

7. Conclusions

Despite compelling evidence of intervention that reduces the impact of depressive or
anxiety disorder, no reduction in their global prevalence or burden has been detected since
1990 [1]. Despite evidence and a seemingly abundance of preventative and intervention
tools and techniques, depressive and anxiety disorders remain the leading health burden
globally [1,76–78].

Whilst a consistent issue, individuals have become less likely to seek care for mental
health problems compared to pre-COVID-19 due to concerns they may become infected as
a result [1,79–81]. Therefore, a need exists to integrate mental health responses within the
COVID-19 recovery strategy [1]. It is argued that recovery strategies should promote mental
well-being and specifically target the determinants of poor mental health exacerbated
by population shock events such as the COVID-19 pandemic, with intervention being
fundamentally important for those who develop such a disorder [1,79–81].

This review has evaluated the potential utility of wearables for the self-management
of sub-clinical common mental health disorders, the outcome of which has provided more
understanding of the potential of wearables to reduce the burden on the healthcare system.
Mental health technologies require greater evidence from case reports, randomised control
trials and meta-analyses to render such technologies pertinent, and thus further empirical
support for their application in the clinical setting is required [70].

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/ijerph20032636/s1.

https://www.mdpi.com/article/10.3390/ijerph20032636/s1
https://www.mdpi.com/article/10.3390/ijerph20032636/s1


Int. J. Environ. Res. Public Health 2023, 20, 2636 19 of 22

Author Contributions: Conceptualization, T.R. and J.C.; methodology, T.R., J.C., E.R. and G.L.; data
curation, T.R.; writing—original draft preparation, T.R.; writing—review and editing, J.C., E.R. and
G.L.; visualization, T.R.; funding acquisition, J.C. All authors have read and agreed to the published
version of the manuscript.

Funding: This work is funded by the eCareWell project. UK Community Renewal Fund supported
by HM Treasury.

Institutional Review Board Statement: Not applicable.

Data Availability Statement: Technologies and economic data is provided within the two enclosed
Supplementary Files. Technologies includes all metrics collected from the included studies while
economic data includes level of engagement and population data.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. COVID-19 Mental Disorders Collaborators. Global prevalence and burden of depressive and anxiety disorders in 204 countries

and territories in 2020 due to the COVID-19 pandemic. Lancet 2021, 398, 1700–1712. [CrossRef]
2. Fusar-Poli, P.; Correll, C.U.; Arango, C.; Berk, M.; Patel, V.; Ioannidis, J.P. Preventive psychiatry: A blueprint for improving the

mental health of young people. World Psychiatry 2021, 20, 200–221. [CrossRef] [PubMed]
3. McDaid, D.; Park, A.-L.; Wahlbeck, K. The Economic Case for the Prevention of Mental Illness. Annu. Rev. Publ. Health 2019, 40,

373–389. [CrossRef]
4. Schofield, D.J.; Shrestha, R.N.; Percival, R.; E Passey, M.; Callander, E.J.; Kelly, S.J. The personal and national costs of mental

health conditions: Impacts on income, taxes, government support payments due to lost labour force participation. Bmc Psychiatry
2011, 11, 72. [CrossRef]

5. Knapp, J.C.M. The economic case for improved coverage of public mental health interventions. Lancet Psychiatry 2018, 5, 103–105.
6. Punton, G.; Dodd, A.L.; McNeill, A. ‘You’re on the waiting list’: An interpretive phenomenological analysis of young adults’

experiences of waiting lists within mental health services in the UK. PLoS ONE 2022, 17, e0265542. [CrossRef] [PubMed]
7. Marvaldi, M.; Mallet, J.; Dubertret, C.; Moro, M.R.; Guessoum, S.B. Anxiety, depression, trauma-related, and sleep disorders

among healthcare workers duirng the COVID-19 pandemic: A systematic review and meta-analysis. Neurosci. Biobehav. Rev. 2021,
126, 252–264. [CrossRef] [PubMed]

