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ABSTRACT
Background. The need for health systems that allow for continuous monitoring and
early adverse event detection in individuals outside of the acute care setting has been
highlighted by the global rise in chronic cardiorespiratory diseases and the recent
COVID-19 pandemic. Currently, it is unclear what type of evidence exists concerning
the use of physiological data collected from commercially available wrist and textile
wearables to assist in clinical decision making. The aim of this review was therefore
to systematically map and summarize the scientific literature surrounding the use of
these wearables in clinical decision making as well as identify knowledge gaps to inform
further research.
Methodology. Six electronic bibliographic databases were systematically searched
(Ovid MEDLINE, EMBASE, CINAHL, PubMed, Scopus, and SportsDiscus). Publi-
cations from database inception to May 6, 2020 were reviewed for inclusion. Non-
indexed literature relevant to this review was also searched systematically. Results were
then collated, summarized and reported.
Results. A total of 107 citations were retrieved and assessed for eligibility with 31
citations included in the final analysis. A review of the 31 papers revealed three major
study designs which included (1) observational studies (n= 19), (2) case control series
and reports (n= 8), and (3) reviews (n= 2). All papers examined the use of wearable
monitoring devices for clinical decisions in the cardiovascular domain, with cardiac
arrhythmias being the most studied. When compared to electrocardiogram (ECG) the
performance of the wearables in facilitating clinical decisions varied depending upon
the type of wearable, user’s activity levels and setting in which they were employed.
Observational studies collecting data in the inpatient and outpatient settings were
equally represented. Eight case control series and reports were identified which reported
on the use ofwristwearables in patients presenting to an emergency department or clinic
to aid in the clinical diagnosis of a cardiovascular event. Two narrative reviews were
identified which examined the impact of wearable devices inmonitoring cardiovascular
disease as well as potential challenges they may pose in the future.
Conclusions. To date, studies employing wearables to facilitate clinical decisions have
largely focused upon the cardiovascular domain. Despite the ability of some wearables
to collect physiological data accurately, there remains a need for a specialist physician
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to retrospectively review the raw data to make a definitive diagnosis. Analysis of
the results has also highlighted gaps in the literature such as the absence of studies
employing wearables to facilitate clinical decisions in the respiratory domain. The
disproportionate study of wearables in atrial fibrillation detection in comparison to
other cardiac arrhythmias and conditions, as well as the lack of diversity in the sample
populations used prevents the generalizability of results.

Subjects Cardiology, Drugs and Devices, Public Health, Respiratory Medicine
Keywords MHealth, Telemedicine, Digital health, Wearable electronic devices, Clinical, Clinical
decision making, Physiology

INTRODUCTION
The transition towards patient-centric, personalized healthcare has prompted rapid
advances in wearable devices and mobile cloud computing technologies. The need for
systems that allow the continuous monitoring of individuals outside of the acute setting
has been highlighted by the global rise in noncommunicable diseases (NCDs) and more
so by the recent COVID-19 pandemic. The steady increase in NCDs, particularly those
of cardiovascular and chronic respiratory nature, have emphasized the need to provide
patients with home-based monitoring, clinical care, and support to off-load burden from
primary care practices as well as support outpatient observational research (Roemer et al.,
2020;World health statistics, 2020).

Advancements in the production of micro-electromechanical systems and conductive
threads has led to the rise in wearable monitoring technologies such as wrist wearables and
intelligent textiles. Decreasing costs paired with improved connectivity and reliability have
also led to their widespread commercial adoption. Wrist technology such as the Fitbit or
Apple Watch have traditionally been employed in non-clinical settings to monitor simple
physiological metrics such as heart rate (HR) with an emphasis on general health and
fitness (Thomson et al., 2019; Bai et al., 2018). With increasing validity and reliability of
intelligent textiles they have begun to be adopted by the academic community as non-
invasive monitoring tools for a plethora of physiological metrics in research (Khundaqji
et al., 2020b). Moreover, developments in deep learning, a branch of machine learning,
have demonstrated increasing promise for the clinical use of wearables in healthcare. The
integration of wearable technology and deep learning algorithms into the clinical pathway
may assist in the processing and analysis of immense volumes of data to potentially aid in
novel disease phenotyping, disease surveillance, and complex decision making (Waring,
Lindvall & Umeton, 2020). Deep learning algorithms have been successfully employed
in clinical applications such as predicting the risk of lung cancer (Ardila et al., 2019),
diagnosing pneumonia from chest X-rays (Rajpurkar et al., 2018; Hashmi et al., 2020) and
identifying patients at high risk of being transferred to the intensive care unit (Escobar et
al., 2016). However, currently within the realm of wearables, most data collected is not
used to build predictive models that are successively integrated in the clinical setting.
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As identified in previous work by the authors, due to the infancy of the field, the current
body of knowledge surrounding wearables is mainly centered towards technical aspects
such as design, reliability and validity in controlled settings (Khundaqji et al., 2020b).
Although this type of evidence continues to be important, the next phase towards clinical
adoption will be the ability to accurately and reliably transform the physiological data
collected by wearables into a meaningful clinical decision.

Nevertheless, it is currently unclear what type of evidence exists concerning the use of
physiological data collected from commercially available wearables in the form of wrist
wearables and intelligent textiles in clinical decision making. For this purpose, a scoping
review was undertaken to systematically survey the existing scientific literature on the use
of wrist wearables and intelligent textiles for clinical decision making. The clinical area of
focus was limited to cardiovascular and respiratory clinical decisions as these account for
a large proportion of chronic conditions and as identified by previous research are among
the most suitable to be monitored by existing wearable sensor technology (Khundaqji et
al., 2020b).

The primary aims were to (1) provide a clear indication of the types and volume of the
scientific literature concerning the use of wrist wearables or intelligent textiles in clinical
decisionmaking, (2) summarize the research completed to date, and (3) identify knowledge
gaps to inform further research.

SURVEY METHODOLOGY
Protocol and registration
An a priori protocol was developed using the Preferred Reporting Items for Systematic
Reviews and Meta-analysis Extension for Scoping Reviews: Checklist and Explanation
(PRISMA-Scr) (Tricco et al., 2018). The final protocol was registered prospectively with the
Open Science Framework (https://osf.io/37byq/) on September 20, 2020 (Khundaqji et al.,
2020a).

The eligibility criteria were informed by the Population-Concept-Context framework
recommended by the Joanna Briggs Institute (JBI) Reviewer’s Manual (Aromataris &
Munn, 2020).

Population
This review did not impose any restrictions on the population. Individuals of any gender
or age were suitable for inclusion.

Concept
The concept of this review was the translation of physiological data collected by wearable
monitoring technologies into clinical decisions such as diagnoses, or early detection related
to cardiovascular and respiratory events. Wearable technologies were limited to wrist
wearables and intelligent textiles.

Context
This review considered all publication types, study designs and periods of publication.
Studies conducted in either inpatient or outpatient settings were considered for inclusion.
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Studies were excluded if they were conducted in a laboratory setting. Studies were also
excluded if they focused on a singular component of the technology (i.e., sensor or
algorithm design) rather than the use of the technology as an integrated unit. Furthermore,
because this review is focused upon cardiovascular and respiratory clinical decisions,
studies relating to wearables for clinical decisions in any other domain were also excluded.

Information sources
To identify potentially relevant literature, a 3-step approach, as previously described by
the authors in Khundaqji et al. (2020b), was used. First, a limited preliminary search was
conducted in two electronic bibliographic databases relevant to the topic: Ovid Medical
Literature Analysis and Retrieval SystemOnline (MEDLINE) and ExcerptaMedica database
(EMBASE). Following the limited search, an analysis of the titles, abstracts, and indexed
terms used was conducted to identify keywords. Subsequently, a second comprehensive
search strategy was developed using all identified keywords and index terms by the lead
investigator in consultation with a librarian highly experienced in electronic searches.
Using the final search strategy, the following bibliographic databases were searched from
inception of the database to May 6, 2020: Ovid MEDLINE, EMBASE, Cumulative Index
to Nursing and Allied Health Literature, PubMed, Scopus, and SportsDiscus. The search
results were exported into EndNote (ver X9.3.3, Clarivate Analytics), with duplicates
removed. The Canadian Agency for Drugs and Technologies in Health (CADTH) grey
literature searching tool was also used to identify any nonindexed literature of relevance to
this review (Anonymous, 2019). Finally, the electronic database and grey literature search
was supplemented by scanning the reference lists of the included studies.

