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Abstract

Background: Wearable technology has the potential to improve cardiovascular health monitoring by using machine learning.
Such technology enables remote health monitoring and allows for the diagnosis and prevention of cardiovascular diseases. In
addition to the detection of cardiovascular disease, it can exclude this diagnosis in symptomatic patients, thereby preventing
unnecessary hospital visits. In addition, early warning systems can aid cardiologists in timely treatment and prevention.

Objective:  This study aims to systematically assess the literature on detecting and predicting outcomes of patients with
cardiovascular diseases by using machine learning with data obtained from wearables to gain insights into the current state,
challenges, and limitations of this technology.

Methods: We searched PubMed, Scopus, and | EEE Xplore on September 26, 2020, with no restrictions on the publication date
and by using keywords such as “wearables,” “machine learning,” and “ cardiovascular disease.” Methodol ogies were categorized
and analyzed according to machine learning—based technology readiness levels (TRLS), which score studies on their potential to
be deployed in an operational setting from 1 to 9 (most ready).

Results:  After the removal of duplicates, application of exclusion criteria, and full-text screening, 55 eligible studies were
included in the analysis, covering avariety of cardiovascular diseases. We assessed the quality of the included studies and found
that none of the studies were integrated into a health care system (TRL<6), prospective phase 2 and phase 3 trials were absent
(TRL<7 and 8), and group cross-validation was rarely used. These issues limited these studies' ability to demonstrate the
effectiveness of their methodologies. Furthermore, there seemed to be no agreement on the sample size needed to train these
studies' models, the size of the observation window used to make predictions, how long participants should be observed, and the
type of machine learning model that is suitable for predicting cardiovascular outcomes.

Conclusions:  Although current studies show the potential of wearables to monitor cardiovascular events, their deployment as
adiagnostic or prognostic cardiovascular clinical tool is hampered by the lack of arealistic data set and proper systematic and
prospective evaluation.

(IMIR Med Inform 2022;10(1):€29434) doi: 10.2196/29434
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Introduction

Background

The use of diagnostic modalities in cardiovascular disease is
often limited to hospital visits. As a result, the clinical value
may be limited by the short observation period. Thisisespecialy
problematic for cardiovascular problems that do not manifest
constantly, such as paroxysmal arrhythmias, heart failure, or
even chest discomfort that may not be present during the hospital
visit. Advancements in eHedth, especialy in wearable
technology, such as electrocardiograms (ECGs) [1] and
photoplethysmograms (PPGs) [2], and subsequent signal
processing by machinelearning have enabled new opportunities
for remote monitoring in the outpatient setting.

Continuous monitoring over long periods has shown to be
effective[3,4]. For example, remote monitoring of patientswith
cardiac diseases, using pacemakers or implantable cardioverter
defibrillators and patients with heart failure have improved
patient care [5]. However, current sensors used in health care,
such as Holter devices, are limited to a maximum of 14 days
(but typically endure 24 hours) of continuous monitoring,
limiting the use of these devices. Overcoming this could enable
early warning systems for acute events such as cardiac arrest
and could capture subtle cardiovascular exacerbation or
rehabilitation that manifests over a much longer time because
of, for example, changesin lifestyle or intervention.

Although widely used, currently 24-hour ECG or blood pressure
monitoring devices are cumbersome to wear and impose a
burden on patients in a longitudinal setting. Rechargeable,
easy-to-wear sensors, such as smartwatches, are becoming an
interesting alternative asthey contain sensorswith apotentially
unlimited observation period with minimal burden to the patient
for a fraction of the costs. However, the signals that these
wearables measure, such asthe PPG-derived heart rate, activity,
and skin temperature, are not clinically informative enough for
clinical decision-making by a cardiologist. With current
developmentsin artificial intelligence (Al), apowerful solution
isexpected from machinelearning a gorithmsthat can learn the
relationship between the wearable sensor signals and a
cardiovascular outcomein a (fully) data-driven manner.

Another great benefit of automatic cardiovascular diagnostics
and prognostics by machine learning is minimizing inter- and
intracbserver variability, which is a major problem in the
subjective interpretation of clinical and diagnostic information
by human cardiologists. Interobserver disagreement [6,7]
because of, for example, differences in experience or
specialization and intraohserver disagreement because of stress
or fatigue[8], can be minimized. Variationsin clinical practice
may lead to medical errors, whereas automatic systems are not
(or less) susceptible to such factors. Another possibility is to
exclude patients who experience symptoms such as chest pain,
which are not caused by cardiovascular disease. Automatic
exclusion of these patients can reduce unnecessary visits to a
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cardiologist; relieving the cardiologist, thereby increasing the
capacity of cardiovascular care; and directing patients to the
proper specialist quicker.

Because of these promises, the field of research on diagnosing
cardiovascular events from wearable data is very active and
many machine learning solutions are being presented to
automatically detect cardiovascular events. Various reviews
have been presented to categorize the developed machine
learning tools. A study by Krittanawong et al [9] shows that a
plethora of wearable devices are researched for a variety of
cardiovascular outcomes and discusses a paradigm for remote
cardiovascular monitoring consisting of sensors, machine
learning diagnosis, datainfrastructure, and ethics. They conclude
that especially the latter two aspects have several unaddressed
challenges. An overview of wearable devices on the market is
provided by Bayoumy et a [10]. The study reports their
frequency of use in (cardiovascular) trials and Food and Drug
Administration status. As reported by Giebel and Gissel [11],
most mobile health devices for atrial fibrillation detection are
not Food and Drug Administration approved and therefore
cannot be used in cardiovascular monitoring systems.

Objectives

Although many machinelearning tools have been proposed and
studies have shown good performance, they do not seem to have
been implemented in operational and functional health care
systems. Therefore, we decided to systematically review the
machine learning tools to detect cardiovascular events from
wearable datafrom the perspective of their technology readiness
level (TRL), that is, how far these proposed toolsarein redizing
an operational system and what factor isimpeding them to get
there. The TRL paradigm originates from the National
Aeronautics and Space Administration and is a way to assess
the maturity level of aparticular technology used in spacetravel
by giving solutions a score from 1 to 9 in increasing order of
readiness, from basic technology research (score 1) to launch
operations (score 9) [12].

Interestingly, 2 studies tailor the TRL framework for medical
machinelearning. A study by Komorowski [13] proposesa TRL
for supervised, unsupervised, and reinforcement learning
problems and describes criteriato reach TRLs 3,4, 6,and 7. A
description of the 9 TRLs for medica machine learning in
intensive care medicine, including examples, is proposed by
Fleuren et al [14]. Wereview the wearabl e-based cardiovascular
machine learning solutions following the framework by Fleuren
et a [14] adjusted for remote medicine. We identify aspectsin
the studies and systematically assign these to TRLs and group
some of the TRLstogether in ataxonomy to help interpret their
relevance (Figure 1). We address the overuse of benchmark
data sets, considerations on data acquisition related to the
environment and type of sensor, integration in a health care
system, construction of the machine learning model, and
subsequent model validations.
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Figurel. Taxonomy of theeligible studies. TRL s are based on the proposed descriptions for machine learning for medical devices proposed by Fleuren
et a [14]. The studies were categorized according to the relevance of their content to these descriptions (aspects within boxes) and were grouped and

assigned to the different TRLs (below and above boxes). TRL: technology readiness level.

Levels 3,4, and 5 Level 5

Level 6 Levels 7 and 8

: Y

Data sets Data acquisition

By assessing current methods by their technological readiness,
we show that the current methodol ogies are promising but that
deployment is severely hampered by the lack of redlistic data
setsand proper systematic and prospective evaluation. To arrive
at areadinessthat is operationa at the health care system level,
these bottlenecks need to be resolved.

Methods

Screening

The systematic review was performed by following the PRISMA
(Preferred Reporting Items for Systematic Reviews and

System integration Modeling

Meta-Analyses) guidelines [15], as shown in Figure 2. We
followed the patient or population, intervention, comparison,
and outcomes framework for our research question, which was
as follows: “In patients with cardiovascular disease, using
machine learning with data from wearables, what methods and
accompanying limitations are used, to deploy this technology
to detect and predict cardiovascular disease in standard
healthcare?’

Figure2. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram for the systematic review.

External Records identified Records identified Records identified
inclusion through Scopus through PubMed through IEEE Xplore
(n=1) (n=285) (n=208) (n=85)
n=579

(n=409)

Records after
duplicates removed

Exclusion criteria:
* One or more componentsabsentin
study: machine learning, wearable,
or cardiac disease

Records after title and
abstract screening

Exclusion criteria:
* One or more components absent in study:

(n=138) machine learning, wearable, or cardiac
disease
+ Opinion/perspective, letter, review, or study
. protocol
Full text . gli(r::tlrafgjléj’la used
(n=55)

* Conference paper

Study Inclusion

Search queries were performed on September 26, 2020, in the
electronic databases Scopus, PubMed, and |EEE Xplore. Only
peer-reviewed journals were considered. Studies were eligible
for inclusion if data were acquired from wearables, a machine
learning method was used, and had the goal to detect or predict
cardiovascular disease (see Multimedia Appendix 1 for used
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gueries). The following exclusion criteria were used: opinion
or perspective, letter, review, study protocol, or conference
paper; studies not in English; and studies in which only
simulated data were used. The dligibility assessment was
performed by the first author, ANJ. First, the title and abstract
of each study were assessed for relevance based on theinclusion
and exclusion criteria. The full texts of the remaining studies
were then read and again subjected to the selection criteria. The
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second author, DT, verified this by reading a subsample of the
selection.