8. Turkington, R.; Mulvenna, M.; Bond, R.; Ennis, E.; Potts, C.; Moore, C.; Hamra, L.; Morrissey, J.; Isaksen, M.; Scowcroft, E.; et al.
Behavior of Callers to a Crisis Helpline Before and During the COVID-19 Pandemic: Quantitative Data Analysis. JMIR Ment.
Health 2020, 7, e22984. [CrossRef]

9. Solmi, M.; Radua, J.; Olivola, M.; Croce, E.; Soardo, L.; de Pablo, G.S.; Shin, J.I.; Kirkbride, J.B.; Jones, P.; Kim, J.H.; et al. Age at
onset of mental disorders worldwide: Large-scale meta-analysis of 192 epidemiological studies. Mol. Psychiatr. 2022, 27, 281–295.
[CrossRef]

10. Liese, B.H.; Gribble RS, F.; Wickremsinhe, M.N. International funding for mental health: A review of the last decade. Int. Health
2019, 11, 361–369. [CrossRef]

11. Firth, J.; Torous, J.; Carney, R.; Newby, J.; Cosco, T.D.; Christensen, H.; Sarris, J. Digital Technologies in the Treatment of Anxiety:
Recent Innovations and Future Directions. Curr. Psychiatry Rep. 2018, 20, 44. [CrossRef]

12. Naslund, J.A.; Gonsalves, P.P.; Gruebner, O.; Pendse, S.R.; Smith, S.L.; Sharma, A.; Raviola, G. Digital Innovations for Global
Mental Health: Opportunities for Data Science, Task Sharing, and Early Intervention. Curr. Treat. Options Psychiatry 2019, 6,
337–351. [CrossRef]

13. Huckvale, K.; Nicholas, J.; Torous, J.; Larsen, M.E. Smartphone apps for the treatment of mental health conditions: Status and
considerations. Curr. Opin. Psychol. 2020, 36, 65–70. [CrossRef] [PubMed]

14. Onyeaka, H.; Firth, J.; Kessler, R.C.; Lovell, K.; Torous, J. Use of smartphones, mobile apps and wearables for health promotion
by people with anxiety or depression: An analysis of a nationally representative survey data. Psychiatry Res. 2021, 304, 114120.
[CrossRef] [PubMed]

15. World Health Organization. ICD-11: International Classification of Diseases (11th Revision). 2019. Available online: https:
//icd.who.int/ (accessed on 11 October 2022).

16. World Health Organization. Depression and Other Common Mental Disorders: Global Health Estimates. 2017. Available online:
https://apps.who.int/iris/handle/10665/254610 (accessed on 11 October 2022).

17. World Health Organization. Technical Meeting on Sleep and Health. 2004. Available online: https://www.euro.who.int/__data/
assets/pdf_file/0008/114101/E84683.pdf (accessed on 11 October 2022).

18. Haller, H.; Cramer, H.; Lauche, R.; Gass, F.; Dobos, G.J. The prevalence and burden of subthreshold generalized anxiety disorder:
A systematic review. BMC Psychiatry 2014, 14, 128. [CrossRef] [PubMed]

19. Baxter, A.J.; Scott, K.M.; Vos, T.; Whiteford, H.A. Global prevalence of anxiety disorders: A systematic review and meta-regression.
Psychol. Med. 2013, 43, 897–910. [CrossRef]