Search
The final search strategy for all databases used can be found in Data S1.

Selection of sources of evidence
Using a priori eligibility criteria, a standardized questionnaire for study selection was
developed to assist in the screening of titles, abstracts and full text (Data S2). A pilot
exercise preceded each level of screening. Any queries raised by the pilot exercise were
reviewed and resulted in the amendment of the questionnaire by the lead investigator.
Following the removal of duplicates, the lead investigator screened the papers based on title
and abstract. Papers that did not meet the eligibility criteria were removed. Subsequently,
the full texts of the remaining papers were retrieved and screened to determine their
eligibility. As per the PRISMA guidelines, a flow diagram outlining the study selection
process was produced (Fig. 1). A critical appraisal of individual sources of evidence was not
undertaken as this scoping review aimed to provide a map of the extent, range, and nature
of the existing evidence rather than seek the best available evidence related to practice or
policy (Tricco et al., 2018).

Data charting and data items
Firstly, a data-charting form was adapted from the JBI Methodology Guidance for Scoping
Reviews at the protocol stage (Aromataris & Munn, 2020) (Data S3). Included were key
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Figure 1 Preferred Reporting Items for Systematic Reviews andMeta-Analysis (PRISMA) flow
diagram. CINAHL: The Cumulative Index to Nursing and Allied Health; EMBASE: Excerpta Medica
database; MEDLINE: Medical Literature Analysis and Retrieval SystemOnline; PubMed. From Page et
al. (2021).

Full-size DOI: 10.7717/peerj.12598/fig-1

areas of interest, such as study citation details, key study characteristics as well as key
findings. Once the form was created, it was tested in a pilot data-charting exercise using 10
studies to ensure that all relevant data were being captured. This exercise resulted in the
inclusion of additional fields for the analysis of the statistical performance of the included
wearables against a comparator technology (i.e., sensitivity, specificity, accuracy (acc), and
positive predictive value (PPV)). Once the testing and refinement of the data-charting
form was completed, the lead investigator independently screened all included studies and
extracted the relevant information from them. Data extracted in the final data charting
form included: study citation details (i.e., author, year of publication, title, reference type,
country of origin, and study design), study details (i.e., sample characteristics, study aims,
wearable technology used, monitoring conditions, length of monitoring, clinical insights
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produced), and key findings (i.e., sensitivity, specificity, acc, and PPV of the wearables
performance in clinical decisions compared to a gold-standard technology).

Synthesis of results
Studies were categorized into the three major study designs identified: (1) observational
studies, (2) case reports and series, and (3) reviews. Key study characteristics and findings
are graphically represented and tabulated.

RESULTS
Selection of sources of evidence
The selection of the sources of evidence followed a methodology previously described
by the authors in Khundaqji et al. (2020b). Following the removal of duplicates, a total
of 4,986 citations were identified from searches of the electronic databases, the CADTH
search tool, and the reference lists of included studies. On the basis of title and abstract
screening, 4,879 citations were excluded, of which 107 were retrieved and assessed for
eligibility. Of these, 76 were excluded for the following reasons: eight were based on
technology that failed the study’s definition of a wrist-wearable or intelligent textile, 29
were focused on one aspect of the wearable device (e.g., a sensor, or algorithm) rather than
the functional unit, 13 were solely focused on the design of the wearable rather than its
application, 14 presented a wearable which did not facilitate nor produce a clinical decision,
three presented wearable devices which produced clinical decisions outside of the study’s
designated cardiorespiratory focus. Additionally, nine full texts were unable to be retrieved
by the author.

General study characteristics
The retrieved papers consisted of two publication types, journal articles (29/31, 93.5%) and
conference proceedings (2/31, 6.5%). The year of publication ranged from 2016–2020, with
the majority of papers being published in the year 2019 (12/31, 38.7%). Table 1 presents
the publication characteristics of the included papers and their associated references. The
included papers consisted of six study designs: (1) case reports and series, (2) conference
abstracts, (3) editorial comments, (4) experimental cohort study, (5) observational cohort
study, and (6) reviews. The countries of origin were made up of 13 countries represented by
five continents: (1) Africa (1/31, 3.2%), (2) Asia (5/31, 16.1%), (3) Australia (2/31, 6.5%)
(4) Europe (11/31, 35.5%) and (5) North America (12/31, 38.7%). The United States of
America produced the most publications out of the 13 countries (12/31, 38.7%). Table 2
presents the countries of origin and study types by the numbers.

Study designs
Observational studies
Observational studies made up 61.3% of the included papers (19/31). Of the 19 papers,
nine were studies conducted in the inpatient setting (9/19, 47.4%), nine were conducted in
an outpatient setting (9/19, 47.4%) while one study used both an inpatient and outpatient
setting (1/19, 5.3%). The most used sample population was made up of patients with
atrial fibrillation (AF). Table 3 presents the characteristics of the sample populations
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Table 1 Characteristics of included studies (N = 32).

Characteristics Number of studies, n Reference(s)

Year of publication
Before and including 2015 0 N/A
2016 3 Bonomi et al. (2016), Nemati et

al. (2016), Rudner et al. (2016)
2017 4 Bonomi et al. (2017), Corino et al.

(2017), Hunt & Tanto (2017),
Pagola et al. (2017)

2018 6 Bonomi et al. (2018), Bumgar-
ner et al. (2018), Eerikäinen et al.
(2018), Pagola et al. (2018), Tar-
niceriu et al. (2018), Tison et al.
(2018)

2019 12 Dörr et al. (2019), Khatib &
Ahmed (2019), Goldstein & Wells
(2019), Sajeev, Koshy & Teh
(2019),Wasserlauf et al. (2019),
Zhang et al. (2019), Avila (2019),
Ding et al. (2019), Guo et al.
(2019), Hochstadt et al. (2019),
Karmen et al. (2019), Perez et al.
(2019)

2020 6 Chen et al. (2020), Rajakariar
et al. (2020), See & Kwong
(2020),Walsh & Lin (2020),
Ringwald, Crich & Beysard
(2020), Yerasi et al. (2020)

Type of publication
Journal article 29 Nemati et al. (2016), Rudner

et al. (2016), Corino et al. (2017),
Hunt & Tanto (2017),Pagola et
al. (2017), Bonomi et al. (2018),
Bumgarner et al. (2018), Eerikäi-
nen et al. (2018), Pagola et al.
(2018), Tarniceriu et al. (2018),
Tison et al. (2018), Dörr et al.
(2019), Khatib & Ahmed (2019),
Goldstein & Wells (2019), Sajeev,
Koshy & Teh (2019),Wasserlauf
et al. (2019), Zhang et al. (2019),
Avila (2019), Ding et al. (2019),
Guo et al. (2019), Hochstadt et al.
(2019), Karmen et al. (2019),
Perez et al. (2019), Chen et al.
(2020), Rajakariar et al. (2020),
See & Kwong (2020),Walsh &
Lin (2020), Ringwald, Crich
& Beysard (2020), Yerasi et al.
(2020)

Conference proceeding 2 Bonomi et al. (2016), Bonomi
et al. (2017)
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Table 2 Countries of origin and study type numbers.

Continent Country
(reference)

Total number
of studies by
country; n

Number of studies by type

Case series
and report

Conference
abstract

Editorial
comment

Observational Review

Africa
South Africa (Goldstein & Wells
(2019))

1 1

Asia
China (Chen et al. (2020), Zhang
et al. (2019), Guo et al. (2019))

3 3

Israel (Hochstadt et al. (2019)) 1 1
United Arab Emirates (Khatib &
Ahmed (2019))

1 1

Australia
Australia (Rajakariar et al.
(2020), Sajeev, Koshy & Teh
(2019))

2 1 1

Europe
Germany (Dörr et al. (2019)) 1 1
Italy (Corino et al. (2017)) 1 1
Netherlands (Bonomi et al.
(2016), Bonomi et al. (2017),
Bonomi et al. (2018), Eerikäinen
et al. (2018))

4 4

Spain (Pagola et al. (2017),
Pagola et al. (2018))

2 1 1

Switzerland (Ringwald, Crich &
Beysard (2020), Tarniceriu et al.
(2018))

2 1 1

United Kingdom (Hunt & Tanto
(2017))

1 1

North America
United States (Nemati et al.
(2016), See & Kwong (2020),
Walsh & Lin (2020),Wasserlauf
et al. (2019), Bumgarner et al.
(2018), Karmen et al. (2019),
Perez et al. (2019), Tison et al.
(2018), Ding et al. (2019), Avila
(2019), Rudner et al. (2016),
Yerasi et al. (2020))

12 5 1 6

Total 31 8 1 1 19 2
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used in the included observational studies. The wristband was the most commonly used
wearable (9/19, 47.4%), followed by the smartwatch (SW) (7/19, 36.8%) and the textile
wearable Holter (TWH) (1/19, 5.3%). Two studies used both wristbands and smartwatches
(2/19, 10.5%). The Apple Watch (Apple Inc., Cupertino, CA) paired with Kardia Band
(AliveCor, Mountain View, CA) was the most used wearable (3/19, 5.3%). Among clinical
decisions produced by the wearables, AF diagnosis was the most prominent. Other clinical
decisions included brady- and tachycardia, other arrhythmias (eg, atrial flutter), as well
as normal sinus rhythm. Performance (eg, sensitivity, specificity, accuracy and positive
predictive value) was measured against comparators such as the gold-standard 12-lead
electrocardiography (ECG) or 12-lead Holter monitor. Table 4 presents the included
references, types of wrist and textile wearable devices used, methods of data acquisition,
monitoring conditions, clinical event detected as well as their performance against a
comparator technology.