TRL and Taxonomy

From the eligible studies through discussions with all authors,
the first author, ANJ, identified some genera overarching
evaluation aspectsthat the studies had in common and assigned
these studies to ataxonomy (Multimedia Appendix 2 [16-70]).
These aspects were related to one or more TRLS, as defined by
Fleuren et a [14]. Accordingly, the €eligible studies were
assigned to the taxonomy and different TRLs (Figure 1). The
TRL framework states that studies that use only a benchmark
data set as a data source do not progress further than level 3.
Furthermore, the framework originally grouped levels 3 and 4
together. We split these levels and assigned studies using their
own acquired data without an externa validation set from a
different study level 4. Next, we assigned studies that use an
external validation set from adifferent study tolevel 5; although,
according to Fleuren et al [14], level 5 further requires that the
acquired data set is redlistic. However, we interpreted the
independently acquired data representative of data recorded
during the deployment of the machine learning system as
realistic. Therefore, we differentiated levels 3, 4, and 5 mostly
on the data sets being used for model deployment and related
theselevelsto the data setstaxonomy. Aslevel 5 mainly focuses
on redlistic data sets we also assigned practical aspects of the
wearables to this TRL. Here, we differentiated the following
three aspects. (1) which modality is being measured by the
wearable and where on the body it is placed; (2) under which
conditions dataare measured, such asinthewild or in controlled
environments; and (3) for how long data are recorded, that is,
the tempora aspect of the acquired data. Level 6 required
integrating the machinelearning mode! into ahealth care system.
Therefore, the device in which the model was integrated into
was assigned to this level. Finally, levels 7 and 8 required
demonstrating the model as a cardiovascular tool. Therefore,
the model effectiveness and validation aspects were assigned
totheselevels. Levels1, 2, and 9 were disregarded here because
none of the papers fit into these categories.

Results

Article Identification

A total of 578 recordswere retrieved from € ectronic databases.
After the removal of duplicates, 70.8% (409/578) of records

Naseri Jahfari et al

remained. One was externally included as it fulfilled the
inclusion criteria but was missed by the search query because
it did not explicitly mention the term machine learning. As
shown in Figure 1, these were further narrowed down during
title or abstract screening, resulting in 23.9% (138/578) of
records. Finally, after full-text reading, 9.5% (55/578) of records
remained to be covered in this study.

We related each of the studies to different TRLs for machine
learning methods (Methods) according to an identified taxonomy
of different evaluation criteriathat relate to these TRLs (Figure
1; Methods). The TRL framework states that studies that use
only abenchmark data set do not progress further than level 3.

Study Char acteristics

The key characteristics of the eligible studies are summarized
in MultimediaAppendix 2. Notably, of the 55 studies, 27 (49%)
exclusively used benchmark data sets, which were all defined
as benchmark studies. Furthermore, of the 55 included studies,
6 (11%) were published before 2018 and the remaining 49 (89%)
were published thereafter. In the following sections, the study
characteristics are described more closely based on the
taxonomy.

Activity and Environment (Level 5)

For studies that did not use benchmark data sets, they reported
the data acquired either in a controlled environment (hospital
or research laboratory) or in a free-living environment, where
participants were remotely observed performing their natural
daily routines. The latter is aso known as in-the-wild.
Furthermore, the activities of the participants can be divided
into sedentary or active during dataacquisition. To capturethese
two related aspects, we assigned studies on an axisrepresenting
acontrolled environment and sedentary activity on onesideand
in-the-wild measurement of active participants on the other side
of the axis (Figure 3). Interestingly, only 5 [16-20] studies
mapped to the active, free-living situation that complied with
the requirement of realistic data acquisition for these aspects
that map to TRL5. Thus, only one-tenth of the studies used the
potential of wearables to be used for remote, longitudinal
monitoring.

Figure 3. Studies ordered based on participant activity and acquisition environment. The leftmost scenario indicates highly controlled acquisition with
sedentary participants. The oppositeisdescribed by the rightmost scenario where participants are monitored in an active, free-living situation. Controlled
environment includes hospitals or |aboratories. Free-living participants are monitored during their daily routines.

Activity or environment unknown

(n=6)
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Placement and M odality (Level 5)

Redlistic data acquisition requires continuous monitoring.
Practically, the wearable should therefore not burden the
participant when wearing. This burden depended mostly on the
placement of the sensor on the body. In addition, the placement
also restricted the type of biometric signals that could be
measured, which wasreferred to asthe modality. We categorized
studies based on the placement and modality for the
nonbenchmark studiesjointly (Figure 4). The sensor placements
for cardiovascular monitoring that results in the least burden
for the patient, and thus would be the best candidatesto acquire
a redlistic data set, were the wrist and finger. Less than half

Naseri Jahfari et al

(N=13) of the studies were reported with such placements, of
which 8 (62%) studies acquired one modality: 3 (23%) studies
acquired wrist-based ECGs[18,21,22], 2 (15%) studiesacquired
wrist-based PPGs [17,23], and 3 (23%) studies acquired
finger-based PPGs[24,30,37]. Of the 13 studies, the remaining
5 (39%) studies acquired wrist-based multimodal data: 4 (31%)
studies acquired PPGs and accelerometer data [19,20,29,47]
and 1 (8%) study acquired both ECGs and PPGs [25]. Thus,
the wrist and finger severely limited the additional modalities
that were measured (usually only acceleration), although
wearableswere shown to be able to measure increasing number
of modalities [10].

Figure4. Placement and modalities of wearable sensors: light blue, placement of sensors; blue, modalities used. Others: head, near-infrared spectroscopy;
chest, seismocardiography or gyrocardiography. Overlapping blocks represent multiple placements or modalities used. ECG: electrocardiogram; GSR:
galvanic skin response; PPG: photoplethysmogram; SIT: skin impedance and temperature.

Chest,
Finger

w Finger

n=1

ECG

<

PPG

4

n=1
Textile

Temporal Aspects(Levels5, 7, and 8)

Besides the requirement of arealistic dataset in level 5, levels
7 and 8 required phase 2 and phase 3 studies, respectively. In
the context of drug testing, this requires an investigation of the
effective, but safe, drug dosage. Anaogously, for wearable
machine learning, this trandated to the time a participant must
be exposed to amachine learning model before acardiovascular
outcome could be accurately detected or predicted. Therefore,
arealistic deployment setting is dependent on the length of time
participants are observed. Asit isfurther essential to characterize
the data for reproducibility and the description under which
circumstances a model is valid, we decided to outline the
temporal aspect of the acquired wearable data in more detail.
We recognized the following four levels of time aspects: (1)
study duration, (2) observation period, (3) recording duration,
and (4) input window size (Figure 5). Within the study duration,
patients were included and observed for a certain period—the
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observation period. The lengths of these periods had an impact
on the realistic deployment of a system. For example, Quer et
al [71] used wrist-worn Fitbit devicesto show that resting heart
rate within individuals had a significant seasonal trend in
longitudinal data. Therefore, a model constructed using data
from a certain period might not be valid for another period. It
was therefore important to consider how long the participants
were observed to ensure this seasonal effect was incorporated
in the model. Within the observation period, the wearable
recorded a time series. Theoretically, this could be as long as
the observation period itself. However, patients could interrupt
the measurements for several reasons (eg, to charge the device
and low compliance rate). We denoted the duration of a
continuously measured part of the time series as the recording
duration. Finally, the records were further segmented into
windows, from which features were generated or which were
used as raw inputs to a machine learning model. We referred
to the duration of these windows as the input window size (1).
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Figure 5. Venn diagram of reported temporal aspects described in the studies. The S, O, R, and | are represented in the legend. |: input window size;

O: observation period; R: recording duration; S: study duration.

We assessed the temporal aspects of all the nonbenchmark
studies (Figure 5). One study did not report any aspects [26]
and was omitted from the Figure 5. Another study used multiple
fixed input window sizesto incorporate different timescal es of
thedata[19]. Overal, most studies did not report all the aspects
and were thus not comprehensive about their data characteristics.
In almost al studies, the recording rate and input window size
were reported, whereas the study and observation periods were
mentioned in about half of the studies. For arealistic data set,
required for level 5 and progression to level 7 or 8, the
observation period and recording duration were specifically
important, as we found in 12 studies. Three studies used an
observation period of 24 hours[23,32,64]; onefor aweek [17],
onefor 2weeks[27], and onefor 90 days[16]. Overall, 2 studies
implied an observation period of months but did not explicitly
report it [19,20]. One considered recordings of at least eight
hours [19] and one reported an average recording duration of
11.3 hours [20]. Finally, only one [27] fully used the potential
of wearables and reported a (near-) continuous recording
duration.