http://doi.org/10.1016/S0140-6736(21)02143-7
http://doi.org/10.1002/wps.20869
http://www.ncbi.nlm.nih.gov/pubmed/34002494
http://doi.org/10.1146/annurev-publhealth-040617-013629
http://doi.org/10.1186/1471-244X-11-72
http://doi.org/10.1371/journal.pone.0265542
http://www.ncbi.nlm.nih.gov/pubmed/35303040
http://doi.org/10.1016/j.neubiorev.2021.03.024
http://www.ncbi.nlm.nih.gov/pubmed/33774085
http://doi.org/10.2196/22984
http://doi.org/10.1038/s41380-021-01161-7
http://doi.org/10.1093/inthealth/ihz040
http://doi.org/10.1007/s11920-018-0910-2
http://doi.org/10.1007/s40501-019-00186-8
http://doi.org/10.1016/j.copsyc.2020.04.008
http://www.ncbi.nlm.nih.gov/pubmed/32553848
http://doi.org/10.1016/j.psychres.2021.114120
http://www.ncbi.nlm.nih.gov/pubmed/34303946
https://icd.who.int/
https://icd.who.int/
https://apps.who.int/iris/handle/10665/254610
https://www.euro.who.int/__data/assets/pdf_file/0008/114101/E84683.pdf
https://www.euro.who.int/__data/assets/pdf_file/0008/114101/E84683.pdf
http://doi.org/10.1186/1471-244X-14-128
http://www.ncbi.nlm.nih.gov/pubmed/24886240
http://doi.org/10.1017/S003329171200147X


Int. J. Environ. Res. Public Health 2023, 20, 2636 20 of 22

20. Kola, L.; Kohrt, B.A.; Hanlon, C.; Naslund, J.A.; Sikander, S.; Balaji, M.; Benjet, C.; Cheung, E.Y.L.; Eaton, J.; Gonsalves, P.; et al.
COVID-19 mental health impact and responses in low-income and middle-income countries: Reimagining global mental health.
Lancet Psychiatry 2021, 8, 535–550. [CrossRef]

21. Deng, J.; Zhou, F.; Hou, W.; Silver, Z.; Wong, C.Y.; Chang, O.; Drakos, A.; Zuo, Q.K.; Huang, E. The prevalence of depressive
symptoms, anxiety symptoms and sleep disturbance in higher education students during the COVID-19 pandemic: A systematic
review and meta-analysis. Psychiatry Res. 2021, 301, 113863. [CrossRef]

22. Bhugra, D.; Tasman, A.; Pathare, S.; Priebe, S.; Smith, S.; Torous, J.; Arbuckle, M.R.; Langford, A.; Alarcón, R.D.; Chiu, H.F.K.; et al.
The WPA-Lancet Psychiatry Commission on the Future of Psychiatry. Lancet Psychiatry 2017, 4, 775–818. [CrossRef]

23. Piwek, L.; Ellis, D.A.; Andrews, S.; Joinson, A. The Rise of Consumer Health Wearables: Promises and Barriers. PLOS Med. 2016,
13, e1001953. [CrossRef]

24. Page, M.J.; McKenzie, J.E.; Bossuyt, P.M.; Boutron, I.; Hoffmann, T.C.; Mulrow, C.D.; Shamseer, L.; Tetzlaff, J.M.; Akl, E.A.;
Brennan, S.E.; et al. The PRISMA 2020 statement: An updated guideline for reporting systematic reviews. Syst. Rev. 2021, 10, 89.
[CrossRef]

25. GMCA. Greater Manchester CBA Model; GMCA: Metropolitan County, UK, 2019.
26. Riva, F.; Triscoli, C.; Lamm, C.; Carnaghi, A.; Silani, G. Emotional Egocentricity Bias Across the Life-Span. Front. Aging Neurosci.

2016, 8, 74. [CrossRef]
27. Balconi, M.; Fronda, G.; Crivelli, D. Effects of technology-mediated mindfulness practice on stress: Psychophysiological and

self-report measures. Stress 2018, 22, 200–209. [CrossRef]
28. Cao, Z.; Lin, C.-T.; Ding, W.; Chen, M.-H.; Li, C.-T.; Su, T.-P. Identifying Ketamine Responses in Treatment-Resistant Depression

Using a Wearable Forehead EEG. IEEE Trans. Biomed. Eng. 2018, 66, 1668–1679. [CrossRef]
29. Kim, J.; Park, J.; Park, J. Development of a statistical model to classify driving stress levels using galvanic skin responses. Hum.