Case control series and reports
Following the observational study design, case series and reports were the most recurrent
study design. Seven case reports were identified and one case series which reported on
two individual patients. All eight cases reported on patients presenting to the emergency
department or clinic with various cardiac complaints. All eight cases reported on the use
of wrist wearable devices to assist in clinical diagnosis of a cardiovascular events such as
AF, atrial flutter, atrioventricular block, brady- and tachycardia, and ST segment-elevation
myocardial infarction (STEMI). The wearable device most reported on was the smartwatch
(6/8, 75%), particularly the Apple Watch which was used in 83.3% of studies using a
smartwatch. Table 5 presents the key characteristics and findings of the studies and the
samples used.

Reviews
Two narrative reviews were identified and included in the final analysis. The first review
aimed to examine the impact of smart wearable devices in early diagnosis, as well as
continuous monitoring of cardiovascular disease (Khatib & Ahmed, 2019). The review
analyzed the effects of adopting wearable technology on the patient’s health and lifestyle as
well as the effects of advanced artificial intelligence (AI) in enhancing speed and accuracy of
diagnosis. The review also addressed some challenges that smart wearable devices may pose
in the future. The second review discussed studies which have reported on the utility and
deficiencies of wearable devices in identifying and monitoring cardiac arrhythmias (Sajeev,
Koshy & Teh, 2019).

DISCUSSION
Principle findings
The primary aim of this review was to systematically analyze the scientific literature
concerning the use of wearable devices in the facilitation of clinical decision making in
the cardiorespiratory field. The use of wearable devices was restricted to the use of wrist-
wearables as well as intelligent textiles. This was primarily due to their larger commercial
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Table 3 Characteristics of the samples used in the included cohort studies.

Setting
(reference)

Sample
population

n Age
(years)

Gender
(male %)

Length of
monitoring

Inpatient (Bumgarner et al., 2018 Patients with AF pre-
senting for cardioversion
procedure.

100 68.2± 10.86 93% 30-sec

Inpatient (Chen et al., 2020) C1 –NSR (control)
C2 - AF

C1-251
C2-150

C1-59.3± 14.8
C2-70.4± 11.5

52.6% –

Inpatient (Corino et al., 2017) C1 –NSR
C2 –AF
C3 - ARR

C1-31
C2-30
C3-9

C1-40± 7
C2-76± 9
C3-65± 15

51.4% 10-min

Inpatient (Ding et al., 2019) Patients presenting to
cardiology clinic.

40 71± 8 100% 42± 14-min

Inpatient (Dörr et al., 2019) Patients w/pacemaker or
ICD

672 76.4± 9.5 55.7% 5-min

Inpatient (Hochstadt et al., 2019) Patients w/AF 20 74.1± 8.7 75% 30-min
Inpatient (Nemati et al., 2016) Patients undergoing

telemetry.
46 18-89 N/A 3.5-8-min

Inpatient (Tarniceriu et al., 2018) Post-operative patients.
C1 –NSR
C2 -AF

C1-15
C2-14

C1-67.5± 10.7
C2-74.8± 8.3

C1-53.3%
C2-42.9%

1.5-h

Inpatient (Rajakariar et al., 2020) Patients admitted to
medical, cardiac and in-
tensive wards.

200 – – –

Inpatient and Outpatient (Tison et al., 2018) C1 –ECV (inpatient)
C2 –Remote (outpa-
tient)

C1-51
C2-1671

C1-66.1± 10.7
C2-N/A

C1–84%
C2-N/A

–

Outpatient (Bonomi et al., 2016) Patients w/suspected
AF/

16 65.2± 14.0 63% 24-h

Outpatient (Bonomi et al., 2017) Patients w/cardiac
symptoms.

20 67.0± 13.0 55% 24-h

Outpatient (Bonomi et al., 2018) C1 –AF-patients
undergoing ECV.
C2 –AF-patients
undergoing Holter
monitoring.

C1-18
C2-34

C1-73.1± 11.6
C2-67.4± 12.1

C1–56%
C2–62%

C1- 1-h pre
and post ECV
C2- 24-28-h

Outpatient (Eerikäinen et al., 2018) C1 –Patients w/AF
C2 –NSR

C1-5
C2-10

C1 - 69± 11
C2 - 67± 13

C1-62.5%
C2-52.6%

24-h

Outpatient (Guo et al., 2019) Volunteers 187,912 34.7± 11.5 86.7% 14-days +
Outpatient (Pagola et al., 2018) Patients w/cryptogenic

stroke
146 76 61% 28-days

Outpatient (Perez et al., 2019) Volunteers 419,297 41± 13 57% 113-186 days
Outpatient (Wasserlauf et al., 2019) Patients w/suspected AF 24 72.1± 7.2 65.4% 110± 35.7-days
Outpatient (Zhang et al., 2019) Volunteers C1-263

C2-263
C3-209

53.23± 13.58 50% 14-days

Notes.
Abbreviations: AF, atrial fibrillation; ARR, other arrhythmias; C1, cohort 1; C2, cohort 2; C3, cohort 3; ECV, electrical cardioversion; ICD, implantable cardioverter-
defibrillator; NSR, normal sinus rhythm.
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Table 4 Wearable technology used to inform clinical decisions in the included cohort studies and their performance against the gold standard.

Type of
wearable
(reference)

Method of
data
acquisition

Monitoring
condition

Clinical
event
detected

Comparator Performance

Sensitivity
(%)

Specificity
(%)

Other

Wristbanda
(Bonomi et al., 2016)

PPG
Accelerometer

Free living AF 12-lead ECG Holter 97± 2% 99± 3% Acc= 98%
PPV= 95%

Wristbanda
(Bonomi et al., 2017)

PPG
Accelerometer

Free living Brady- and
tachycardia

12-lead ECG Holter Bradycardia –85.0%
Tachycardia –89.1%

Bradycardia –99.4%
Tachycardia –99.9%

N/A

Wristbanda
(Bonomi et al., 2018)

PPG
Accelerometer

C1 - Supine
C2–Free living

AF C1 –1-lead ECG
C2 –12-lead ECG Holter

C1 –97.0%
C2 - 93.0%

C1 –100%
C2 –100%

Acc ≤ 96%

Wristbandb
(Ding et al., 2019)

PPG
Accelerometer
1-lead ECG

Simulated ADL Pulse
irregularities

7-lead ECG Holter 98.2% 98.1% Acc= 98.1%

Wristbandc
(Chen et al., 2020)

PPG
1-lead ECG

Sitting AF 12-lead ECG PPG –88.00%
ECG –87.33%
Physician review
wrist ECG –96.67%

PPG –96.41%
ECG –99.20%
Physician review
wrist ECG –98.01%

Acc PPG= 93.27%
Acc ECG= 94.76%
Acc Physician review
wrist ECG=97.51%

Wristbandd
(Corino et al., 2017)

PPG
Accelerometer

Supine NSR
ARR
AF

Not specified. NSR –77.3%
AF –75.4%
ARR –75.8%

NSR –92.8%
AF –96.3%
ARR –76.8%

N/A

Wristbanda
(Eerikäinen et al., 2018)

PPG
Accelerometer

Free living AF 12-lead ECG Holter 98.4% 98.0% Acc= 98.1%

Wristbandb
(Nemati et al., 2016)

