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ABSTRACT

Mental health issues are a serious consequence of the COVID-19 pandemic, influencing
about 700 million people worldwide. These physiological issues need to be consistently
observed on the people through non-invasive devices such as smartphones, and fitness
bands in order to remove the burden of having the conciseness of continuously
being monitored. On the other hand, technological improvements have enhanced
the abilities and roles of conventional mobile phones from simple communication
to observations and improved accessibility in terms of size and price may reflect
growing familiarity with the smartphone among a vast number of consumers. As a
result of continuous monitoring, together with various embedded sensors in mobile
phones, raw data can be converted into useful information about the actions and
behaviors of the consumers. Thus, the aim of this comprehensive work concentrates
on the literature work done so far in the prediction of mental health issues via passive
monitoring data from smartphones. This study also explores the way users interact with
such self-monitoring technologies and what challenges they might face. We searched
several electronic databases (PubMed, IEEE Xplore, ACM Digital Libraries, Soups,
APA Psyclnfo, and Mendeley Data) for published studies that are relevant to focus on
the topic and English language proficiency from January 2015 to December 2020. We
identified 943 articles, of which 115 articles were eligible for this scoping review based
on the predetermined inclusion and exclusion criteria carried out manually. These
studies provided various works regarding smartphones for health monitoring such as
Physical activity (26.0 percent; 30/115), Mental health analysis (27.8 percent; 32/115),
Student specific monitoring (15.6 percent; 18/115) are the three analyses carried out
predominantly.

Subjects Emerging Technologies, Mobile and Ubiquitous Computing

Keywords Mobile phone, Sensor, Smartphone, Passive sensing, Mental health, Ambient sensors,
Mental health monitoring

INTRODUCTION

There are widespread concerns about the impact of the COVID-19 pandemic on mental
health, which has led to a natural urgency for mental health research. There are many
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contributing factors towards poor mental health, but the COVID-19 pandemic has
exaggerated many psychological obstacles, and the hypothesis is that this has subsequently
led to a greater incidence of mental health issues in those who may have otherwise never
come to the attention of health services (Zhang ¢» Ma, 2020). Moreover, the government’s
order to “stay at home” and the quarantine have led to the longest period of enforced
isolation in human history, with the accompanying psychological toll of bereavement and
unexpected fatalities. Similarly, the consequences of such widespread isolation have led
to a number of intangible effects, such as increased substance use and financial stresses.
While the COVID-19 pandemic continues, efforts have turned to early detection of warning
markers of psychiatric illness in order to implement time-sensitive therapies (Adogwa et al.,
2016). Traditional psychiatric evaluation approaches, such as clinical assessments and self-
survey reports have limitations in terms of achieving this goal. Firstly, clinical assessments
frequently rely on a person’s hindsight subjective evaluation of their activities over weeks,
months, or years (Garcia-Ceja, Osmani & Mayora Ibarra, 2015). As a result, individuals
may not be willing to engage appropriately, or may introduce an element of recall bias
during the assessment. Secondly, the types of consumers chosen for inclusion in such
studies are often sourced from clinical environments and rely on those who are sufficiently
disordered to require contact with mental health services. Subsequently, such assessments
may have minimal consistency and may be subject to types of reactions associated with
a person’s drive to undergo therapy e.g., minimising symptoms, hyper-endorsing issues
or avoidance of treatment. Furthermore, examinations are frequently conducted after
psychological problems or cognitive disability which have progressed to the point where
therapy is required for them, as they are much more resistant to treatment. Improved
precise diagnosis of behavioural indications linked to imminent difficulties could lead
to early remedies, potentially improving long-term outcomes. In the last decade, mobile
phones have exceeded their original use as communication devices. A smartphone can
now function as a digital camera, accelerometer, activity tracker, or chatbot, amongst
other functions. The different embedded sensors, together with the usage of smartphones
coupled with widespread availability, have made them a significant research tool in a variety
of fields. One such aspect was passively monitoring or self-monitoring for forecasting
or categorizing smartphone customers’ health-related actions (Cheffena, 2015; Huang

et al., 2015). Manipulation of mobile data such as application usage, communications
and performed activities can be converted into latent information for predicting users’
well-being. Furthermore, contextual data of users includes weather and Wifi access
used to determine location (Moher, 2009). The embedded sensors act as effective self-
monitoring tools which enable the passive collection through the customized platforms
containing microphone, zoom lens, magnetometer, speedometer, bluetooth, light and
sound sensors (Higgins et al., 2011; Wang ¢ Zhang, 2015). This evolution has sparked a
lot of curiosity and research possibilities in the context of mental health and wearable
technologies. It also emphasises the need for greater research into its mental health
implications, based on past material.
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The overarching goal of this scoping review is to establish a uniform framework
for defining the behaviours collected through various sensing techniques. The specific
objectives of this study are:

1. To concentrate on the prospect of employing current mobile or wearable devices to
detect and treat mental health issues early.