Cardiovascular Outcomes (All L evels)

Although the required observation period and recording duration
to detect or predict a cardiovascular outcome is till an open
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and active research topic, these periods will be different for
different outcomes. Therefore, we inventoried which
(combinations of) cardiovascular outcomes were considered in
which studies (Figure 6). Interestingly, the control group was
defined differently in each study. Only half of the nonbenchmark
studies included a (normal) sinus rhythm class as control and
could therefore exclude the presence of cardiovascular disease
in participants. From these, 8 studies [17,21-23,28-31] used
datafrom healthy individual sto represent normal sinusrhythm.
The remaining 6 studies [32-37] derived normal sinus rhythm
data from patients with arrhythmia (such as paroxysmal atrial
fibrillation) or were unclear about the control group. Three
studies had cardiovascular (disease) prevention as the target.
One of these described this as a cardiovascul ar risk assessment
wherethe predicted classeswere healthy, precaution, and critical
status [28]. Another study predicted vascular age and 10-year
cardiovascular disease risk [34]. The third assigned a
cardiorespiratory fitness score [27]. Notably, only the first 2
studies constructed a prognostic model. Two other prognostic
models forecast cardiac arrest and heart failure exacerbation by
forecasting rehospitalization after heart failure admission
[16,21].
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Figure 6. Studies categorized according to the type of cardiovascular outcomes predicted by the models. AA: atria arrhythmia; C: control; CAD:
coronary artery disease; CP: cardiovascular prevention; HF: heart failure; SR: sinus rhythm; VA: ventricular arrhythmia; VHD: valvular heart disease.

SR, AA, VA, C
(n=3)

=

Bottleneck TRL5

Although many cardiovascular outcomeswereinvestigated with
wearables, the promising studiesthat have reached level 5 were
all focused on atrial arrhythmia using wrist-based PPGs.
However, their temporal properties were often inconclusive, as
they were not reported. Moreover, to progressto level 6, amodel

Table 1. Studies fulfilling requirements for technology readiness level 5.

should be functional within a health care system (even if it was
merely used observationally). None of the studies progressed
to thislevel. An overview of the level 5 models, including the
modalities that they are based on, isgiven in Table 1. Although
none of the methodologies progressed to level 6, we decided to
prospectively eval uate the studiesto investigate the progression
of the current state.

Study Outcomes Modality o? RP 1

Torres-Soto and Ashley ~ Sinusrhythm, atrial arrhythmia ppcd lwesk  NR® 25 seconds

[17]

Bashar et al [18] Atrial arrhythmia, ventricular arrhythmia  gocf NR NR 2 minutes

Tison et al [19] Atrial arrhythmia, control PPG, accelerometer? NR >8 hours a day 5 seconds, 30 sec-

Wasserlauf et a [20] Atrial arrhythmia, control

PPG, accel erometer

onds, 5 minutes, and
30 minutes

NR 11.3 hoursaday 1 hour

80: observation period.

bR: recording duration.

%I input window size.

4ppG: photoplethysmogram.

®NR: not reported.

fEcG: electrocardiogram.

9Sensor-provided heart rate and step counter data.

Processing Device (L evel 6)

Integration in a health care system could be carried out on
different devices. These studies demonstrated their models on
either a computer (eg, a server), smartphone, or embedded
device (Table 2). Only the latter two enabled real-time
cardiovascular monitoring locally on the patient side, required
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for real-time detection and prevention of acute cardiovascular
disease, asreal-timeinformation exchange to an external system
would require high battery consumption and was therefore not
feasible. Smartphones were used in both benchmark [38-40]
and nonbenchmark [21,30,31,35] studies. Embedded devices,
however, had only been demonstrated in benchmark studies
[41-44].
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Table 2. Processing device of trained models used in studies.

Naseri Jahfari et al

Processing device

Benchmarks included, n

Benchmarks excluded, n

Computer 14
Smartphone 7
Embedded device 4

24
4
0

Feature Extraction Methods (Levels 7 and 8)

Levels 7 and 8 of the TRL assessed the model effectiveness
through phases 2 and 3 clinical trials. Wetrand ated that to what
features from the observed modalities were being used to
construct the models. A significant number of studiesused ECG
asamodality and used different information from fiducial points
[72] to extract features (Figure 7). In many studies, samples
were selected before and after the R-peak. For example, the RR
interval isthetimeinterval between 2 adjacent R-peaks. Some
studies also used techniques to locate other fiducial points and
used the timeinterval between them as features [45]. Together,
we denoted these types of features as waveform information

features. Next to the specific ECG features, more genera
features could be derived, such as statistical features (eg, heart
rate [variability] derived from 10 RR intervals) or spectra
features obtained through techniques such as the Fourier
transform. Raw data could also be used as features upon which
aneural network can be used to automatically learn informative
features [46]. Next to the features based on the sensed signal,
demographic information could be used to provide more context
[28,47]. Benchmark studies mostly use raw features (using the
same data set) and were, therefore, excluded from this study.
However, it is noteworthy that 2 of these used more advanced
methods, namely, compressed learning [48] combined with
dynamic time warping [49].

Figure 7. Features used in the studies. D: demographic; O: others; R: raw; SP: spectral; ST: statistical; WI: waveform information.

The most commonly used features were raw features (studies:
9/28, 32.1%). Thiswas followed by waveform information and
statistical features. In all, 2 studies also included demographic
metadata from participants[28,47]. One study used hemoglobin
parameters [26], which we represented in the others group in
Figure7. Interestingly, 1 study included timestamps [19]. From
the 11 studies that used multimodal data (Figure 4), 6 (55%)
studies extract features for each modality were separately
extracted. Of the 11 studies, the remaining 5 (46%) studies
exploited the covariance among the modalities in feature
extraction, although 1 (9%) study did not elaborate on the exact
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. ST,SPWI

o (n=1)

method [16]. For example, of the 15 studies, 1 (9%) study
computed the time between an R-peak in the ECG and the
closest following peak in the PPG [34]. Of the 5 studies, 2 (40%)
studies concatenated windows of the different modalities and
then extracted the features [20,50] and 1 (20%) study
concatenated windows whereafter a convolutiona layer in a
neural network is used to automatically extract features from
the concatenated data[19].
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Mode Construction Methods (Levels 7 and 8)

Another aspect that defines the model effectiveness relates to
the type of models being constructed, which we categorized
across both the benchmark and nonbenchmark studies (Table
3). Most of the studies used aneural network, and most of them
were nonsequential (eg, convolutional and multilayer
perceptron). A noteworthy type is the spiking neural network
[51,52], which is designed to be energy efficient and suitable
for real-time cardiovascular monitoring in an embedded device.
Although sequential models were specificaly designed for
sequence or time series, these types of models were used much

Table 3. Types of machine learning models used in the studies.

Naseri Jahfari et al

less. Some studies had combined sequential and nonsequential
neural network architectures [17,19,32,42,46,53]. After the
neural networks, most of the models were classical machine
learning methods, including linear models: support vector
machines; decision trees; and similarity-based models, such as
k-nearest neighbor classifiers. Furthermore, ensemble methods
had been used that combined multiple simpler models to
construct a more complex model [22,28,44,50,54-56]. Finally,
2 studies used models that explicitly exploit the hierarchical
structure of medical time series data: a hierarchical Bayesian
model [27] and a Multiple-Instance Learning via Embedded
instance Selection model [23].

Mode type Number of times used
Nonseguential 30

Classica 20

Ensemble 9

Sequentia neural network 6

Nonseguential + sequential neural network 5

Hierarchical 2

Validation (Levels 7 and 8)

The effectiveness of a model was heavily influenced by the
number of samples with which the model had been trained. In
phase 2 and phase 3 studies, a priori power analyses were
performed to estimate the required sample size per group or
classto observe an effect. It was empirically shown by Quintana
[73] that for heart rate variability studies, an effect size of 0.25,
0.5, and 0.9 corresponded to a low, medium, and high effect,
respectively. The corresponding sample sizeswere 233, 61, and
21 for 80% statistical power and 312, 82, and 28 for a 90%
statistical power. We considered nonbenchmark studies with a
sufficient sample size per group or class, from which 9 studies
remained. From the remaining 9 studies, a power of 90% was
reached with small [19,20,24] and large [16,30,37,47] effect
sizes, and 2 studies [29,32] achieved 80% power with a large
effect size.

This showed that studies generally choose a train sample size
(per group or class) that istoo small to find a significant effect
based on a priori power anaysis.