Factor Ergon. Man 2020, 30, 321–328. [CrossRef]
30. Lucas, B.; Grayson, S.; Hamidu, H.; Han, A.; No, S.; Varghese, A.; Campisi, J. Sex differences in heart rate responses to occupational

stress. Stress 2019, 23, 13–18. [CrossRef]
31. Narziev, N.; Goh, H.; Toshnazarov, K.; Lee, S.A.; Chung, K.-M.; Noh, Y. STDD: Short-Term Depression Detection with Passive

Sensing. Sensors 2020, 20, 1396. [CrossRef] [PubMed]
32. Sano, A.; Taylor, S.; McHill, A.W.; Phillips, A.J.; Barger, L.K.; Klerman, E.; Picard, R. Identifying Objective Physiological Markers

and Modifiable Behaviors for Self-Reported Stress and Mental Health Status Using Wearable Sensors and Mobile Phones:
Observational Study. J. Med. Internet Res. 2018, 20, e210. [CrossRef]

33. Silva, E.; Aguiar, J.; Reis, L.P.; Sá, J.O.; Gonçalves, J.; Carvalho, V. Stress among Portuguese Medical Students: The EuStress
Solution. J. Med. Syst. 2020, 44, 45. [CrossRef]

34. Smith, E.N.; Santoro, E.; Moraveji, N.; Susi, M.; Crum, A.J. Integrating Wearables in Stress Management Interventions: Promising
Evidence From a Randomized Trial. Int. J. Stress Manag. 2019, 27, 172–182. [CrossRef]

35. Kraaij, A.W.J.; van Schiavone, G.; Lutin, E.; Claes, S.; Hoof, C.V. Relationship Between Chronic Stress and Heart Rate Over Time
Modulated by Gender in a Cohort of Office Workers: Cross-Sectional Study Using Wearable Technologies. J. Med. Internet Res.
2020, 22, e18253. [CrossRef]

36. Zanella-Calzada, L.A.; Galván-Tejada, C.E.; Chávez-Lamas, N.M.; Gracia-Cortés, M.D.C.; Magallanes-Quintanar, R.; Celaya-
Padilla, J.M.; Galván-Tejada, J.I.; Gamboa-Rosales, H. Feature Extraction in Motor Activity Signal: Towards a Depression Episodes
Detection in Unipolar and Bipolar Patients. Diagnostics 2019, 9, 8. [CrossRef]

37. Chattopadhyay, S.; Das, R. Statistical Validation of LENS: Towards Understanding the Empty Nest Syndrome in India using
Lyfas, an Optical Biomarker-based Smartphone Biomedical Tool. Research Square 2022. [CrossRef]

38. Tiwari, A.; Cassani, R.; Narayanan, S.; Falk, T.H. A Comparative Study of Stress and Anxiety Estimation in Ecological Settings
Using a Smart-shirt and a Smart-bracelet. In Proceedings of the 2019 41st Annual International Conference of the IEEE Engineering
in Medicine and Biology Society (EMBC), Berlin, Germany, 23–27 July 2019; pp. 2213–2216.

39. Koldijk, S.; Neerincx, M.A.; Kraaij, W. Detecting Work Stress in Offices by Combining Unobtrusive Sensors. IEEE Trans. Affect.
Comput. 2016, 9, 227–239. [CrossRef]

40. Engelniederhammer, A.; Papastefanou, G.; Xiang, L. Crowding density in urban environment and its effects on emotional
responding of pedestrians: Using wearable device technology with sensors capturing proximity and psychophysiological emotion
responses while walking in the street. J. Hum. Behav. Soc. Environ. 2019, 29, 630–646. [CrossRef]

41. Hickey, B.A.; Chalmers, T.; Newton, P.; Lin, C.-T.; Sibbritt, D.; McLachlan, C.; Clifton-Bligh, R.; Morley, J.; Lal, S. Smart Devices
and Wearable Technologies to Detect and Monitor Mental Health Conditions and Stress: A Systematic Review. Sensors 2021, 21,
3461. [CrossRef]

42. Kang, M.; Chai, K. Wearable Sensing Systems for Monitoring Mental Health. Sensors 2022, 22, 994. [CrossRef]
43. Sakamaki, T.; Furusawa, Y.; Hayashi, A.; Otsuka, M.; Fernandez, J. Remote Patient Monitoring for Neuropsychiatric Disorders:

A Scoping Review of Current Trends and Future Perspectives from Recent Publications and Upcoming Clinical Trials. Telemed
E-health 2022, 28, 1235–1250. [CrossRef]

44. Sahu, K.S.; Majowicz, S.E.; Dubin, J.A.; Morita, P.P. NextGen Public Health Surveillance and the Internet of Things (IoT). Front.
Public Health 2021, 9, 756675. [CrossRef]

http://doi.org/10.1016/S2215-0366(21)00025-0
http://doi.org/10.1016/j.psychres.2021.113863
http://doi.org/10.1016/S2215-0366(17)30333-4
http://doi.org/10.1371/journal.pmed.1001953
http://doi.org/10.1186/s13643-021-01626-4
http://doi.org/10.3389/fnagi.2016.00074
http://doi.org/10.1080/10253890.2018.1531845
http://doi.org/10.1109/TBME.2018.2877651
http://doi.org/10.1002/hfm.20843
http://doi.org/10.1080/10253890.2019.1621282
http://doi.org/10.3390/s20051396
http://www.ncbi.nlm.nih.gov/pubmed/32143358
http://doi.org/10.2196/jmir.9410
http://doi.org/10.1007/s10916-019-1520-1
http://doi.org/10.1037/str0000137
http://doi.org/10.2196/18253
http://doi.org/10.3390/diagnostics9010008
http://doi.org/10.21203/rs.3.rs-1450019/v1
http://doi.org/10.1109/TAFFC.2016.2610975
http://doi.org/10.1080/10911359.2019.1579149
http://doi.org/10.3390/s21103461
http://doi.org/10.3390/s22030994
http://doi.org/10.1089/tmj.2021.0489
http://doi.org/10.3389/fpubh.2021.756675


Int. J. Environ. Res. Public Health 2023, 20, 2636 21 of 22

45. Nahavandi, D.; Alizadehsani, R.; Khosravi, A.; Acharya, U.R. Application of artificial intelligence in wearable devices: Opportu-
nities and Challenges. Comput. Meth. Prog. Bio. 2021, 213, 106541. [CrossRef] [PubMed]

46. Long, N.; Lei, Y.; Peng, L.; Xu, P.; Mao, P. A scoping review on monitoring mental health using smart wearable devices. Math.
Biosci. Eng. 2022, 19, 7899–7919. [CrossRef]

47. Olmedo-Aguirre, J.O.; Reyes-Campos, J.; Alor-Hernández, G.; Machorro-Cano, I.; Rodríguez-Mazahua, L.; Sánchez-Cervantes,
J.L. Remote Healthcare for Elderly People Using Wearables: A Review. Biosensors 2022, 12, 73. [CrossRef]

48. Dewa, L.H.; Lavelle, M.; Pickles, K.; Kalorkoti, C.; Jaques, J.; Pappa, S.; Aylin, P. Young adults’ perceptions of using wearables,
social media and other technologies to detect worsening mental health: A qualitative study. PLoS ONE 2019, 14, e0222655.
[CrossRef] [PubMed]

49. Dreisbach, C.; Koleck, T.A.; Bourne, P.E.; Bakken, S. A systematic review of natural language processing and text mining of
symptoms from electronic patient-authored text data. Int. J. Med. Inform. 2019, 125, 37–46. [CrossRef] [PubMed]

50. Muharam, R.; Agiananda, F.; Budiman, Y.F.; Harahap, J.S.; Prabowo, K.A.; Azyati, M.; Putri, Y.I.; Pratama, G.; Sumapraja, K.
Menstrual cycle changes and mental health states of women hospitalized due to COVID-19. PLoS ONE 2022, 17, e0270658.
[CrossRef]

51. Elgendi, M.; Menon, C. Assessing Anxiety Disorders Using Wearable Devices: Challenges and Future Directions. Brain Sci. 2019,
9, 50. [CrossRef]