2. To provide an outline of clinical competencies used to compare the novel findings and
data from smartphones that are utilized to track the health of the users.

3. To identify prospective areas for future research in behavioural sciences studies.

This review focuses on evaluating human behaviour during this pandemic using the
best companion smartphones and highlights recent advances in the field of mobile phone
usability to answer the following primary research questions:

1. Could wearable or mobile tech be used to offer remote psychological assistance during
the COVID-19 pandemic recovery process?

2. What are the recent improvements in measuring instruments such as hardware and
software?

3. What are the limitations or concerns with passive monitoring that have been detected
into the articles integrated in the study are of interest to us?

The rest of the paper is organized as follows. ‘Survey Methodology’ presents methods
for narrowing publications by including the recent works in estimating the mental health
issues in this COVID scenario. ‘Results and Analysis’ deals with the systematic search
methods for deducing the nature of mental well-being observing frameworks. ‘Discussion’
presents different related work for mental health monitoring systems. ‘Current Challenges
in Passive Sensing for Mental Health Research’ describes the significant drawbacks of
change in expectation. Finally, conclusions and advanced work are given in ‘Conclusions’.

SURVEY METHODOLOGY

This survey methodology proceeds with a description of the searching strategy, scientific
databases retrieved, the inclusion and exclusion criteria, and the number of research articles
selected from the various databases to find the research work.

Search strategy and information Source

The strategic purpose of digitised assessments for psychological health issues has been
immediately required during the COVID-19 pandemic. Wearable gadgets can be used
to enhance assessments of mental health issues and can be used for tracking at-risk and
quarantined populations. Furthermore, while passive monitoring does not operate as
frequently as active monitoring, it can collect and generate vast amounts of data, which
may be used in supporting clinical assessment. As a result, the search focused on identifying
the most appropriate keywords for collecting recent papers on the subject such as mobile
technologies, ambient sensing, sensors and wearable and clinical competencies. Searches
were conducted in electronic bibliographic databases such as PubMed (Health Science),
IEEE Xplore, ACM Digital Libraries (computing methods), Soups (information article),
APA PsycInfo, and Mendeley Data (Physio informatics), addressing this via query-based
searches.
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1. Scopus (ScienceDirect)((ALL (Monitoring deceives)) OR (ALL (Passive monitoring))
OR (ALL (hardware)) OR (ALL (Software)) OR (ALL (smartphone deceives)) OR
(ALL (‘monitoring AND deceives’ OR ‘Passive AND monitoring’ OR ‘hardware AND
software’ OR ‘smartphone AND deceives’))) AND (ALL (well-being * OR physical *
OR mental * AND health))

2. IEEE Xplore digital library(“Full Text Only”: mental health monitoring) AND (“Full
Text Only”: hardware) OR (“Full Text Only”: software) AND (“Full Text Only”:
passive monitoring) AND (“All Metadata”: mental behaviours) AND (“All Metadata™:
well being)

3. APA PsycInfo Any Field: mental health monitoring using hardware OR Any Field:
software with passive sensing

4. Mendeley ALL(mental AND health AND well AND being AND using AND passive
AND monitoring AND sortBy = publicationYear)

5. PubMed((“mental health”[MeSH Terms] OR (“mental”’[All Fields] AND “health”[All
Fields]) OR “mental health”[All Fields]) AND (“health”’[MeSH Terms] OR
“health”[All Fields] OR “well”’[All Fields] OR “well being”[All Fields]) AND
(“passive”[All Fields] OR “passively”’[All Fields] OR “passives”[All Fields]) AND
(“monitor s”’[All Fields] OR “monitorable”[All Fields] OR “monitored”[All Fields]
OR “monitoring”[All Fields] OR “monitoring s”[All Fields] OR “monitoring,
physiologic”’[MeSH Terms] OR (“monitoring”[All Fields] AND “physiologic”[All
Fields]) OR “physiologic monitoring”[All Fields] OR “monitor”[All Fields] OR
“monitorings”[All Fields] OR “monitorization”[All Fields] OR “monitorize”[All
Fields] OR “monitorized”[All Fields] OR “monitors”[All Fields])) AND
(2003:2022[pdat])

6. ACM [All: mental health behaviors prediction using passive monitoring] AND [All:
mental health well being using passive monitoring]

Various reputable databases are excluded so the risk of duplication of research is
minimized, for example, the Web of Science database.