In contrast to a priori power analysis, the purpose of model
validation is to retrospectively anayze the performance of the
model on data it has not seen before, that is, to assess the
generalization error of the model. The included studies chose
from 2 validation schemes: cross-validation and holdout [74]
(Figure 8), although 5 studies [16,20,28,64,65] did not report
the validation method. When splitting data into training and
testing, one needed to ensure nonoverlapping grouping and
stratification of the data (Figure 8). With nonoverlapping
grouping [75], one ensured that the same group of data did not
appear in both the training and test sets, for example, avoiding
that data from the same participant wasin both the training and
test set, abeit the samples might be from different periods. With
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stratification, one ensured that both the training samples and
the test samples exhibit a similar proportion of samples for an
arbitrary variable. For example, it was important to keep the
proportion of men and women consistent or to ensure that the
proportion of sensor samples representing normal rhythm and
arrhythmiais equal. For progressing to TRL 7, 4 studies used
| eave-one-subject-out group cross-validation [18,23,27,45] and
4 other types of group cross-validation [29,30,37,44]. Idedlly,
adtratified group cross-validation is used, but none of the studies
used this. In addition to validation strategies, it isimportant to
usereplication data, that is, completely independently acquired
data, which was only done in 11
[17,18,21,24,25,31,33,35,36,40,70] studies.

It isimportant to realize that data sets could suffer from highly
imbalanced classes. An exampleiswhen there are proportionally
more sampl es representing sinus rhythm than atrial fibrillation.
Inthis case, the model may be biased to focus more on correctly
classifying sinus rhythm, as this contributed more to higher
overal classification performance. However, this led to poor
characterization of cardiovascular disease, asthe corresponding
samples would be misclassified more often than sinus rhythm.
In al, 6 studies [32,41,59-62] mitigated this by (randomly)
up-sampling the minority class. A total of 4 studies[22,29,48,52]
used the synthetic minority oversampling technique [76].

Finaly, it is noteworthy that some studies [41-43,45,49,51,63]
constructed a semi—patient-specific model. This could be
beneficial, as there were large differences in heart rate data
among individuals[71]. Thiswas done by training only asmall
number of samples from the target patient together with data
from other patients. The test set consisted of the remainder of
thetarget patient’s samples, which caused overlapping grouping
between the training and test sets.
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Figure 8. Venn diagram of validation methods used in the studies. CV: cross-validation; G: grouping; H: holdout; S: stratification.

Discussion

Principal Findings

We have shown that machine learning—based technol ogies that
detect cardiovascular outcomes using wearables, bottleneck at
TRL5, most dominantly on the requirement of proper realistic
data acquisition. To progress to the next level of technology
readiness, models need to become operationa (either
interventional or observational) in ahealth care system. A study
by Komorowski [13] supports these observations and defines
the lack of testing or deployment in clinical practice as an
infor mation bottleneck, which often occursin medical machine
learning. Moreover, half of the eligible studies used abenchmark
data set (27/55, 49%), and the most common data set [77] was
used 18 times. We argue that overusing a data set can introduce
bias and overfitting, effectively making such a data set useless,
thereby increasing the need for realistic data sets even more.

The usefulness of wearable cardiovascular diagnostics liesin
free-living and active situations because the low burden for
wearing them and the 24/7 monitoring abilities. Placement of
the sensor on the wrist does fit these criteria best. Moreover,
commercia-grade smartwatches can measure multimodal data
with low battery consumption. This makesthese types of sensors
promising to use wearable technology for cardiovascular
diagnostics. However, most studies do not fully demonstrate
thispotential. Moreover, very few prognostic model s have been
proposed so that cardiovascular disease prevention using
wearable machinelearning is, in fact, not (yet) well researched.

Although most studiesinclude detailed baseline characteristics
of the study population, it is worrisome that the data were not
described with a similar level of consistency, structure, and
detail. For example, some studies (explicitly or implicitly) have
reported acquiring continuous wearable data, but participants
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do need to take off the device for charging or otherwise have a
low compliance rate. These studies then fail to report these
details; thus, it is unknown how continuousthe data, that is, the
length of the recording duration, actually is. We believe that,
analogous to the baseline characteristics, data characteristics
should be reported in detail to predict how a model will
generdlize when deployed in a particular setting and
environment.

The segmentation of the time series data in the windows was
performed with afixed window sizein all studies. None of the
studies have considered a variable-length or adaptive window
size. Furthermore, no previous physiological knowledge has
been used to determine informative timescales. For example,
the exercise-recovery curve (usually obtained from an exercise
tolerance test) is often used to quantify cardiovascular
characteristics during activity. This describes a participant’s
ability to adaptively increase the heart rate during exercise and
recover it back to aresting level after exercise. Studiesthat had
access to accelerometer data did not look at similar timescale
events. To this end, we believe that identifying informative
timescales within the time series and incorporating this in the
model can be valuable to detect cardiovascular diseases.

Remarkably, studies primarily prefer nonsequential neural
networks over sequential ones, although the latter is designed
for time series data. Similarly, the hierarchical structure of the
data has rarely been exploited in the published models. We
advocate that much more emphasis should be on the exploration
of these models, although this also requires larger data sets as
these methods are data hungry.

Although some studies make use of a healthy control group,
most do not include a group with no arrhythmia, sinus rhythm,
or asimilar group, although diagnosing a participant having no
arrhythmiaat all isjust as, or even more powerful, than detecting
aspecific heart problem. From amachine learning point of view,
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this can be seen as a one-class classification (outlier detection)
problem: instead of predicting adiverse set of clinical outcomes,
the focus of these models lies in modeling the normal class as
good as possible and consider deviating data as abnormal. Thus,
this would be an interesting avenue to explore. In general, it is
important to have clearly defined data annotations. For example,
some studies have annotated sinus rhythm events in patients
with arrhythmia. One might question whether thisis similar to
annotated sinus rhythm events for nonarrhythmic individuals
and whether a machine learning—based approach might fail by
mixing these annotations.

We have shown that studies use a training sample size that is
too small according to a priori power anaysis. Sample size
determination in machine learning [78] is focused on posthoc
methods, such as learning curves [79]. Prehoc methods, such
aspower analysis, are difficult in machinelearning, asthereare
many factors that influence the effect size of the model.
Furthermore, we have discussed different validation schemes
that can be used. An important observation isthat a significant
number of studies do not validate their model using a
nonoverlapping grouping strategy. We believe that validation
based on nonoverlapping grouping is crucial for cardiovascular
machine learning and any medical machine learning validation
in general. Without, experiments will simply suggest
performances that are too optimistic.

We have shown that only a few papers used multimodal data
and even |less considered features across modalities. In our view,
thisisamissed opportunity; thereis valuable information to be
extracted when combining features from different modalities.
An example is the correlation between heart rate and activity.
When the heart rate changes abruptly without activity, this can
indicate an interesting segment for a model to detect heart
problems. As another example, 1 study used timestamps as
features that can provide information about seasonality in
longitudinal data. This could be used to inspect (change in)
circadian rhythm as a biomarker for cardiovascular disease.
Interestingly, ECG morphology iswell researched and used as
afeature. However, no anal ogous decomposition of PPG signals
is used in the studies. Therefore, we advocate a similar
exploration of the PPG signals.

Finally, we argue that in addition to the technical shortcomings
discussed, societal factors (under the umbrella term ethical or
socially responsible Al) must also be addressed [80]. From the
patients' point of view, there are concerns regarding reliability,
privacy, and especially fairness and Al bias of the system [81].
Our findings of the lack of realistic data and the imbalance in
data link to the latter, as it introduces sampling bias [82], for

Naseri Jahfari et al

example. A study by Parikh et al [83] refersto thisasastatistical
bias and argues that, especially in the medical field, there can
also be social biases that are caused by inequity of patients
accessto health care (technol ogy) or acombination of both, for
example, missing data in certain subgroups. Efforts should be
made to remove bias in data (before exposing to an Al model)
[80] and in the model itself. This referred to as debiasing
[80,82,84].

From the physicians point of view, the performance of machine
learning models is potentialy reaching that of health care
professionals point of view [85,86], which brings
techno-dystopic fear of rivalry between Al and human experts.
The study by Di leva [87] offers an alternative view by stating
that this fear can be overcome by considering the success of
multidisciplinary teams in modern medicine and that in line
with that paradigm, Al isan assisting expert in that team, rather
than a competitor.

As a final note, we would like to emphasize that we did not
fully perform a quality assessment of the risk of bias in the
clinical dataacquisition of the studies. Instead, we used the TRL
to capture these risks from a machine learning perspective and
describe these limitations throughout. To this end, studieswith
low methodological quality did not achieve a higher TRL. In
addition, we did not consider conference papers as journal
papers are more comprehensive and elaborate in general.
However, in thefield of machinelearning, conferences are used
to publish completed research (not limited to an abstract asin
other fields). Therefore, we might have missed new
developments from conference papersthat have been described
in detail, yet not fully scrutinized asin journal papers.

Conclusions

TRL has enabled us to perform a structured assessment of the
(required) progression of machine learning—based wearable
technology for deployment in an operational setting. We
discussed that the promise is mainly achieved by acquiring
longitudinal datafrom participantsin afree-living environment,
which is made possible because of |ow—energy-consuming
sensors that are easy to wear. However, we have also observed
that none of the studies detect or predict cardiovascular
outcomes on redistic data, which limits TRL of thistechnology.
In addition, we identified many other aspects that hamper
deployment progression, which need to be addressed before the
promise of using wearabletechnology for cardiovascular disease
detection and prevention becomes reality. On the other hand,
of the 55 included studies, 6 (11%) were published before 2018
and the remaining 49 (89%) after. Therefore, we expect alarge
increase in research popularity in the coming years.