52. Ajakwe, S.O.; Nwakanma, C.I.; Kim, D.-S.; Lee, J.-M. Key Wearable Device Technologies Parameters for Innovative Healthcare
Delivery in B5G Network: A Review. IEEE Access 2022, 10, 49956–49974. [CrossRef]

53. Li, J.; Silvera-Tawil, D.; Varnfield, M.; Hussain, M.S.; Math, V. Users’ Perceptions Toward mHealth Technologies for Health and
Well-being Monitoring in Pregnancy Care: Qualitative Interview Study. JMIR Form. Res. 2021, 5, e28628. [CrossRef]

54. Pears, M.; Kola-Palmer, S.; Azevedo, L.B.D. The Impact of Sitting Time and Physical Activity on Mental Health during COVID-19
Lockdown. Sport Sci. Health 2022, 18, 179–191. [CrossRef]

55. Corvo, L.; Pastore, L.; Mastrodascio, M.; Cepiku, D. The social return on investment model: A systematic literature review.
Meditari Account. Res. 2022, 30, 49–86. [CrossRef]

56. Population Estimates—Office for National Statistics. Census. 2021. Available online: https://www.ons.gov.uk/peoplepopulationandcommunity/
populationandmigration/populationestimates (accessed on 14 September 2022).

57. HESA. Higher Education Student Statistics: UK, 2020/21. 2022. Available online: https://www.hesa.ac.uk/news/25-01-2022
/sb262-higher-education-student-statistics (accessed on 14 September 2022).

58. NatCen. Mental Health of Children and Young People Survey. 2021. Available online: https://natcen.ac.uk/our-research/
research/mental-health-of-children-and-young-people-survey/ (accessed on 16 September 2022).

59. Cheng, C.; Ebrahimi, O.V.; Lau, Y. Maladaptive coping with the infodemic and sleep disturbance in the COVID-19 pandemic. J.
Sleep Res. 2021, 30, e13235. [CrossRef]

60. NICE. Generalized Anxiety Disorder: How Common Is It? 2022. Available online: https://cks.nice.org.uk/topics/generalized-
anxiety-disorder/background-information/prevalence/ (accessed on 17 September 2022).

61. Miner, B.; Kryger, M.H. Sleep in the Aging Population. Sleep Med. Clin. 2017, 12, 31–38. [CrossRef]
62. Age, U.K. Later Life in the United Kingdom. 2019. Available online: https://www.ageuk.org.uk/globalassets/age-uk/

documents/reports-and-publications/later_life_uk_factsheet.pdf (accessed on 17 September 2022).
63. Jenkins, P.E.; Ducker, I.; Gooding, R.; James, M.; Rutter-Eley, E. Anxiety and depression in a sample of UK college students: A

study of prevalence, comorbidity, and quality of life. J. Am. Coll. Health 2020, 69, 813–819. [CrossRef]
64. Beukenhorst, A.L.; Howells, K.; Cook, L.; McBeth, J.; O’Neill, T.W.; Parkes, M.J.; Sanders, C.; Sergeant, J.C.; Weihrich, K.S.; Dixon,

W.G. Engagement and Participant Experiences with Consumer Smartwatches for Health Research: Longitudinal, Observational
Feasibility Study. JMIR mHealth uHealth 2020, 8, e14368. [CrossRef]

65. Mintel. UK Wearable Technology Market Report 2021. 2021. Available online: https://store.mintel.com/report/uk-wearable-
technology-market-report (accessed on 6 September 2022).