Criteria for inclusion and exclusion

This study mainly focuses on the passive monitoring system for analysing the behaviours
to predict the mental health which does not need user interaction, moreover, it is not
necessary for monitoring users to communicate with the sensors voluntarily for sensing
purposes, it should be embedded as they use in their routines. Thus, articles that were
published between January 2015 and December 2020, written in English and meet the
above purpose, are included.

In contrast, records excluded are based on the following reasons removal of duplication-
429 (sample article indexed in various databases), based on: the title of studies; 192 (active
monitoring methods, self-questionnaire methods); irrelevant review objectives, 79; and
finally based on the articles that lack availability of results and discussion, 128 (EEG, ECG
monitoring). Books, book chapters, conference abstracts, short surveys, editorials and
letters were excluded as well. Finally, omitted studies which do not contain proper ethical
clearance to carry out the research work.
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Study selection

Studies were extracted based on the query formed above and refined based on their titles,
followed by their abstracts. The rest of the refined articles were further scrutinised by
reviewing the content and determining relevance to the research question. The search list
was ordered chronologically and then analysed by a group of researchers in unison so as to
minimise selection bias.

Figure 1 shows the data flow diagram explaining how the publications for the review
were chosen based on elimination carried out manually with inclusion and exclusion
criteria. The systematic search described above yielded a sample of 943 manuscripts.After
removing the duplicates, we were left with 514 studies. 349 of the 514 titles examined were
deemed eligible for abstract evaluation. An estimated 199 abstracts were considered as
potential review candidates, which led to 182 full-text retrievals and evaluations. Finally,
115 manuscripts were included in the study. Table 1 shows the number of returned and
selected papers from retrieved databases.

Based on the exclusion criteria Table 2 shows the count of papers that were excluded
from the final stage of the review. Table 3 shows the number of articles published per year
in the last six years.

RESULTS AND ANALYSIS

Summary of the search results

Tables 4 and 5 provide the summary of various behavioural health outcomes from sensors,
wearable remote monitoring intervention studies which include duration of the evaluation,
target population, methods involved, resultant outcomes, clinical outcomes, hardware,
software components used for monitoring.

From Figs. 2 and 3 and Tables 4 and 5 it can be seen the majority of review articles
considered for analysis chose the accelerometer and GPS as a source of the user’s data
can be seen. The accelerometer provides added benefits such as covered distance, speed,
static/inactive and time periods of movements which also provided amiability, movement
and confinement. Moreover, the GPS provides dynamic, location variance, entropy,
circadian movement and universally common latitude and longitude data from the satellite
to predict the intensity of movement. It can also predict sociability, and detachment that
can provide context information to predict the mental health issues more accurately.

Analysis of the results

The framework for the health assessment system represents in Fig. 4 was created to guide
the analysis. This framework includes the combination of embedded sensors values used
to deduce the majority of behavioural classifiers (markers) to forecast the inferences such
as mental health issues, academic performance, fall detection for elderly people, isolation
from the social group and even for lifestyle recommendations. Those behavioural markers
such as physical activities, usage of the phone, sleep, location and social activities are
detected from the sensors data. Finally, inferences are compared with the self-reports as
described in Table 6 (ASRM, SGABS, GABS, IBS, HADS, PHQ, GHQ) which are generally
used by clinical experts to analyse the health issues. This section deals with a detailed
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Database Searches

ACM Scopus Mendeley
n =206 n=244 n=126

IEEE explore
n= 186

Pub Med APA PsycInfo
n =105 n=76

Total articles from database searches

n=943
( Duplicate articles removed
L n =429
[ Unique articles screened ]
n=514
~
( Exclusions based on title and
abstract review
k n=271
vy
[ Full text assessed ]
n=243 / ‘ \
Exclusions based on full text
n=128

Primary reasons for exclusions:

* Survey paper

+ Collecting data with questionnaire
* Activity monitoring

+ Language of articles not in English
+ Mental health monitoring with

K invasive methods /

Articles included
n=115

Figure 1 Data flow diagram explaining how the publications for the review were chosen.
Full-size G4l DOI: 10.7717/peerjcs.1042/fig-1

Table 1 The number of documents resulted and chosen for review from various databases.