Authors Contributions

The literature search and study inclusion, formal analysis, conceptualization, and the writing of original draft and preparation of
the figures were carried out by ANJ. Supervision, conceptualization, and writing—review and editing—were carried out by DT,

MR, and IVDB.

Conflictsof Interest
None declared.

https://medinform.jmir.org/2022/1/€29434

JMIR Med Inform 2022 | vol. 10 | iss. 1 |€29434 | p. 11
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Naseri Jahfari et al

Multimedia Appendix 1

Search queries performed in the three electronic databases.
[DOCX File, 17 KB-Multimedia Appendix 1]

Multimedia Appendix 2

Tables of study characteristics.
[DOCX File, 250 KB-Multimedia Appendix 2]

References

1. Rizwan A, Zoha A, Mabrouk 1B, Sabbour HM, Al-Sumaiti AS, Alomainy A, et a. A review on the state of the art in atrial
fibrillation detection enabled by machine learning. IEEE Rev Biomed Eng 2021;14:219-239. [doi:
10.1109/rbme.2020.2976507]

2. PereiraT, TranN, Gadhoumi K, Pelter MM, Do DH, Lee RJ, et a. Photoplethysmography based atrial fibrillation detection:
areview. NPJ Digit Med 2020;3:3 [FREE Full text] [doi: 10.1038/s41746-019-0207-9] [Medline: 31934647]

3.  Chuas, ChenlL,LienL,LoH,Liao Z, Chao S, et al. Comparison of arrhythmia detection by 24-hour holter and 14-day
continuous electrocardiography patch monitoring. Acta Cardiol Sin 2020;36(3):251-259. [doi:
10.6515/ACS.202005_36(3).20190903A]

4.  Pradhan S, Robinson JA, Shivapour JK, Snyder CS. Ambulatory arrhythmia detection with ZIO® XT Patch in pediatric
patients: acomparison of devices. Pediatr Cardiol 2019 Jun 1;40(5):921-924. [doi: 10.1007/s00246-019-02089-0] [Medline:
30937502]

5. Brahmbhatt DH, Cowie MR. Remote management of heart failure: an overview of telemonitoring technologies. Card Fail
Rev 2019 May 24;5(2):86-92 [EREE Full text] [doi: 10.15420/cfr.2019.5.3] [Medline: 31179018]

6. van Stipdonk A, Vanbelle S, Horst Tl, Luermans J, Meine M, Maass A, et a. Large variability in clinical judgement and
definitions of left bundle branch block to identify candidates for cardiac resynchronisation therapy. Int J Cardiol 2019 Jul
01,286:61-65 [FREE Full text] [doi: 10.1016/j.ijcard.2019.01.051] [Medline: 30661850]

7. SlomkaPJ, Dey D, Sitek A, Motwani M, Berman DS, Germano G. Cardiac imaging: working towards fully-automated
machine analysis and interpretation. Expert Rev Med Devices 2017 Mar 13;14(3):197-212 [FREE Full text] [doi:
10.1080/17434440.2017.1300057] [Medline: 28277804]

8.  Trockel MT, Menon NK, Rowe SG, Stewart MT, SmithR, LuM, et al. Assessment of physician sleep and wellness, burnout,
and clinically significant medical errors. JAMA Netw Open 2020 Dec 01;3(12):€2028111 [FREE Full text] [doi:
10.1001V/jamanetworkopen.2020.28111] [Medline: 33284339]

9.  Krittanawong C, Rogers AJ, Johnson KW, Wang Z, Turakhia MP, Halperin JL, et a. Integration of novel monitoring
devices with machine learning technology for scalable cardiovascular management. Nat Rev Cardiol 2021 Feb;18(2):75-91
[EREE Full text] [doi: 10.1038/s41569-020-00445-9] [Medline: 33037325]

10. Bayoumy K, Gaber M, Elshafeey A, Mhaimeed O, Dineen EH, Marvel FA, et al. Smart wearable devicesin cardiovascular
care: where we are and how to move forward. Nat Rev Cardiol 2021 Aug 04;18(8):581-599 [FREE Full text] [doi:
10.1038/s41569-021-00522-7] [Medline: 33664502]

11. Giebel GD, Gissel C. Accuracy of mHealth devicesfor atrial fibrillation screening: systematic review. IMIR Mhealth
Uhealth 2019 Jun 16;7(6):e13641 [FREE Full text] [doi: 10.2196/13641] [Medline: 31199337]

12.  Héder M. From NASA to EU: the evolution of the TRL Scale in public sector innovation. Innov J 2017;22(2):1-23 [FREE
Full text]

13. Komorowski M. Artificial intelligence in intensive care: are we there yet? Intens Care Med 2019 Sep;45(9):1298-1300.
[doi: 10.1007/s00134-019-05662-6] [Medline: 31236638]

14. Fleuren LM, Thora P, Shillan D, Ercole A, Elbers PW, Right Data Right Now Collaborators. Machine learning in intensive
care medicine: ready for take-off?Intens Care Med 2020 Jul;;46(7):1486-1488. [doi: 10.1007/500134-020-06045-y] [Medline:
32399747]

15. PageMJ, McKenzie JE, Bossuyt PM, Boutron I, Hoffmann TC, Mulrow CD, et a. The PRISMA 2020 statement: an updated
guideline for reporting systematic reviews. Br Med J 2021 Mar 29;372:n71 [FREE Full text] [doi: 10.1136/bmj.n71]
[Medline: 33782057]

16. Stehlik J, Schmalfuss C, Bozkurt B, Nativi-Nicolau J, Wohlfahrt P, Wegerich S, et a. Continuous wearable monitoring
analytics predict heart failure hospitalization: the LINK-HF multicenter study. Circ Heart Fail 2020 Mar;13(3):e006513.
[doi: 10.1161/CIRCHEARTFAILURE.119.006513] [Medline: 32093506]

17. Torres-Soto J, Ashley EA. Multi-task deep learning for cardiac rhythm detection in wearable devices. NPJ Digit Med 2020
Sep 09;3(1):116 [FREE Full text] [doi: 10.1038/s41746-020-00320-4] [Medline: 34497341]

18. Bashar SK, Han D, Zieneddin F, Ding E, Fitzgibbons TP, Walkey AJ, et a. Novel density poincaré plot based machine
learning method to detect atrial fibrillation from premature atrial/ventricular contractions. |EEE Trans Biomed Eng 2021
Feb;68(2):448-460. [doi: 10.1109/TBME.2020.3004310] [Medline: 32746035]

https://medinform.jmir.org/2022/1/e29434 JMIR Med Inform 2022 | vol. 10 | iss. 1| €29434 | p. 12
(page number not for citation purposes)

RenderX


https://jmir.org/api/download?alt_name=medinform_v10i1e29434_app1.docx&filename=0ebc08aa3f5741e08e2d27d320f9a298.docx
https://jmir.org/api/download?alt_name=medinform_v10i1e29434_app1.docx&filename=0ebc08aa3f5741e08e2d27d320f9a298.docx
https://jmir.org/api/download?alt_name=medinform_v10i1e29434_app2.docx&filename=f85ae93adc8b52e3aba1a3cf5e7b929a.docx
https://jmir.org/api/download?alt_name=medinform_v10i1e29434_app2.docx&filename=f85ae93adc8b52e3aba1a3cf5e7b929a.docx
http://dx.doi.org/10.1109/rbme.2020.2976507
http://europepmc.org/abstract/MED/31934647
http://dx.doi.org/10.1038/s41746-019-0207-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31934647&dopt=Abstract
http://dx.doi.org/10.6515/ACS.202005_36(3).20190903A
http://dx.doi.org/10.1007/s00246-019-02089-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30937502&dopt=Abstract
http://europepmc.org/abstract/MED/31179018
http://dx.doi.org/10.15420/cfr.2019.5.3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31179018&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0167-5273(18)32345-3
http://dx.doi.org/10.1016/j.ijcard.2019.01.051
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30661850&dopt=Abstract
http://europepmc.org/abstract/MED/28277804
http://dx.doi.org/10.1080/17434440.2017.1300057
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28277804&dopt=Abstract
https://jamanetwork.com/journals/jamanetworkopen/fullarticle/10.1001/jamanetworkopen.2020.28111
http://dx.doi.org/10.1001/jamanetworkopen.2020.28111
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33284339&dopt=Abstract
http://europepmc.org/abstract/MED/33037325
http://dx.doi.org/10.1038/s41569-020-00445-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33037325&dopt=Abstract
http://europepmc.org/abstract/MED/33664502
http://dx.doi.org/10.1038/s41569-021-00522-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33664502&dopt=Abstract
https://mhealth.jmir.org/2019/6/e13641/
http://dx.doi.org/10.2196/13641
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31199337&dopt=Abstract
https://eprints.sztaki.hu/9204/
https://eprints.sztaki.hu/9204/
http://dx.doi.org/10.1007/s00134-019-05662-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31236638&dopt=Abstract
http://dx.doi.org/10.1007/s00134-020-06045-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32399747&dopt=Abstract
http://www.bmj.com/lookup/pmidlookup?view=long&pmid=33782057
http://dx.doi.org/10.1136/bmj.n71
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33782057&dopt=Abstract
http://dx.doi.org/10.1161/CIRCHEARTFAILURE.119.006513
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32093506&dopt=Abstract
https://doi.org/10.1038/s41746-020-00320-4
http://dx.doi.org/10.1038/s41746-020-00320-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34497341&dopt=Abstract
http://dx.doi.org/10.1109/TBME.2020.3004310
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32746035&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Naseri Jahfari et al

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

35.