PPG
Accelerometer
1-lead ECG

Ambulatory AF Not specified. 97% 94% Acc=95%

Wristbande
(Tarniceriu et al., 2018)

PPG Supine AF ECG 98.45% 99.13% N/A

Wristb andf
Smartwatch 1g
Smartwatch 2h
(Guo et al., 2019)

PPG Not specified. AF ECG or 24h ECG Holter 100%f

100%g

100%h

99.2%f

99.2%g

98.9%h

Acc= 99.2%f

Acc= 99.2%g

Acc= 99.1%h

Wristband f

Smartwatch 1g
Smartwatch 2h
(Zhang et al., 2019)

PPG Free living AF 12-lead ECG 100%f

100%g

100%h

99.15%f

99.16%g

98.93%h

PPV=93.10%f

PPV=92.31%g

PPV=91.67%h

Smartwatchi
(Bumgarner et al., 2018)

PPG Seated AF 12-lead ECG 93.0% 84.0% N/A

Smartwatchj
(Dörr et al., 2019)

PPG Seated AF Mobile ECG 93.7% 98.2% Acc= 96.1%

Smartwatchk
(Hochstadt et al., 2019)

PPG Supine and Seated AF
ARR

ECG 100% 93.1% N/A

(continued on next page)
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Table 4 (continued)
Type of
wearable
(reference)

Method of
data
acquisition

Monitoring
condition

Clinical
event
detected

Comparator Performance

Sensitivity
(%)

Specificity
(%)

Other

Smartwatchi
(Wasserlauf et al., 2019)

PPG Free living AF Insertable Cardiac
Monitor (ICM)

97.5% N/A PPV= 39.9%

Smartwatchl
(Tison et al., 2018)

PPG C1 –Sedentary
C2 –Ambulatory

AF C1 –12-lead ECG
C2 –Self-reported
persistent AF

C1 –98.0%
C2 –67.7%

C1 –90.2%
C2 –67.6%

C1- PPV= 90.9%
C2 –PPV=7.9%

Smartwatchi
(Perez et al., 2019)

PPG Free Living AF ECG patch N/A N/A PPV= 84.0%

Smartwatchi
(Rajakariar et al., 2020)

1-lead ECG Not specified. NSR
Possible AF
Unclassifiable

12-lead ECG 98.4% 81.9% PPV= 98.4%

Textile Wearable Holterm
(Pagola et al., 2018)

3-lead Textile ECG Free Living AF ECG N/A N/A Rate of undiagnosed AF= 21.9%

Notes.
Abbreviations: Acc, accuracy; AF, atrial fibrillation; ARR, other arrhythmias; C1, cohort 1; C2, Cohort 2; N/A, not applicable; NSR, normal sinus rhythm; PPV, positive predictive value; PPG,
photoplethysmography.

aPhilips Cardio and Motion Monitoring Module (CM3 Generation-3, Wearable Sensing Technologies, Philips, Eindhoven, The Netherlands).
Philips Cardio and Motion Monitoring Module (CM3 Generation-3, Connected Sensing; Philips Eindhoven, The Netherlands).

bSamsung Simband (Samsung Electronics Co., Ltd., Seoul, South Korea).
cAmazfit Health Band 1S (Huami Technology, Anhui, China).
dEmpatica E4.
ePulseOn (PulseOn Oy, Espoo, Finland).
fHonor Band 4.
gHonor Watch.
hHuawei Watch GT (Huawei Technologies Co., Ltd., Shenzen, China).
iApple Watch (Apple Inc., Cupertino, CA) with Kardia Band (AliveCor, Mountain View, CA)
jGear Fit 2 (Samsung Electronics Co., Ltd., Seoul, South Korea).
kCardiacSense (CardiacSense, Northern Industrial Park, Caesarea, Isreal).
lApple Watch (Apple Inc., Cupertino, CA) with Cardiogram (Cardiogram Incorporated, San Fransico, CA).

mNuubo Textile Wearable Holter (Nuubo R©, Valencia, Spain).
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Table 5 Summaries of included case reports.

Sample Wearable
type brand

Data
analysis

Clinical
decision
facilitated

Conclusion

Subject (reference) n Age (years)

Male, presenting to ED
(Goldstein & Wells, 2019)

1 56 Smartwatch
Apple Watch

Retrospective Atrial Fibrillation Apple’s HR recordings raised
suspicion of AF with 2:1 AV block.
Diagnosis confirmed with 12-lead ECG.

Male, presenting to ED
(Rudner et al., 2016)

1 42 Wrist Wearable
Fitbit Charge HR

Retrospective Atrial Flutter Review of Fitbit data identified the onset of
the arrhythmia, permitting ECV and dis-
charge.

Female, presenting to ED
(Yerasi et al., 2020)

1 N/A Wrist Wearable
Fitbit

Retrospective AV Block Gradual decline of Fitbit HR readings for 2
months prompted ECG investigation lead-
ing to 2:1 AV block diagnosis.

Male, presenting to clinic
(Karmen et al., 2019)

1 68 Smartwatch
Apple Watch series 4

Retrospective AV Block Post syncopal episodes, clinic ECG did
not provide evidence of AV block.
Review of Apple Watch data noted
high-grade AV block resulting in urgent
biventricular pacemaker implantation.

Female, presenting to ED
(Avila, 2019)

1 Middle aged. Smartwatch
Apple Watch

Retrospective Bradycardia Retrospective analysis of Apple Watch data
helped establish time and length of brady-
cardia episodes. Patient diagnosed with
bradycardia and severely calcified BAV.

Males, presenting to ED
(Hunt & Tanto, 2017)

2 Subject 1 –52
Subject 2 –68

Smartwatch
Apple Watch Series 4

Retrospective STEMI Apple’s 3-lead ECG matched 12-lead ECG
which demonstrated STEMI. Confirmed
watch’s potential to detect myocardial is-
chemia.

Male, outpatient
(Hunt & Tanto, 2017)

1 34 Smartwatch
Garmin 630

Retrospective Tachycardia Garmin ECG was capable of capturing
tachycardia episode during run. Data
interrogated to establish information about
timing and length of episode as well as
HRmax used to aid diagnosis.

Male, presenting to ED
(Ringwald, Crich & Beysard,
2020)

1 45 Smartwatch
Apple Watch

Retrospective Variant Angina
Monomorphic VT

Apple ECG recording during syncopal
episode aided in the diagnosis of
monomorphic ventricular tachycardia
after ED testing and 12-lead ECG were
unremarkable.

Notes.
Abbreviations: AF, atrial flutter; AV, atrioventricular; BAV, bicuspid aortic valve; HR, heart rate; HRmax, maximal heart rate; N/A, not available; STEMI, ST-elevation myocardial infarction; VT,
ventricular tachycardia.
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availability in comparison to other wearables. The primary outcomes were to (1) provide
a clear indication of the types and volume of scientific literature surrounding the use
of wearable monitoring devices to produce clinical decisions, (2) summarize the studies
completed to date, and (3) identify any knowledge gaps to inform future research. From
the 4,986 citations identified after the removal of duplicates, 107 were eligible for full-text
review. Of these, 31 were included in the final analysis. Throughout the screening and
analysis process, three main study designs were identified: (1) observational studies, (2)
case control series and reports, and (3) reviews.