Articles PubMed APAPsycInfo IEEEexplore ACM Scopus Mendeley
Result of the search query 105 76 186 206 244 126
Taken for the survey 30 9 28 20 16 12

review of the embedded sensors and their function, which can result in monitoring
various health metrics like behaviour monitoring, physical activities, overall well being,
sleep quality, student monitoring and conviviality. In addition, traditional methods used
by practitioners were later combined into scales given as self-reports for mental health
monitoring.
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Table 2 The distribution of rejected papers as a result of the full-text review.

Reason for exclusion Publications excluded
Survey paper 46

collecting data with questionnaire 39

Activity monitoring 12

Language of articles not in English 2

Mental health monitoring with invasive methods 29

Table 3 Year-by-year breakdown of the number of unique papers returned.

Year Articles per year
2020 19
2019 16
2018 20
2017 15
2016 25
2015 20

Embedded sensors in smartphones

A smartwatch resembles a wristwatch in appearance, but it can do much more than keep

time. Bluetooth is supported on digital timepieces, and the functions can be extended to

smartphones. In such instances, the smartwatch can be used to read messages, accept calls,
monitor the climate, and many more advanced functions.

In addition to these advantages, smartwatches aid in the analysis of the wearer’s behaviour
and the determination of their mental health. The researchers used a combination of sensors
and wearable technology (Table 7). Smartphones (71/115, 61.7 percent), wristbands or
smartwatches (44/115, 38.2 percent), were the most commonly utilised gadgets in the
research of behaviour monitoring. Accelerometers (46/115, 40.0 percent), mobile phone
usage (36/115, 31.3 percent), Global Positioning System (33/115, 28.6 percent), actigraph
(23/115, 20 percent), microphones (28/115, 24.34 percent), electrocardiogram (ECG) ,
and Electroencephalogram EEG (were the most commonly utilized sensors (23/115, 20.0
percent).

From Table 8 it is clear that 72.1 percent of research papers (83/115) used this sensor to
collect data from users, most of which were related to physical activity. In smartwatches,
the accelerometer is used to detect the wearer’s movement and orientation. Regardless of
whether one or two hands are used, the accelerometer in the smartwatch detects about
two dozen movements and activities (Lindner et al., 1999). The controls for software
applications are then mapped to these motions. The Tri-axial version is a common
smartwatch modification that maintains track of the wearer’s physical activity. The Tri-
axials record up and down, side-to-side, and back-and-forth movements, unlike the
uniaxial version, which only records up and down movements (Carbonell, Michalski ¢
Mitchell, 1983).
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Table 4 Summary of behavioral health outcomes from sensors, wearable, and remote monitoring intervention studies. P- Participants/Study
length, CA- Clinical assessment, H/w-Hardware, S/w-Software.

Study Period  Population Method/Outcomes CA H/w, Siw Sensor
Ponzo et al. (2020) 262/4 College BioBase application was STAL PHQ, SP (i0S), Accelerometer,
weeks students used for 4 weeks to reduce WEMWBS  Wristband actigraph
anxiety and promote well-being. (BioBeam),
Biobase app
Doryab et al. (2019) 160/4 college To detect the loniesss, keep an UCLA SP, Wristband, Accelerometer,
weeks students eye on social and sleeping habits. AWARE app actigraph,
With an accuracy of 80.2%, (freeware data Bluetooth,
it can detect loneliness and collection app) phone usage,
changes in loneliness levels, and GPS, microphone,
with an accuracy of 88.4%, it can SMS usage
detect changes in loneliness levels.
Sano et al. (2018) 201//4 college Critical items detected using ASRM, IBS SP, wristband Accelorometer,
weeks students wearable sensors like temperature, (Afectiva), actigraph,
barometer such as routine behavior, Motion Logger temperature sensor,
socializing for stress, (AMI), GPS, light sensor,
depression with 78.3% accuracy Funf open-sensing  phone usage
for segregating stress level framework
among students.
Demasi, Aguilera & 44/8 Healthy Change over and abnormality BDI, PHQ-9 SP (Android), Accelorometer,
Recht (2016) weeks adults in sleep, length of sleep are Funf opensending  actigraph,
used to predict emotional framework Bluetooth
wellbeing.
Gaggioli et al. (2014)  121/5 Healthy Participants reported a COPE-NIV,  SP (iPhone), Accelorometer,
weeks adults signifcant increase in the PHQ, SWLS  Wireless Bluetooth, Camera,
emotional support skill cardiovascular ECG, electrodermal
belt, body worn sensor
wireless sensor
Knight & Bidargaddi ~ 120/8 open When comparing self-reported DASS-21 Sp Accelorometer,
(2018) months data from activity tracker actigraph
applications to wearables
for psychological anguish/moderate
level of psychological distress,
wearable devices had
considerably longer daily activity
duration than smartphone apps.
Szydlo & Konieczny 25/2 Outpatient  The smartwatch recognises None SP (Android), Accelorometer,
(2016) weeks 75% of archetypal ASD identifed Smart- watch actigraph
motions after six sessions
of use with an electronic
photographic activity
programme.
Garcia-Ceja et al. 30/6 Healthy Stress detection and None SP, Wireless Accelerometer,
(2018) weeks adults prediction using accelerometer identifed Sensor Data actigraph,
data with 95% accuracy Mining (WISDM), Bluetooth,
chest sensor, microphone,
wrist sensor Wi-Fi