66. Chandrasekaran, R.; Katthula, V.; Moustakas, E. Patterns of Use and Key Predictors for the Use of Wearable Health Care Devices
by US Adults: Insights from a National Survey. J. Med. Internet Res. 2020, 22, e22443. [CrossRef]

67. Millings, A.; Morris, J.; Rowe, A.; Easton, S.; Martin, J.K.; Majoe, D.; Mohr, C. Can the effectiveness of an online stress management
program be augmented by wearable sensor technology? Internet Interv. 2015, 2, 330–339. [CrossRef]

68. Gal, R.; May, A.M.; Overmeeren EJ van Simons, M.; Monninkhof, E.M. The Effect of Physical Activity Interventions Comprising
Wearables and Smartphone Applications on Physical Activity: A Systematic Review and Meta-analysis. Sport. Med.-Open 2018,
4, 42. [CrossRef]

69. Banke-Thomas, A.O.; Madaj, B.; Charles, A.; van den Broek, N. Social Return on Investment (SROI) methodology to account for
value for money of public health interventions: A systematic review. BMC Public Health 2015, 15, 582. [CrossRef]

70. Sadeh-Sharvit, S.; Hollon, S.D. Leveraging the Power of Nondisruptive Technologies to Optimize Mental Health Treatment: Case
Study. JMIR Ment. Health 2020, 7, e20646. [CrossRef]

71. Hunkin, H.; King, D.L.; Zajac, I.T. Wearable devices as adjuncts in the treatment of anxiety-related symptoms: A narrative review
of five device modalities and implications for clinical practice. Clin. Psychol. Sci. Pract. 2019, 26, e12290. [CrossRef]

72. Mitchell, L.M.; Joshi, U.; Patel, V.; Lu, C.; Naslund, J.A. Economic Evaluations of Internet-Based Psychological Interventions for
Anxiety Disorders and Depression: A Systematic Review. J. Affect. Disord. 2021, 284, 157–182. [CrossRef]

http://doi.org/10.1016/j.cmpb.2021.106541
http://www.ncbi.nlm.nih.gov/pubmed/34837860
http://doi.org/10.3934/mbe.2022369
http://doi.org/10.3390/bios12020073
http://doi.org/10.1371/journal.pone.0222655
http://www.ncbi.nlm.nih.gov/pubmed/31532786
http://doi.org/10.1016/j.ijmedinf.2019.02.008
http://www.ncbi.nlm.nih.gov/pubmed/30914179
http://doi.org/10.1371/journal.pone.0270658
http://doi.org/10.3390/brainsci9030050
http://doi.org/10.1109/ACCESS.2022.3173643
http://doi.org/10.2196/28628
http://doi.org/10.1007/s11332-021-00791-2
http://doi.org/10.1108/MEDAR-05-2021-1307
https://www.ons.gov.uk/peoplepopulationandcommunity/populationandmigration/populationestimates
https://www.ons.gov.uk/peoplepopulationandcommunity/populationandmigration/populationestimates
https://www.hesa.ac.uk/news/25-01-2022/sb262-higher-education-student-statistics
https://www.hesa.ac.uk/news/25-01-2022/sb262-higher-education-student-statistics
https://natcen.ac.uk/our-research/research/mental-health-of-children-and-young-people-survey/
https://natcen.ac.uk/our-research/research/mental-health-of-children-and-young-people-survey/
http://doi.org/10.1111/jsr.13235
https://cks.nice.org.uk/topics/generalized-anxiety-disorder/background-information/prevalence/
https://cks.nice.org.uk/topics/generalized-anxiety-disorder/background-information/prevalence/
http://doi.org/10.1016/j.jsmc.2016.10.008
https://www.ageuk.org.uk/globalassets/age-uk/documents/reports-and-publications/later_life_uk_factsheet.pdf
https://www.ageuk.org.uk/globalassets/age-uk/documents/reports-and-publications/later_life_uk_factsheet.pdf
http://doi.org/10.1080/07448481.2019.1709474
http://doi.org/10.2196/14368
https://store.mintel.com/report/uk-wearable-technology-market-report
https://store.mintel.com/report/uk-wearable-technology-market-report
http://doi.org/10.2196/22443
http://doi.org/10.1016/j.invent.2015.04.005
http://doi.org/10.1186/s40798-018-0157-9
http://doi.org/10.1186/s12889-015-1935-7
http://doi.org/10.2196/20646
http://doi.org/10.1111/cpsp.12290
http://doi.org/10.1016/j.jad.2021.01.092


Int. J. Environ. Res. Public Health 2023, 20, 2636 22 of 22

73. OFCOM. Adults’ Media Use and Attitudes Report 2020/21; OFCOM: London, UK, 2021.
74. Iribarren, S.J.; Cato, K.; Falzon, L.; Stone, P.W. What is the economic evidence for mHealth? A systematic review of economic

evaluations of mHealth solutions. PLoS ONE 2017, 12, e0170581. [CrossRef]
75. Newbold, A.; Warren, F.C.; Taylor, R.S.; Hulme, C.; Burnett, S.; Aas, B.; Botella, C.; Burkhardt, F.; Ehring, T.; Fontaine, J.R.J.; et al.