Of the three design types, observational studies were the most prominent, accounting
for 61.3% (19/31) of the included papers. All 19 papers used wearable devices for clinical
decisions relating to cardiovascular conditions. These conditions included AF, atrial flutter
(Aflutter), brady- and tachycardia as well as other arrhythmias, and normal sinus rhythm.
No papers using wearable devices to facilitate clinical decisions relating to respiratory
conditions were identified. Papers concerning the use of wearable textiles in respiratory
populations were identified during preliminary and full-text record screening however,
these articles were excluded as they did not meet a key inclusion criteria which required
the physiological data collected by the wearables to produce a clinical decision such as the
diagnosis or early prediction of a respiratory event. Approximately 50%of the observational
studies collected data in an inpatient setting (9/19), while a similar percentage of studies
(9/19) collected data in an outpatient setting (Bumgarner et al., 2018; Chen et al., 2020;
Corino et al., 2017; Ding et al., 2019; Dörr et al., 2019; Hochstadt et al., 2019; Nemati et
al., 2016; Tarniceriu et al., 2018; Rajakariar et al., 2020; Bonomi et al., 2016; Bonomi et al.,
2017; Bonomi et al., 2018; Eerikäinen et al., 2018; Guo et al., 2019; Pagola et al., 2018; Perez
et al., 2019; Wasserlauf et al., 2019; Zhang et al., 2019). One study collected data in both
an inpatient and outpatient setting (1/19) (Tison et al., 2018). Individuals with suspected
or diagnosed AF made up the majority of cohorts. One limitation identified across the
included papers was the absence of the key demographic characteristics of the samples
used such as skin tone and variables such as body mass index (BMI). These variables have
been reported to influence PPG measurements by introducing noise, therefore effecting
generalizability of the findings (Nelson et al., 2020). This is particularly important as the
wearable type most used to monitor samples and facilitate or produce clinical decisions was
the wristband, followed by the SW and the TWH. Both the wristband and SW used similar
data acquisition techniques with PPG being the standard method of measuring pulse rate.
In addition to PPG, some wristbands and SW’s also employed a 3-axis accelerometer,
1-lead ECG or both. The wrist acceleration signal was used by the wearables algorithm to
calculate the amount of motion associated with each inter-pulse interval (IPI). In case the
motion intensity associated with a certain IPI exceeded a predefined threshold, that IPI was
labelled invalid and discarded from the analysis (Bonomi et al., 2018). The use of the 3-axis
accelerometers is particularly important when monitoring ambulatory individuals where
displacement of the PPG sensor over the skin, changes in skin deformation, blood flow
dynamics, and ambient temperature may cause motion artifacts (Bent et al., 2020). The
included studies used both ambulatory (9/19) and sedentary samples (6/19). Two studies
used both ambulatory and seated participants while 2 more did not specify the monitoring
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condition (Bonomi et al., 2018; Tison et al., 2018). Under ambulatory conditions, the
wearable device’s performance in producing clinical decisions was compared against a
12-lead or 7-lead ECG Holter monitor. Under sedentary conditions the wearable device’s
performance was compared against the gold standard 12-lead ECG or an insertable cardiac
monitor (ICM). Another study compared the use of wearables for the diagnosis of AF
using both ambulatory and static samples and found that sensitivity, specificity, accuracy
and PPV were greatly improved in the latter (Tison et al., 2018). In the sedentary sample
a sensitivity of 98%, specificity of 90.2% and a PPV of 90.9% were reported compared to
67.7%, 67.6% and 7.9% in the ambulatory sample.

The second study design identified was the case control series and reports. These studies
were made up seven case reports, and one case series. The seven case reports each described
an individual case where a wrist monitoring device was used to facilitate or support the
clinical diagnosis of a cardiovascular event such as AF, Aflutter, AV block, bradycardia and
ventricular tachycardia (Goldstein & Wells, 2019; Rudner et al., 2016; Walsh & Lin, 2020;
Yerasi et al., 2020; Karmen et al., 2019; Hunt & Tanto, 2017; Ringwald, Crich & Beysard,
2020). Similarly, the one case series reported on the use of wrist-wearables to support the
diagnosis of a STEMI in two separate cases (Avila, 2019). In all cases, the diagnosis was
made by a specialist physician after retrospective analysis of the wearable device’s raw
data. Despite the current need for physician analysis of the device’s data for a diagnosis,
the ability of wearables to collect the necessary data accurately highlights their future
potential in real-time diagnosis to prompt further specialist investigation. The wearable
used most was the Apple Watch, particularly the Series 4 which is equipped with both
PPG and a single lead (lead I) ECG. Other wearables included the Fitbit Charge HR and
the Garmin 630 Running Watch. It is of note that seven of the eight cases reported on
male patients (Goldstein & Wells, 2019;Rudner et al., 2016; Yerasi et al., 2020;Karmen et al.,
2019;Hunt & Tanto, 2017; Ringwald, Crich & Beysard, 2020;Avila, 2019). This is important
as research has reported higher device errors inmales compared to females whenmeasuring
HR and energy expenditure (EE) in commercially available wrist-worn devices (Nelson et
al., 2020; Shcherbina et al., 2017).

Lastly, two narrative reviews were identified in this study. The first review aimed to
examine the impact of smart wearable devices in early diagnosis, as well as continuous
monitoring of cardiovascular disease (Khatib & Ahmed, 2019). The second review aimed
to examine and report on the utility and deficiencies of wearable devices in identifying and
monitoring cardiac arrhythmias (Sajeev, Koshy & Teh, 2019). Neither review reported on
the statistical performance of wearable devices against a comparator in facilitating clinical
decisions.

Gaps in the literature
As indicated in the principle findings a large disparity exists between the use of wrist
wearables and intelligent textiles for the facilitation of cardiovascular and respiratory
clinical decisions. The lack of use of wrist and textile wearables to facilitate respiratory
clinical decisions is likely due to the current limitations of the available sensors as well
as their limited commercial availability. Currently, direct and unobtrusive respiratory
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measures exist through intelligent textiles by integrating sensors such as respiratory
inductance plethysmography (RIP), piezoresistive and bio-impedance into the textile in
the form of bands or electrodes (Khundaqji et al., 2020b; Curone et al., 2010; Di Rienzo et
al., 2011; Di Rienzo et al., 2005; Magenes et al., 2009; Paradiso & De Rossi, 2008; Paradiso,
Loriga & Taccini, 2005; Steinberg et al., 2019; Zhang et al., 2009). RIP sensors measures
ventilation by assessing thoraco-abdominal pressure changes using transducer recording
bands (Marlin & Deaton, 2007). This is accomplished by placing the bands at the level of
the nipples and at the umbilicus to monitor cross-sectional changes reflected by changes
in inductance or resistance to change in flow of the transducers (Mehra & Strohl, 2009).
Similarly, piezoresistive sensors, often in the form of bands, detect respiratory measures
like RR through their positioning around the thoraco-abdominal compartments to detect
changes in the cross-sectional area (Paradiso, Loriga & Taccini, 2005). Bio-impedance
sensors provide an alternative method to the monitoring of respiratory activity based on
the changing impedance of the thorax using superficial electrodes (Pacela, 1966). Although
studies have shown intelligent textiles to be largely valid in determining respiratory
parameters such as RR at rest and sub-maximal intensities, they have demonstrated
variable validity when measuring other parameters such as minute ventilation (VE) and
tidal volume (VT) (Clarenbach et al., 2005; Elliot, Hamlin & Lizamore, 2019; Smith et al.,
2019). A significant limitation of these sensors is motion artefacts produced by movement.
To ensure optimal signal acquisition through continuous conductivity, sensors must
maintain constant and unimpeded contact with the skin. Contact between the sensors
and the skin may often be disrupted by excessive body movement which, in turn, may
disrupt signal acquisition through the introduction of noise (Elliot, Hamlin & Lizamore,
2019; Smith et al., 2019; Montoye, Mitrzyk & Molesky, 2017). This issue has likely limited
the widescale adoption of respiratory sensors outside controlled settings and therefore
limited the study of their use in field research to produce crucial clinical decisions. To
date, the majority of studies concerning respiratory sensors in intelligent textiles continue
to be on prototype design and validation (Khundaqji et al., 2020b). While the study of
photoplethysmography (PPG) to monitor RR exist, studies analyzing the validity of PPG in
wrist wearables to measure RR are limited. This is likely a result of PPG signals acquired at
the wrist being of lesser quality than those acquired in positions like the chest as the optical
sensors are sensitive to wrist movements (Jarchi et al., 2018). This lack of investigation
of wrist PPG to monitor RR may explain why limited studies currently exist using wrist
wearables to provide respiratory field data which is translatable into clinical decisions.
However, with the monitoring of parameters such as RR being important indicators of
severe respiratory disease, highlighted even more so by the COVID-19 pandemic, emerging
research in design and validity, particularly in intelligent textiles, point to its eventual
readiness for commercial adoption and use in the clinical domain .

Furthermore, the principle findings point to the need for further research into wearables
capable of clinical decision making in cardiovascular conditions other than AF. To date,
AF has been the most investigated condition with wrist wearables.

Lastly, there seems to be a lack of standardization in the research when reporting on
samples used. As discussed earlier, many variables such as skin tone, BMI, and body hair
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density are capable of introducing noise into the sensors and algorithms. By not reporting
these characteristics there is a loss of a generalizability of the results. This provides the
opportunity for the development of a standardized reporting method. Additionally, the
majority of study samples were made up of primarily males. Previous research into wrist
wearables has reported on their varying performance when used by males and females,
indicating there remains a need to study these wearables in a female population to better
understand their capabilities and limitations (Shcherbina et al., 2017).