(continued on next page)
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Table 4 (continued)

Study Period Population Method/Outcomes CA H/w, S/w Sensor
Huang et al. (2016) 16/10 Students Examine the relationship SIAS SP Accelerometer,
days between university students’ GPS

Wang et al. (2016)

visits to religious sites and
their social anxiety.

21/9-36  Outpatient  Use random forest regression EMA (measuring SP (Android), Accelerometer,

Weeks to correlate smartphone data ~ sleep, calm, CrossCheck app, app usage,
with schizophrenia depression, Funf open sensing GPS, light
symptoms/Significant hope, cognition, framework, sensor,
association between ground  thoughts of harm, MobileEMA System  microphone,
truth and anticipated mental  psychotic symptoms) phone usage,
health status scores SMS usage

In order to enhance the prediction of behavioural characteristics, context-based scenarios
have to be added by using location data from the GPS in devices. The user’s location and
movements are tracked with this GPS data in most studies 37.39 percentage (43/115). It can
be either used alone as an individual sensor or combined along with Bluetooth and Wi-Fi
networks. The level of sociability among the users can be easily measured in addition apart
from the location measured from the Bluetooth. To determine the wearer’s orientation and
angular velocity, gyroscope sensors are used. Gyroscope sensors are more advanced than
accelerometers in terms of functionality. These sensors are capable of tracking both lateral
and tilt orientations. Accelerometers, on the other hand, can only track linear motions
(Maclnnes, 2003). A revolving disc called the motor is mounted on a spinning axis in
the gyroscope’s design. With the help of Earth’s gravitational field, this sensor detects the
wearer’s orientation (Liu et al., 2018).

Out of the refined papers, SMS and calls were used to analyse the depressed mood
and social avoidance in (13/115) 11.3 percent of papers, gyroscope and microphone were
used for passive sensing in seven percent (8/115) and 5.2 percent (6/115), respectively. The
major work of a microphone is to communicate with the opposite parties. By analyzing this
factor, the predictions that can be made are mood (modulation of your voice), drowsiness
and isolation, while a gyroscope is used to measure the basic day to day activities.

Apart from the data received through sensors, some other additional information
can also be collected by the utilization of user patterns for handling the mobile. The
communication made using the phone such as calls, text messages, as well as usage of
devices incidents such as screen ON/OFF, time spent on the phone, lighting and settings
of the device, are used to detect health-related data. Application usage like ambient light
and phone screen on/off status were considered as a key factor in 7.82 percentage (9/115)
selected publications to predict the sleep of the users. Table 8 illustrates the rest fitness data,
such as the camera, and magnetometer, which can be collected from embedded sensors
and mobile phones.

The ability to collect data passively is one of the key benefits of using smartphones for
health monitoring. All sensor data comes from the smartphone’s omnipresent sensors,
and passive data collection means there is no user interaction or participation. To detect
physical activities, 52 of the 115 publications employed data from only two or more
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Table 5 Summary of behavioral health outcomes from sensors, wearables, and remote monitoring intervention studies. P- Participants/Study
length, CA- Clinical assessment, H/w-Hardware, S/w-Software.