36.

37.

38.

39.

40.

41.

Tison GH, Sanchez JM, Ballinger B, Singh A, Olgin JE, Pletcher MJ, et al. Passive detection of atrial fibrillation using a
commercialy available smartwatch. JAMA Cardiol 2018 May 01;3(5):409-416. [doi: 10.1001/jamacardio.2018.0136]
[Medline: 29562087]

Wasserlauf J, You C, Patel R, Valys A, Albert D, Passman R. Smartwatch performance for the detection and quantification
of atria fibrillation. Circ Arrhythm Electrophysiol 2019 Jun;12(6):€006834 [FREE Full text] [doi:
10.1161/CIRCEPR.118.006834] [Medline: 31113234]

Majumder AJ, ElSaadany YA, Young R, Ucci DR. An energy efficient wearable smart 10T system to predict cardiac arrest.
Adv Hum-Comput Interact 2019 Feb 12;2019:1-21. [doi: 10.1155/2019/1507465]

LeeK, Kim S, Choi HO, Lee J, Nam Y. Analyzing electrocardiogram signals obtained from a nymi band to detect atrial
fibrillation. Multimed Tools Appl 2018 Dec 17;79(23-24):15985-15999. [doi: 10.1007/s11042-018-7075-1]

Green EM, van Mourik R, Wolfus C, Heitner SB, Dur O, Semigran MJ. Machine |earning detection of obstructive
hypertrophic cardiomyopathy using a wearable biosensor. NPJ Digit Med 2019 Jun 24;2(1):57 [FREE Full text] [doi:
10.1038/s41746-019-0130-0] [Medline: 31304403]

Pereira T, Ding C, Gadhoumi K, Tran N, Colorado RA, Meisel K, et al. Deep learning approaches for plethysmography
signal quality assessment in the presence of atrial fibrillation. Physiol Meas 2019 Dec 27;40(12):125002 [FREE Full text]
[doi: 10.1088/1361-6579/ab5b84] [Medline: 31766037]

ChenE, JangJ, SUR, Gao M, Zhu S, Zhou J, et al. A new smart wristband equipped with an artificial intelligence algorithm
to detect atrial fibrillation. Heart Rhythm 2020 May;17(5 Pt B):847-853 [FREE Full text] [doi: 10.1016/j.hrthm.2020.01.034]
[Medline: 32354449]

ChouW, Wu B, Fang C, Yen Y, Lin B. Design of smart brain oxygenation monitoring system for estimating cardiovascul ar
disease severity. IEEE Access 2020;8:98422-98429. [doi: 10.1109/access.2020.2997865]

Altini M, Casale P, Penders J, Amft O. Cardiorespiratory fitness estimation in free-living using wearable sensors. Artif
Intell Med 2016 Mar;68:37-46. [doi: 10.1016/j.artmed.2016.02.002] [Medline: 26948954]

Akbulut FP, Akan A. A smart wearable system for short-term cardiovascular risk assessment with emotional dynamics.
Measurement 2018 Nov;128:237-246. [doi: 10.1016/j.measurement.2018.06.050]

Corino VD, Laureanti R, Ferranti L, Scarpini G, Lombardi F, Mainardi LT. Detection of atrial fibrillation episodes using
awristband device. Physiol Meas 2017 May;38(5):787-799. [doi: 10.1088/1361-6579/aa5dd7] [Medline: 28151434]
Kwon S, Hong J, Choi E, Lee B, Baik C, Lee E, et a. Detection of atrial fibrillation using aring-type wearable device
(CardioTracker) and deep learning analysis of photoplethysmography signals: prospective observational proof-of-concept
study. J Med Internet Res 2020 May 21;22(5):€16443 [FREE Full text] [doi: 10.2196/16443] [Medline: 32348254]
MenaLJ, Félix VG, Ochoa A, Ostos R, Gonzélez E, Aspuru J, et a. Mobile personal health monitoring for automated
classification of electrocardiogram signalsin elderly. Comput Math Methods Med 2018;2018:9128054 [EREE Full text]
[doi: 10.1155/2018/9128054] [Medline: 30002725]

Jeon E, Oh K, Kwon S, Son H, Yun 'Y, Jung E, et a. A lightweight deep learning model for fast el ectrocardiographic beats
classification with awearabl e cardiac monitor: devel opment and validation study. IMIR Med Inform 2020 Mar 12;8(3):e17037
[FREE Full text] [doi: 10.2196/17037] [Medline: 32163037]

XiaY, XieY. A novel wearable electrocardiogram classification system using convolutional neural networks and active
learning. |EEE Access 2019;7:7989-8001. [doi: 10.1109/access.2019.2890865]

Miao F, Wang X, YinL, Li Y. A wearable sensor for arterial stiffness monitoring based on machine learning algorithms.
|EEE Sensors J 2019 Feb 15;19(4):1426-1434. [doi: 10.1109/jsen.2018.2880434]

KimY, Mahmood M, LeeY, Kim NK, Kwon S, Herbert R, et a. Stretchable hybrid electronics: all - in - one, wireless,
stretchable hybrid electronics for smart, connected, and ambulatory physiological monitoring (Adv. Sci. 17/2019). Adv Sci
2019 Sep 04;6(17):1970104. [doi: 10.1002/advs.201970104]

Sharma A, Garg N, Patidar S, San Tan R, Acharya UR. Automated pre-screening of arrhythmia using hybrid combination
of Fourier-Bessel expansion and LSTM. Comput Biol Med 2020 May;120:103753. [doi: 10.1016/j.compbiomed.2020.103753]
[Medline: 32421653]

Kwon S, Hong J, Choi E, Lee E, Hostallero DE, Kang WJ, et al. Deep learning approachesto detect atrial fibrillation using
photopl ethysmographic signals: algorithms development study. IMIR Mhealth Uhealth 2019 Jun 06;7(6):e12770 [FREE
Full text] [doi: 10.2196/12770] [Medline: 31199302]

Oresko JJ, Duschl H, Cheng AC. A wearable smartphone-based platform for real-time cardiovascul ar disease detection via
electrocardiogram processing. | EEE Trans Inf Technol Biomed 2010 May;14(3):734-740. [doi: 10.1109/T1TB.2010.2047865]
[Medline: 20388600]

Sadrawi M, Lin C, LinY, Hsieh Y, Kuo C, Chien JC, et al. Arrhythmia evaluation in wearable ECG devices. Sensors
(Basel) 2017 Oct 25;17(11):2445 [FREE Full text] [doi: 10.3390/s17112445] [Medline: 29068369]

Allami R. Premature ventricular contraction analysisfor real-time patient monitoring. Biomed Signal Process Control 2019
Jan;47:358-365. [doi: 10.1016/j.bspc.2018.08.040]

Zhao 'Y, Shang Z, Lian Y. A 13.34 uW event-driven patient-specific ANN cardiac arrhythmia classifier for wearable ECG
sensors. |EEE Trans Biomed Circuits Syst 2020 Apr;14(2):186-197. [doi: 10.1109/TBCAS.2019.2954479] [Medline:
31794404]

https://medinform.jmir.org/2022/1/€29434 JMIR Med Inform 2022 | vol. 10 | iss. 1| e29434 | p. 13