Limitations
This scoping review was limited to publications in English, which may have excluded key
papers published in other languages. Although larger studies such as those included from
China are typically published in English there may have been others published in different
languages. This review was also limited to clinical decisions produced or facilitated by
wrist wearables and intelligent textiles in the cardiovascular and respiratory domains. This
was due to wrist wearables and intelligent textiles being among the most commercially
available and cardiovascular and respiratory conditions the most reported on. Lastly, the
screening, inclusion, exclusion and data charting stages of this review were conducted by
one investigator (HK), which could have reduced the likelihood that all relevant papers
were identified. This could have also resulted in reviewer bias. However, the chances of
this were reduced by performing pre-screening testing and exercises to reduce any bias.

Comparisons with previous work
To the authors’ knowledge, this review was the first to systematically map the scientific
literature pertaining to the use of wrist wearable and intelligent textiles in the making or
facilitation of clinical decisions across both the cardiovascular and respiratory domains.
Only two other narrative reviews, which were included in the results, investigated the use of
wrist wearables for identifying and monitoring cardiac arrhythmias. However as previously
discussed these reviews did not report on the performance of the wearables in making or
facilitating clinical decisions against a gold standard.

CONCLUSIONS
The transition towards personalized, and evidence-based healthcare has prompted the rapid
advancements in wearable devices and mobile cloud computing technologies to off-load
burden from healthcare systems, reduce costs and improve health outcomes. However, to
date, the bulk of commercially available wearable wrist and textile technology is targeted
towards general health and fitness. This scoping review systematically surveyed the existing
body of scientific literature surrounding the use of wrist and textile monitoring technology
to facilitate clinical decisions in the cardiovascular and respiratory domains. Through this
review it was identified that to date, all studies employing wrist and textile technology in
the clinical setting are focused on the diagnosis or early prediction of cardiovascular events
such as AF and other arrhythmias in male dominant samples. Currently, the majority of
these technologies require the retrospective analysis of the wearable’s raw data to confirm
diagnosis by a physician. These technologies demonstrated variable statistical performance
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in comparison to gold-standard depending on type of technology, sample characteristics
and setting in which they were employed. When performance was tested in sedentary and
ambulatory cohorts, sensitivity and specificity were superior in the former. Research is still
needed in the respiratory domain, female dominant cohorts and more diverse samples that
better report on variables such as skin tone, hair density and BMI.

ADDITIONAL INFORMATION AND DECLARATIONS

Funding
The authors received no funding for this work.

Competing Interests
Mike Climstein is an Academic Editor for PeerJ.

Author Contributions
• Hamzeh Khundaqji conceived and designed the experiments, performed the
experiments, analyzed the data, prepared figures and/or tables, authored or reviewed
drafts of the paper, and approved the final draft.
• Wayne Hing, James Furness and Mike Climstein conceived and designed the
experiments, authored or reviewed drafts of the paper, and approved the final draft.

Data Availability
The following information was supplied regarding data availability:

The search strategies used for each electronic data base searched are available in the
Supplementary File.

Supplemental Information
Supplemental information for this article can be found online at http://dx.doi.org/10.7717/
peerj.12598#supplemental-information.

REFERENCES
Anonymous. 2019. Grey matters: a practical tool for searching gealth-related grey

literature. Canadian Agency for Drugs and Technologies in Health. Available at
https://www.cadth.ca/resources/finding-evidence/grey-matters.

Ardila D, Kiraly AP, Bharadwaj S, Choi B, Reicher JJ, Peng L, Tse D, Etemadi M, Ye
W, Corrado G, Naidich DP, Shetty S. 2019. End-to-end lung cancer screening with
three-dimensional deep learning on low-dose chest computed tomography. Nature
Medicine 25(6):954–961 DOI 10.1038/s41591-019-0447-x.

Aromataris E, Munn Z. 2020. JBI manual for evidence synthesis. JBI. Available at https:
//synthesismanual.jbi.global .

Avila CO. 2019. Novel use of apple watch 4 to obtain 3-lead electrocardiogram and detect
cardiac ischemia. The Permanente Journal 23:19–25.

Khundaqji et al. (2021), PeerJ, DOI 10.7717/peerj.12598 18/24

https://peerj.com
http://dx.doi.org/10.7717/peerj.12598#supplemental-information
http://dx.doi.org/10.7717/peerj.12598#supplemental-information
http://dx.doi.org/10.7717/peerj.12598#supplemental-information
https://www.cadth.ca/resources/finding-evidence/grey-matters
http://dx.doi.org/10.1038/s41591-019-0447-x
https://synthesismanual.jbi.global
https://synthesismanual.jbi.global
http://dx.doi.org/10.7717/peerj.12598


Bai Y, Hibbing P, Mantis C,Welk GJ. 2018. Comparative evaluation of heart rate-
based monitors: apple watch vs Fitbit Charge HR. Journal of Sports Sciences
36(15):1734–1741 DOI 10.1080/02640414.2017.1412235.

Bent B, Goldstein BA, KibbeWA, Dunn JP. 2020. Investigating sources of inaccuracy in
wearable optical heart rate sensors. NPJ Digital Medicine 3:18
DOI 10.1038/s41746-020-0226-6.

Bonomi AG, Eerikäinen LM, Schipper F, Aarts RM, DeMorree HM, Dekker L. 2017.
Detecting episodes of brady- and tachycardia using photo-plethysmography at the
wrist in free-living conditions. In: Computing in Cardiology
DOI 10.22489/CinC.2017.271-329.

Bonomi AG, Schipper F, Eerikainen LM,Margarito J, Aarts RM, Babaeizadeh
S, DeMorree HM, Dekker L. 2016. Atrial fibrillation detection using photo-
plethysmography and acceleration data at the wrist. In: Computing in Cardiology.
277–280.

Bonomi AG, Schipper F, Eerikäinen LM,Margarito J, Van Dinther R, Muesch G,
DeMorree HM, Aarts RM, Babaeizadeh S, McManus DD, Dekker LRC. 2018.
Atrial fibrillation detection using a novel cardiac ambulatory monitor based on
photo-plethysmography at the wrist. Journal of the American Heart Association
7(15):e009351.

Bumgarner JM, Lambert CT, Hussein AA, Cantillon DJ, Baranowski B,Wolski K,
Lindsay BD,Wazni OM, Tarakji KG. 2018. Smartwatch algorithm for auto-
mated detection of atrial fibrillation. Journal of the American College of Cardiology
71(21):2381–2388 DOI 10.1016/j.jacc.2018.03.003.

Chen E, Jiang J, Su R, GaoM, Zhu S, Zhou J, Huo Y. 2020. A new smart wristband
equipped with an artificial intelligence algorithm to detect atrial fibrillation. Heart
Rhythm 17(5):847–853 DOI 10.1016/j.hrthm.2020.01.034.

Clarenbach CF, Senn O, Brack T, Kohler M, Bloch KE. 2005.Monitoring of venti-
lation during exercise by a portable respiratory inductive plethysmograph. Chest
128(3):1282–1290 DOI 10.1378/chest.128.3.1282.

Corino VDA, Laureanti R, Ferranti L, Scarpini G, Lombardi F, Mainardi LT. 2017.
Detection of atrial fibrillation episodes using a wristband device. Physiological
Measurement 38(5):787–799 DOI 10.1088/1361-6579/aa5dd7.

Curone D, Secco EL, Tognetti A, Loriga G, Dudnik G, Risatti M,Whyte R, Bonfiglio
A, Magenes G. 2010. Smart garments for emergency operators: the ProeTEX
project. IEEE Transactions on Information Technology in Biomedicine 14(3):694–701
DOI 10.1109/TITB.2010.2045003.

Ding EY, Han D,Whitcomb C, Bashar SK, Adaramola O, Soni A, Saczynski J, Fitzgib-
bons TP, Moonis M, Lubitz SA, Lessard D, Hills MT, Barton B, Chon K, McManus
DD. 2019. Accuracy and usability of a novel algorithm for detection of irregular
pulse using a smartwatch among older adults: observational study. JMIR Cardio
3(1):e13850 DOI 10.2196/13850.