Study Period Population Method/Outcomes CA H/w, S/w Sensor
Hartanto et al. (2015) 5/8 Healthy Feedback based 1PQ, SUD Head mounted Accelerometer,
weeks adults motivational methods VR, Zephyr HxM  ECG, microphone,
used to predict anxiety HR device, Wi-fi
with virtual captions Memphis VR
dialogue
system
Ben-Zeev et al. (2015) 47/10 Healthy Predicts the correlation PHQ-9, PSS, SP (Android), Accelerometer,
weeks  adults between location, UCLA-LS Wristband actigraph,
length of sleep and stress (JawBone Up), Bluetooth,
levels from smartphone data. cell towers, GPS, light sensor,
wi-fi receiver microphone
Lim et al. (2012) 537/3 Outpatient Evaluate association SGDS-K SP, Sensor GPS
months of depression using Used FH62C14
generalized estimating
equations (GEE)
Osmani (2015) 12/12 Inpatient, depression The correlation between BSDS,HDRS =~ Wristband Accelerometer,
weeks and bipolar disorder daily intervals’ activity tracker GPS, microphone,
activity scores and mental phone usage
state assessment scores
was 0.62438, indicating
that the mood state
(manic, depressed)
could be recognised.
Saeb (2015) 28/2 Outpatient Predict depressive PHQ-9 SP (Android), GPS,
weeks symptoms/Signifcant Purple robot phone usage
negative correlations app
between GPS features and
depression;
Canzian ¢»Musolesi (2015) 28/10 Outpatient The mobility trace PHQ-8, HADS, SP (Android), GPS
weeks characteristics were linked GHQ MoodTraces app
to depressive mood
in a model designed to
predict changes in
depression based on
mobility patterns.
Griinerbl et al. (2015) 10/12 Outpatient With 97% precision ADL, HAMD,  SP (Android), Accelerometer,
weeks and 97% recall, tracking app GPS, microphone,
detect state shift phone usage
in persons with bipolar
disorder; recognise
state with 76% accuracy.
Wabhle et al. (2016) 37/2 Outpatient A SVM predicts PHQ-9 SP, Mobile Accelerometer,
weeks depression with 61% Sensing GPS, phone usage,
accuracy, and an RF and Support SMS usage
classifier predicts (MOSS) app

depression with
59% accuracy.

(continued on next page)
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Table 5 (continued)

Study Period Population Method/Outcomes CA H/w, S/w Sensor
Maxhuni et al. (2016) 10/12 Outpatient  Ability to classify mood HAMD, YMRS SP (Android), Accelerometer,
weeks with confdence (85%) MONARCA app  Bluetooth, GPS,
in the course of microphone, phone
mood episodes usage, Wi-fi
Faurholt-Jepsen et al. (2020)  129/9 Outpatient  To compare differences ASRSM, BDI SP (Android), Accelerometer,
months in depressed and manic MONARCA II actigraph, GPS,
symptoms, researchers used phone usage,
an SP-based method with SMS usage

traditional treatment.

- Magnetometer: 6
(=

> Bluetooth: 6

/\\Others: 8

SMS & Calls: 13

GPS(Global Positioning System): 4X\

"~ Microphone: 17

Accelerometer: 35

o

Samrt phone & App usage: 19

Gyroscope: 24

Figure 2 Source of health-related data from various sensors.
Full-size &l DOI: 10.7717/peerjcs.1042/fig-2

Table 6 Clinical assessment scales.

Acronyms Description

ASRM Atlman Self-Rating for Mania

SGABS Shortened General Attitude and Belief Scale
GABS General Attitude and Belief Scale

IBS Irrational Belief Scale

HADS Hospital Anxiety and Depression Scale

28 -GHQ General Health Questionnaire-28

BDI Beck Depression Inventory

sensors, the majority of which were accelerometers. Various articles additionally used GPS,
camera, and speedometer on their own as described in 115 articles involving the usage
of several sensors. In the majority, 23 articles predominantly use the accelerometer, and
in conjunction with GPS, Wi-Fi, gyroscope sensors and microphone to determine the
physical activities and overall general behaviour.
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/ Ailment monitoring: 8

Overall well being: 9
Sleep: 11
Conviviality: 12

Student specific monitoring system: 26

Mental health: 42

/

/

Physical activity: 35
Figure 3 The selected publications in research fields.

Full-size Gal DOI: 10.7717/peerjcs.1042/fig-3

Embedded Sensors in
Smartphone

Microphone
Light Sensor

‘ Behavioral Classifiers

I Mental Health Issues

‘ Academic Performance

Fall Detection

Lifestyle
Recommendations

GPS/Bluetooth

Gvroscope

Magnetom eter

Inferences

Behavior

Socialization
Exercises

Self-Reports

Figure 4 Framework of health assessing system.
Full-size Gal DOI: 10.7717/peerjcs.1042/fig-4

Another important issue that affects the accuracy of the collection of sensing data in
the monitoring systems is the operating system. Bui