Promotion of mental health in young adults via mobile phone app: Study protocol of the ECoWeB (emotional competence for
well-being in Young adults) cohort multiple randomised trials. BMC Psychiatry 2020, 20, 458. [CrossRef] [PubMed]

76. Thornicroft, G.; Rose, D.; Kassam, A.; Sartorius, N. Stigma: Ignorance, prejudice or discrimination? Brit. J. Psychiatry 2007, 190,
192–193. [CrossRef] [PubMed]

77. Jorm, A.F.; Patten, S.B.; Brugha, T.S.; Mojtabai, R. Has increased provision of treatment reduced the prevalence of common mental
disorders? Review of the evidence from four countries. World Psychiatry 2017, 16, 90–99. [CrossRef] [PubMed]

78. GBD 2019 Mental Disorders Collaborators. Global, regional, and national burden of 12 mental disorders in 204 countries and
territories, 1990–2019: A systematic analysis for the Global Burden of Disease Study 2019. Lancet Psychiatry 2022, 9, 137–150.
[CrossRef] [PubMed]

79. Moreno, C.; Wykes, T.; Galderisi, S.; Nordentoft, M.; Crossley, N.; Jones, N.; Cannon, M.; Correll, C.U.; Byrne, L.; Carr, S.;
et al. How mental health care should change as a consequence of the COVID-19 pandemic. Lancet Psychiatry 2020, 7, 813–824.
[CrossRef]

80. Campion, J.; Javed, A.; Sartorius, N.; Marmot, M. Addressing the public mental health challenge of COVID-19. Lancet Psychiatry
2020, 7, 657–659. [CrossRef]

81. Maulik, P.K.; Thornicroft, G.; Saxena, S. Roadmap to strengthen global mental health systems to tackle the impact of the COVID-19
pandemic. Int. J. Ment. Health Syst. 2020, 14, 57. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

http://doi.org/10.1371/journal.pone.0170581
http://doi.org/10.1186/s12888-020-02857-w
http://www.ncbi.nlm.nih.gov/pubmed/32962684
http://doi.org/10.1192/bjp.bp.106.025791
http://www.ncbi.nlm.nih.gov/pubmed/17329736
http://doi.org/10.1002/wps.20388
http://www.ncbi.nlm.nih.gov/pubmed/28127925
http://doi.org/10.1016/S2215-0366(21)00395-3
http://www.ncbi.nlm.nih.gov/pubmed/35026139
http://doi.org/10.1016/S2215-0366(20)30307-2
http://doi.org/10.1016/S2215-0366(20)30240-6
http://doi.org/10.1186/s13033-020-00393-4

	Introduction 
	Background 
	Defining Common Mental Health Disorders 
	The Promise of Telehealth and the Integration of Health Self-Service 

	Review Aims and Objectives 
	Methodology 
	Information Sources 
	Selection Process 
	Data Collection and Analysis 

	Results 
	Study Characteristics 
	Wearable Devices and Device Types 
	Wearable Device Data Type 
	Economic Analysis of Technologies 
	Domains 
	Assumptions 
	Public Value Benefit 


	Discussion 
	Opportunities 
	Wearables as a Data Collection Platform 
	Widening Access to Treatments through Wearables 
	Empowering the Therapeutic Process 

	Limitations 
	The True Economic Case for Wearables 
	Lack of Evidence Base 
	Empowering the Already Empowered 
	Limitations of This Review 


	Conclusions 
	References