Khundaqji et al. (2021), PeerJ, DOI 10.7717/peerj.12598 19/24

https://peerj.com
http://dx.doi.org/10.1080/02640414.2017.1412235
http://dx.doi.org/10.1038/s41746-020-0226-6
http://dx.doi.org/10.22489/CinC.2017.271-329
http://dx.doi.org/10.1016/j.jacc.2018.03.003
http://dx.doi.org/10.1016/j.hrthm.2020.01.034
http://dx.doi.org/10.1378/chest.128.3.1282
http://dx.doi.org/10.1088/1361-6579/aa5dd7
http://dx.doi.org/10.1109/TITB.2010.2045003
http://dx.doi.org/10.2196/13850
http://dx.doi.org/10.7717/peerj.12598


Di RienzoM,Meriggi P, Rizzo F, Vaini E, Faini A, Merati G, Parati G, Castiglioni
P. 2011. A wearable system for the seismocardiogram assessment in daily life
conditions. Annual International Conference of the IEEE Engineering in Medicine and
Biology Society 2011:4263–4266.

Di RienzoM, Rizzo F, Parati G, Brambilla G, Ferratini M, Castiglioni P (eds.) 2005.
MagIC system: a new textile-based wearable device for biological signal monitoring.
Applicability in daily life and clinical setting. In: Annual international conference of
the IEEE engineering in medicine and biology - proceedings. Piscataway: IEEE.

DörrM, Nohturfft V, Brasier N, Bosshard E, Djurdjevic A, Gross S, Raichle CJ,
Rhinisperger M, Stöckli R, Eckstein J. 2019. The WATCH AF trial: SmartWATCHes
for detection of atrial fibrillation. JACC: Clinical Electrophysiology 5(2):199–208.

Eerikäinen LM, Bonomi AG, Schipper F, Dekker LRC, Vullings R, DeMorree HM,
Aarts RM. 2018. Comparison between electrocardiogram- and photoplethysmogram-
derived features for atrial fibrillation detection in free-living conditions. Physiological
Measurement 39(8):084001 DOI 10.1088/1361-6579/aad2c0.

Elliot CA, HamlinMJ, Lizamore CA. 2019. Validity and reliability of the hex-
oskin wearable biometric vest during maximal aerobic power testing in elite
cyclists. The Journal of Strength and Conditioning Research 33(5):1437–1444
DOI 10.1519/JSC.0000000000002005.

Escobar GJ, Turk BJ, Ragins A, Ha J, Hoberman B, LeVine SM, Ballesca MA, Liu V,
Kipnis P. 2016. Piloting electronic medical record-based early detection of inpatient
deterioration in community hospitals. Journal of Hospital Medicine 11(Suppl
1):S18–S24 DOI 10.1002/jhm.2652.

Goldstein LN,Wells M. 2019. Smart watch-detected tachycardia: a case of atrial flutter.
Oxford Medical Case Reports 2019(12):495–497 DOI 10.1093/omcr/omz137.

Guo Y,Wang H, Zhang H, Liu T, Liang Z, Xia Y, Yan L, Xing Y, Shi H, Li S, Liu Y, Liu
F, FengM, Chen Y, Lip GYH, Guo Y, Lip GYH, Lane DA, Chen Y,Wang L, Eckstein
J, Thomas GN, Tong L, Mei F, Xuejun L, Xiaoming L, Zhaoliang S, Xiangming S,
Wei Z, Yunli X, JingW, FanW, Sitong Y, Xiaoqing J, Bo Y, Xiaojuan B, Yuting J,
Yangxia L, Yingying S, Zhongju T, Li Y, Tianzhu L, Chunfeng N, Lili Z, Shuyan
L, ZuluW, Bing X, Liming L, Yuanzhe J, Yunlong X, Xiaohong C, FangW, Lina
Z, yihong S, shujie J, Jing L, Nan L, shijun L, huixia L, Rong L, Fan L, qingfeng G,
tianyun G, YuanW, Xin L, Yan R, xiaoping C, ronghua C, Yun S, yulan Z, haili
S, yujie Z, quanchunW, weidong S, LinW, Chan E, Guangliang S, Chen Y,Wei
Z, Dandi C, Xiang H, Anding X, Xiaohan F, Ziqiang Y, Xiang G, Fulin G. 2019.
Mobile photoplethysmographic technology to detect atrial fibrillation. Journal of the
American College of Cardiology 74(19):2365–2375 DOI 10.1016/j.jacc.2019.08.019.

HashmiMF, Katiyar S, Keskar AG, Bokde ND, Geem ZW. 2020. Efficient pneumonia
detection in chest xray images using deep transfer learning. Diagnostics (Basel)
10(6):417 DOI 10.3390/diagnostics10060417.

Hochstadt A, Chorin E, Viskin S, Schwartz AL, Lubman N, Rosso R. 2019. Con-
tinuous heart rate monitoring for automatic detection of atrial fibrillation

Khundaqji et al. (2021), PeerJ, DOI 10.7717/peerj.12598 20/24

https://peerj.com
http://dx.doi.org/10.1088/1361-6579/aad2c0
http://dx.doi.org/10.1519/JSC.0000000000002005
http://dx.doi.org/10.1002/jhm.2652
http://dx.doi.org/10.1093/omcr/omz137
http://dx.doi.org/10.1016/j.jacc.2019.08.019
http://dx.doi.org/10.3390/diagnostics10060417
http://dx.doi.org/10.7717/peerj.12598


with novel bio-sensing technology. Journal of Electrocardiology 52:23–27
DOI 10.1016/j.jelectrocard.2018.10.096.

Hunt D, Tanto P. 2017. Diagnosis of arrhythmias in athletes wearing heart rate monitors.
Journal of the Royal Army Medical Corps 163(3):224 DOI 10.1136/jramc-2016-000696.

Jarchi D, Salvi D, Tarassenko L, Clifton DA. 2018. Validation of instantaneous respira-
tory rate using reflectance ppg from different body positions. Sensors (Switzerland)
18(11):3705.

Karmen CL, Reisfeld MA, McIntyre MK, Timmermans R, FrishmanW. 2019. The
clinical value of heart rate monitoring using an apple watch. Cardiology in Review
27(2):60–62 DOI 10.1097/CRD.0000000000000243.

Khatib MMEl, Ahmed G. 2019.Management of artificial intelligence enabled smart
wearable devices for early diagnosis and continuous monitoring of CVDS. Interna-
tional Journal of Innovative Technology and Exploring Engineering 9(1):1211–1215
DOI 10.35940/ijitee.L3108.119119.

Khundaqji H, HingW, Furness J, ClimsteinM. 2020a. The use of wearable technology
to inform clinical decisions: a scoping review. The Open Science Framework 2020.
Available at https://osf.io/37byq/.

Khundaqji H, HingW, Furness J, ClimsteinM. 2020b. Smart shirts for monitoring
physiological parameters: scoping review. JMIR MHealth and UHealth 8(5):e18092
DOI 10.2196/18092.

Kricke G, Roemer P, Barnard C, Peipert J, Henschen B, Bierman J, Blahnik D, Grant
M, Linder J. 2020. Rapid implementation of an outpatient COVID-19 monitoring
program. In: NEJM Catalyst Innovations in Care Delivery. Waltham, Massachusetts:
NEJM Group.

Magenes G, Curone D, Lanati M, Secco EL. 2009. Long-distance monitoring of physio-
logical and environmental parameters for emergency operators. Annual International
Conference of the IEEE Engineering in Medicine and Biology Society 2009:5159–5162.

Marlin DJ, Deaton CM. 2007. 15 - Pulmonary function testing. In: McGorum BC,
Dixon PM, Robinson NE, Schumacher J, eds. Equine respiratory medicine and
surgery. Edinburgh: W.B. Saunders, 211–233.

Mehra R, Strohl KP. 2009. Chapter 14 - evaluation and monitoring of respiratory func-
tion. In: Chokroverty S, ed. Sleep disorders medicine (Third edition). Philadelphia:
W.B. Saunders, 188–197.

Montoye AHK,Mitrzyk JR, MoleskyMJ. 2017. Comparative accuracy of a wrist-worn
activity tracker and a smart shirt for physical activity assessment.Measurement in
Physical Education and Exercise Science 21(4):201–211
DOI 10.1080/1091367X.2017.1331166.

Nelson BW, Low CA, Jacobson N, Areán P, Torous J, Allen NB. 2020. Guidelines for
wrist-worn consumer wearable assessment of heart rate in biobehavioral research.
NPJ Digital Medicine 3:90 DOI 10.1038/s41746-020-0297-4.