(page number not for citation purposes)


http://dx.doi.org/10.1001/jamacardio.2018.0136
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29562087&dopt=Abstract
https://www.ahajournals.org/doi/abs/10.1161/CIRCEP.118.006834?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub%3dpubmed
http://dx.doi.org/10.1161/CIRCEP.118.006834
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31113234&dopt=Abstract
http://dx.doi.org/10.1155/2019/1507465
http://dx.doi.org/10.1007/s11042-018-7075-1
https://doi.org/10.1038/s41746-019-0130-0
http://dx.doi.org/10.1038/s41746-019-0130-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31304403&dopt=Abstract
http://europepmc.org/abstract/MED/31766037
http://dx.doi.org/10.1088/1361-6579/ab5b84
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31766037&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1547-5271(20)30089-8
http://dx.doi.org/10.1016/j.hrthm.2020.01.034
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32354449&dopt=Abstract
http://dx.doi.org/10.1109/access.2020.2997865
http://dx.doi.org/10.1016/j.artmed.2016.02.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26948954&dopt=Abstract
http://dx.doi.org/10.1016/j.measurement.2018.06.050
http://dx.doi.org/10.1088/1361-6579/aa5dd7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28151434&dopt=Abstract
https://www.jmir.org/2020/5/e16443/
http://dx.doi.org/10.2196/16443
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32348254&dopt=Abstract
https://dx.doi.org/10.1155/2018/9128054
http://dx.doi.org/10.1155/2018/9128054
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30002725&dopt=Abstract
https://medinform.jmir.org/2020/3/e17037/
http://dx.doi.org/10.2196/17037
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32163037&dopt=Abstract
http://dx.doi.org/10.1109/access.2019.2890865
http://dx.doi.org/10.1109/jsen.2018.2880434
http://dx.doi.org/10.1002/advs.201970104
http://dx.doi.org/10.1016/j.compbiomed.2020.103753
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32421653&dopt=Abstract
https://mhealth.jmir.org/2019/6/e12770/
https://mhealth.jmir.org/2019/6/e12770/
http://dx.doi.org/10.2196/12770
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31199302&dopt=Abstract
http://dx.doi.org/10.1109/TITB.2010.2047865
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20388600&dopt=Abstract
https://www.mdpi.com/resolver?pii=s17112445
http://dx.doi.org/10.3390/s17112445
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29068369&dopt=Abstract
http://dx.doi.org/10.1016/j.bspc.2018.08.040
http://dx.doi.org/10.1109/TBCAS.2019.2954479
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31794404&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Naseri Jahfari et al

42.

43.

44,

45,

46.

47.

48.

49,

50.

51.

52.

53.

55.

56.

57.

58.

59.

60.

61.

62.

63.

65.

66.

Wu J, Li F, Chen Z, Pu 'Y, Zhan M. A neural network-based ECG classification processor with exploitation of heartbeat
similarity. IEEE Access 2019;7:172774-172782. [doi: 10.1109/access.2019.2956179]

Saadatnejad S, Oveisi M, Hashemi M. LSTM-based ECG classification for continuous monitoring on personal wearable
devices. |IEEE JBiomed Health Inform 2019 Apr 15;24(2):515-523. [doi: 10.1109/JBHI.2019.2911367] [Medline: 30990452]
Sopic D, Aminifar A, Aminifar A, Atienza D. Real-time event-driven classification technique for early detection and
prevention of myocardial infarction on wearable systems. |EEE Trans Biomed Circuits Syst 2018 Oct;12(5):982-992. [doi:
10.1109/tbcas.2018.2848477)

Tang X, MaZ, Hu Q, Tang W. A real-time arrhythmia heartbeats classification algorithm using parallel delta modulations
and rotated Linear-Kernel support vector machines. IEEE Trans Biomed Eng 2020 Apr;67(4):978-986. [doi:
10.1109/TBME.2019.2926104] [Medline: 31265382]

Feng K, Pi X, Liu H, Sun K. Myocardial infarction classification based on convolutional neural network and recurrent
neura network. Appl Sci 2019 May 07;9(9):1879. [doi: 10.3390/app9091879]

Shah AJ, Isakadze N, Levantsevych O, Vest A, Clifford G, Nemati S. Detecting heart failure using wearables: a pilot study.
Physiol Meas 2020 May 04;41(4):044001. [doi: 10.1088/1361-6579/ab7f93] [Medline: 32163936]

Zhang H, Dong Z, Gao J, Lu P, Wang Z. Automatic screening method for atrial fibrillation based on lossy compression of
the electrocardiogram signal. Physiol Meas 2020 Aug 21;41(7):075005. [doi: 10.1088/1361-6579/ab979f] [Medline:
32464608]

Huang S, Lu H. Classification of temporal data using dynamic time warping and compressed learning. Biomed Signal
Process Control 2020 Mar;57:101781. [doi: 10.1016/j.bspc.2019.101781]

Yang C, Aranoff ND, Green P, Tavassolian N. Classification of aortic stenosis using time-frequency features from chest
cardio-mechanical signals. |EEE Trans Biomed Eng 2020 Jun;67(6):1672-1683. [doi: 10.1109/TBME.2019.2942741]
[Medline: 31545706]

Amirshahi A, Hashemi M. ECG classification algorithm based on STDP and R-STDP neural networks for real-time
monitoring on ultralow-power personal wearable devices. |EEE Trans Biomed Circuits Syst 2019 Dec;13(6):1483-1493.
[doi: 10.1109/TBCAS.2019.2948920] [Medline: 31647445]

Yan Z, Zhou J, Wong W. Energy efficient ECG classification with spiking neural network. Biomed Signal Process Control
2021 Jan;63:102170. [doi: 10.1016/j.bspc.2020.102170]

Lui HW, Chow KL. Multiclass classification of myocardia infarction with convolutional and recurrent neural networks
for portable ECG devices. Informatics Med Unlocked 2018;13:26-33. [doi: 10.1016/j.imu.2018.08.002]

Shao M, Zhou Z, Bin G, Bai Y, Wu S. A wearabl e electrocardiogram telemonitoring system for atrial fibrillation detection.
Sensors (Basel) 2020 Jan 22;20(3):606 [FREE Full text] [doi: 10.3390/s20030606] [Medline: 31979184]

Gilani M, Eklund JM, Makrehchi M. Automated detection of atrial fibrillation episode using novel heart rate variability
features. Conf Proc |EEE Eng Med Biol Soc 2016 Dec;2016:3461-3464. [doi: 10.1109/EMBC.2016.7591473] [Medline:
28269045]

Mei Z, Gu X, Chen H, Chen W. Automatic atrial fibrillation detection based on heart rate variability and spectral features.
|EEE Access 2018;6:53566-53575. [doi: 10.1109/access.2018.2871220]

Lown M, Brown M, Brown C, Yue AM, Shah BN, Corbett SJ, et al. Machine learning detection of Atrial Fibrillation using
wearabl e technology. PL0oS One 2020;15(1):€0227401 [FREE Full text] [doi: 10.1371/journal .pone.0227401] [Medline:
31978173]

XiaY, Zhang H, XuL, Gao Z, Zhang H, Liu H, et al. An automatic cardiac arrhythmia classification system with wearable
electrocardiogram. |EEE Access 2018;6:16529-16538. [doi: 10.1109/ACCESS.2018.2807700]

MaF, Zhang J, Liang W, Xue J. Automated classification of atrial fibrillation using artificial neural network for wearable
devices. Math Probl Eng 2020 Apr 25;2020:1-6. [doi: 10.1155/2020/9159158]

Wang N, Zhou J, Dai G, Huang J, Xie Y. Energy-efficient intelligent ECG monitoring for wearable devices. IEEE Trans
Biomed Circuits Syst 2019 Oct;13(5):1112-1121. [doi: 10.1109/TBCAS.2019.2930215] [Medline: 31329129]

Scireé A, Tropeano F, Anagnostopoulos A, Chatzigiannakis |. Fog-computing-based heartbeat detection and arrhythmia
classification using machine learning. Algorithms 2019 Feb 02;12(2):32. [doi: 10.3390/a12020032]

Fan X, Yao Q, Cai Y, Miao F, Sun F, Li Y. Multiscaled fusion of deep convolutional neural networks for screening atrial
fibrillation from single lead short ECG recordings. |EEE J Biomed Health Inform 2018 Nov;22(6):1744-1753. [doi:
10.1109/JBHI.2018.2858789] [Medline: 30106699]

Kiranyaz S, Ince T, Gabbouj M. Real-time patient-specific ECG classification by 1-D convolutional neural networks. IEEE
Trans Biomed Eng 2016 Mar;63(3):664-675. [doi: 10.1109/TBME.2015.2468589] [Medline: 26285054]

Lai D,BuY, SuY, Zhang X, MaC. A flexible multilayered dry el ectrode and assembly to single-lead ECG patch to monitor
atrial fibrillationin areal-life scenario. |[EEE Sensors J 2020 Oct 15;20(20):12295-12306. [doi: 10.1109/JSEN.2020.2999101]
Inan OT, Pouyan MB, Javaid AQ, Dowling S, Etemadi M, Dorier A, et al. Novel wearable seismocardiography and machine
learning algorithms can assess clinical status of heart failure patients. Circ Heart Fail 2018 Jan;11(1):e004313 [EREE Full
text] [doi: 10.1161/CIRCHEARTFAILURE.117.004313] [Medline: 29330154]

Alfaras M, Soriano MC, Ortin S. A fast machine learning model for ECG-based heartbeat classification and arrhythmia
detection. Front Phys 2019 Jul 18;7:103. [doi: 10.3389/fphy.2019.00103]

https://medinform.jmir.org/2022/1/e29434 JMIR Med Inform 2022 | vol. 10 | iss. 1| €29434 | p. 14