Nemati S, GhassemiMM, Ambai V, Isakadze N, Levantsevych O, Shah A, Clifford GD.
2016.Monitoring and detecting atrial fibrillation using wearable technology. Annual

Khundaqji et al. (2021), PeerJ, DOI 10.7717/peerj.12598 21/24

https://peerj.com
http://dx.doi.org/10.1016/j.jelectrocard.2018.10.096
http://dx.doi.org/10.1136/jramc-2016-000696
http://dx.doi.org/10.1097/CRD.0000000000000243
http://dx.doi.org/10.35940/ijitee.L3108.119119
https://osf.io/37byq/
http://dx.doi.org/10.2196/18092
http://dx.doi.org/10.1080/1091367X.2017.1331166
http://dx.doi.org/10.1038/s41746-020-0297-4
http://dx.doi.org/10.7717/peerj.12598


International Conference of the IEEE Engineering in Medicine and Biology Society
2016:3394–3397.

Pacela AF. 1966. Impedance pneumography—a survey of instrumentation techniques.
Medical and Biological Engineering 4(1):1–15 DOI 10.1007/BF02474783.

PageMJ, McKenzie JE, Bossuyt PM, Boutron I, Hoffmann TC, Mulrow CD, Shamseer
L, Tetzlaff JM, Akl EA, Brenna SE, Chou R, Glanville J, Grimshaw JM, Hróbjarts-
son A, LaluMM, Li T, Loder EW,Mayo-Wilson E, McDonald S, McGuinness LA,
Stewart LA, Thomas J, Tricco AC,Welch VA,Whiting P, Moher D. 2021. The
PRISMA 2020 statement: an updated guideline for reporting systematic reviews. BMJ
372:n71 DOI 10.1136/bmj.n71.

Pagola J, Juega J, Francisco J, Moya A, Bustamante A, UseroM, Arenillas A, Rubio
J, Escudero-Martinez I, Moniche F, De Torres R, Pedrote A, Arana-Rueda E,
Montaner J, Molina CA. 2017. Textile wearable Holter detects high rate of AF in
acute phase of stroke. Europace 19:iii217.

Pagola J, Juega J, Francisco-Pascual J, Moya A, Sanchis M, Bustamante A, Penalba A,
UseroM, Cortijo E, Arenillas JF, Calleja AI, Sandin-Fuentes M, Rubio J, Mancha
F, Escudero-Martinez I, Moniche F, De Torres R, Pérez-Sánchez S, González-
Matos CE, Vega Á, Pedrote AA, Arana-Rueda E, Montaner J, Molina CA. 2018.
Yield of atrial fibrillation detection with Textile Wearable Holter from the acute
phase of stroke: pilot study of Crypto-AF registry. International Journal of Cardiology
251:45–50 DOI 10.1016/j.ijcard.2017.10.063.

Paradiso R, De Rossi D. 2008. Advances in textile sensing and actuation for e-textile
applications. In: Proceedings of the 30th annual international conference of the IEEE
engineering in medicine and biology society, EMBS’08 - ‘Personalized Healthcare
Through Technology’’. Piscataway: IEEE.

Paradiso R, Loriga G, Taccini N. 2005. A wearable health care system based on knitted
integrated sensors. IEEE Transactions on Information Technology in Biomedicine
9(3):337–344 DOI 10.1109/TITB.2005.854512.

Perez MV,Mahaffey KW, Hedlin H, Rumsfeld JS, Garcia A, Ferris T, Balasubramanian
V, Russo AM, Rajmane A, Cheung L, Hung G, Lee J, Kowey P, Talati N, Nag D,
Gummidipundi SE, Beatty A, Hills MT, Desai S, Granger CB, Desai M, Turakhia
MP. 2019. Large-scale assessment of a smartwatch to identify atrial fibrillation. New
England Journal of Medicine 381(20):1909–1917 DOI 10.1056/NEJMoa1901183.

Rajakariar K, Koshy AN, Sajeev JK, Nair S, Roberts L, Teh AW. 2020. Accuracy of
a smartwatch based single-lead electrocardiogram device in detection of atrial
fibrillation. Heart 106(9):665–670 DOI 10.1136/heartjnl-2019-316004.

Rajpurkar P, Irvin J, Ball RL, Zhu K, Yang B, Mehta H, Duan T, Ding D, Bagul A,
Langlotz CP, Patel BN, YeomKW, Shpanskaya K, Blankenberg FG, Seekins
J, Amrhein TJ, Mong DA, Halabi SS, Zucker EJ, Ng AY, LungrenMP. 2018.
Deep learning for chest radiograph diagnosis: a retrospective comparison of the
CheXNeXt algorithm to practicing radiologists. PLOS Medicine 15(11):e1002686
DOI 10.1371/journal.pmed.1002686.

Khundaqji et al. (2021), PeerJ, DOI 10.7717/peerj.12598 22/24

https://peerj.com
http://dx.doi.org/10.1007/BF02474783
http://dx.doi.org/10.1136/bmj.n71
http://dx.doi.org/10.1016/j.ijcard.2017.10.063
http://dx.doi.org/10.1109/TITB.2005.854512
http://dx.doi.org/10.1056/NEJMoa1901183
http://dx.doi.org/10.1136/heartjnl-2019-316004
http://dx.doi.org/10.1371/journal.pmed.1002686
http://dx.doi.org/10.7717/peerj.12598


RingwaldM, Crich A, Beysard N. 2020. Smart watch recording of ventricular tachycar-
dia: case study. American Journal of Emergency Medicine 38(4):849 e3-.e5.

Rudner J, McDougall C, Sailam V, SmithM, Sacchetti A. 2016. Interrogation of patient
smartphone activity tracker to assist arrhythmia management. Annals of Emergency
Medicine 68(3):292–294 DOI 10.1016/j.annemergmed.2016.02.039.

Sajeev JK, Koshy AN, Teh AW. 2019.Wearable devices for cardiac arrhythmia detection:
a new contender? Internal Medicine Journal 49(5):570–573 DOI 10.1111/imj.14274.

See VY, Kwong HJ. 2020.Wearing your heart on your wrist: how wearable smart devices
are shaping the landscape of early cardiac arrhythmia detection. JACC: Case Reports
2(3):434–436.

Shcherbina A, Mattsson CM,Waggott D, Salisbury H, Christle JW, Hastie T, Wheeler
MT, Ashley EA. 2017. Accuracy in wrist-worn, sensor-based measurements of heart
rate and energy expenditure in a diverse cohort. Journal of Personalized Medicine
7(2).

Smith CM, Chillrud SN, Jack DW, Kinney P, Yang Q, Layton AM. 2019. Laboratory
validation of hexoskin biometric shirt at rest, submaximal exercise, and maximal
exercise while riding a stationary bicycle. Journal of Occupational and Environmental
Medicine 61(4):e104–e11.

Steinberg C, Philippon F, SanchezM, Fortier-Poisson P, O’Hara G, Molin F, Sarrazin
JF, Nault I, Blier L, Roy K, Plourde B, Champagne J. 2019. A novel wearable device
for continuous ambulatory ECG recording: proof of concept and assessment of
signal quality. Biosensors (Basel) 9.

Tarniceriu A, Harju J, Yousefi ZR, Vehkaoja A, Parak J, Yli-Hankala A, Korhonen I.
2018. The accuracy of atrial fibrillation detection from wrist photoplethysmography.
A study on post-operative patients. In: Annual International Conference of the IEEE
Engineering in Medicine and Biology - Proceedings. Piscataway: IEEE, 1–4.

Thomson EA, Nuss K, Comstock A, Reinwald S, Blake S, Pimentel RE, Tracy BL,
Li K. 2019.Heart rate measures from the Apple Watch, Fitbit Charge HR 2, and
electrocardiogram across different exercise intensities. Journal of Sports Sciences
37(12):1411–1419 DOI 10.1080/02640414.2018.1560644.

Tison GH, Sanchez JM, Ballinger B, Singh A, Olgin JE, Pletcher MJ, Vittinghoff E, Lee
ES, Fan SM, Gladstone RA, Mikell C, Sohoni N, Hsieh J, Marcus GM. 2018. Passive
detection of atrial fibrillation using a commercially available smartwatch. JAMA
Cardiology 3(5):409–416 DOI 10.1001/jamacardio.2018.0136.

Tricco AC, Lillie E, ZarinW, O’Brien KK, Colquhoun H, Levac D, Moher D, Peters
MDJ, Horsley T,Weeks L, Hempel S, Akl EA, Chang C, McGowan J, Stewart L,
Hartling L, Aldcroft A,WilsonMG, Garritty C, Lewin S, Godfrey CM,Macdonald
MT, Langlois EV, Soares-Weiser K, Moriarty J, Clifford T, Ö Tunçalp, Straus
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