(page number not for citation purposes)


http://dx.doi.org/10.1109/access.2019.2956179
http://dx.doi.org/10.1109/JBHI.2019.2911367
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30990452&dopt=Abstract
http://dx.doi.org/10.1109/tbcas.2018.2848477
http://dx.doi.org/10.1109/TBME.2019.2926104
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31265382&dopt=Abstract
http://dx.doi.org/10.3390/app9091879
http://dx.doi.org/10.1088/1361-6579/ab7f93
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32163936&dopt=Abstract
http://dx.doi.org/10.1088/1361-6579/ab979f
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32464608&dopt=Abstract
http://dx.doi.org/10.1016/j.bspc.2019.101781
http://dx.doi.org/10.1109/TBME.2019.2942741
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31545706&dopt=Abstract
http://dx.doi.org/10.1109/TBCAS.2019.2948920
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31647445&dopt=Abstract
http://dx.doi.org/10.1016/j.bspc.2020.102170
http://dx.doi.org/10.1016/j.imu.2018.08.002
https://www.mdpi.com/resolver?pii=s20030606
http://dx.doi.org/10.3390/s20030606
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31979184&dopt=Abstract
http://dx.doi.org/10.1109/EMBC.2016.7591473
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28269045&dopt=Abstract
http://dx.doi.org/10.1109/access.2018.2871220
https://dx.plos.org/10.1371/journal.pone.0227401
http://dx.doi.org/10.1371/journal.pone.0227401
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31978173&dopt=Abstract
http://dx.doi.org/10.1109/ACCESS.2018.2807700
http://dx.doi.org/10.1155/2020/9159158
http://dx.doi.org/10.1109/TBCAS.2019.2930215
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31329129&dopt=Abstract
http://dx.doi.org/10.3390/a12020032
http://dx.doi.org/10.1109/JBHI.2018.2858789
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30106699&dopt=Abstract
http://dx.doi.org/10.1109/TBME.2015.2468589
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26285054&dopt=Abstract
http://dx.doi.org/10.1109/JSEN.2020.2999101
http://europepmc.org/abstract/MED/29330154
http://europepmc.org/abstract/MED/29330154
http://dx.doi.org/10.1161/CIRCHEARTFAILURE.117.004313
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29330154&dopt=Abstract
http://dx.doi.org/10.3389/fphy.2019.00103
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Naseri Jahfari et al

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

85.

86.

87.

Rubin J, Parvaneh S, Rahman A, Conroy B, Babaeizadeh S. Densely connected convolutional networks for detection of
atria fibrillation from short single-lead ECG recordings. J Electrocardiol 2018;51(6S):18-21. [doi:
10.1016/].jelectrocard.2018.08.008] [Medline: 30122456]

Xu X, LiuH. ECG heartbeat classification using convolutional neural networks. |EEE Access 2020;8:8614-8619. [doi:
10.1109/ACCESS.2020.2964749]

LiY,PangY, Wang J, Li X. Patient-specific ECG classification by deeper CNN from generic to dedicated. Neurocomputing
2018 Nov;314:336-346. [doi: 10.1016/j.neucom.2018.06.068]

Mastoi Q, Wah T, Gopal Raj R. Reservoir computing based echo state networks for ventricular heart beat classification.
Appl Sci 2019 Feb 18;9(4):702. [doi: 10.3390/app9040702]

Quer G, Gouda P, Galarnyk M, Topol E, Steinhubl S. Inter- and intraindividual variability in daily resting heart rate and
its associations with age, sex, sleep, BMI, and time of year: retrospective, longitudinal cohort study of 92,457 adults. PLoS
One 2020;15(2):€0227709 [ FREE Full text] [doi: 10.1371/journal.pone.0227709] [Medline: 32023264

Fritz G. Dale Dubin: Rapid interpretation of EKG's. 6th edition. Cover Publishing Company/2000. Tampa, Fla., USA.
388 pp. Intens Care Med 2001 Oct 30;27(11):1832. [doi: 10.1007/s001340101100]

QuintanaDS. Statistical considerationsfor reporting and planning heart rate variability case-control studies. Psychophysiology
2017 Mar;54(3):344-349. [doi: 10.1111/psyp.12798] [Medline: 27914167]

Bishop CM. Pattern recoginiton and machine learning. In: Information Science and Statistics. New York: Springer;
2006:32-33.

RobertsDR, Bahn V, Ciuti S, Boyce M S, Elith J, Guillera-ArroitaG, et al. Cross-validation strategies for datawith temporal,
spatial, hierarchical, or phylogenetic structure. Ecography 2017 Mar 03;40(8):913-929. [doi: 10.1111/ecog.02881]
ChawlaNV, Bowyer KW, Hall LO, Kegelmeyer WP. SMOTE: Synthetic Minority Over-sampling Technique. J Artif Intell
Res 2002 Jun 01;16:321-357. [doi: 10.1613/jair.953]

Moody GB, Mark RG. Theimpact of the MIT-BIH arrhythmia database. |EEE Eng Med Biol Mag 2001;20(3):45-50. [doi:
10.1109/51.932724] [Medline: 11446209]

Balki I, Amirabadi A, Levman J, Martel AL, Emersic Z, Meden B, et al. Sample-size determination methodol ogies for
machine learning in medical imaging research: a systematic review. Can Assoc Radiol J2019 Nov 29;70(4):344-353. [doi:
10.1016/j.carj.2019.06.002] [Medline: 31522841]

Richter AN, Khoshgoftaar TM. Sample size determination for biomedical big data with limited labels. Netw Model Anal
Health Inform Bioinforma 2020 Jan 11;9(1):1-13. [doi: 10.1007/s13721-020-0218-0]

Cheng L, Varshney KR, Liu H. Socially responsible ai algorithms: issues, purposes, and challenges. JArtif Intell Res 2021
Aug 28;71:1137-1181. [doi: 10.1613/jair.1.12814]

TranV, Riveros C, Ravaud P. Patients views of wearable devicesand Al in healthcare: findings from the ComPaRe e-cohort.
NPJ Digit Med 2019 Jun 14;2(1):53 [FREE Full text] [doi: 10.1038/s41746-019-0132-y] [Medline: 31304399]

Vokinger KN, Feuerriegel S, Kesselheim AS. Mitigating bias in machine learning for medicine. Commun Med (London)
2021 Aug 23;1(1):25. [doi: 10.1038/s43856-021-00028-w] [Medline: 34522916]

Parikh RB, Teeple S, Navathe AS. Addressing bias in artificial intelligence in health care. JAm Med Assoc 2019 Dec
24,322(24):2377-2378. [doi: 10.1001/jama.2019.18058] [Medline: 31755905]

Chen J, Dong H, Wang X, Feng F, Wang M, He X. Bias and debiasin recommender system: a survey and future directions.
arXiv. 2020. URL: http://arxiv.org/abs/2010.03240 [accessed 2022-01-05]

Liu X, FaesL, Kale AU, Wagner SK, Fu DJ, Bruynseels A, et al. A comparison of deep learning performance against
health-care professional s in detecting diseases from medical imaging: a systematic review and meta-analysis. Lancet Digit
Health 2019 Oct;1(6):271-297. [doi: 10.1016/s2589-7500(19)30123-2]

van Doorn WP, Stassen PM, Borggreve HF, Schalkwijk MJ, Stoffers J, Bekers O, et a. A comparison of machine learning
models versus clinical evaluation for mortality prediction in patients with sepsis. PL0oS One 2021 Jan 19;16(1):e0245157
[EREE Full text] [doi: 10.1371/journal.pone.0245157] [Medline: 33465096]

Di levaA. Al-augmented multidisciplinary teams: hype or hope? Lancet 2019 Nov;394(10211):1801. [doi:
10.1016/s0140-6736(19)32626-1]

Abbreviations

Al: artificial intelligence

ECG: electrocardiogram

PPG: photoplethysmogram

PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses
TRL: technology readiness level

https://medinform.jmir.org/2022/1/€29434 JMIR Med Inform 2022 | vol. 10 | iss. 1| e29434 | p. 15

(page number not for citation purposes)


http://dx.doi.org/10.1016/j.jelectrocard.2018.08.008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30122456&dopt=Abstract
http://dx.doi.org/10.1109/ACCESS.2020.2964749
http://dx.doi.org/10.1016/j.neucom.2018.06.068
http://dx.doi.org/10.3390/app9040702
https://dx.plos.org/10.1371/journal.pone.0227709
http://dx.doi.org/10.1371/journal.pone.0227709
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32023264&dopt=Abstract
http://dx.doi.org/10.1007/s001340101100
http://dx.doi.org/10.1111/psyp.12798
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27914167&dopt=Abstract
http://dx.doi.org/10.1111/ecog.02881
http://dx.doi.org/10.1613/jair.953
http://dx.doi.org/10.1109/51.932724
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11446209&dopt=Abstract
http://dx.doi.org/10.1016/j.carj.2019.06.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31522841&dopt=Abstract
http://dx.doi.org/10.1007/s13721-020-0218-0
http://dx.doi.org/10.1613/jair.1.12814
https://doi.org/10.1038/s41746-019-0132-y
http://dx.doi.org/10.1038/s41746-019-0132-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31304399&dopt=Abstract
http://dx.doi.org/10.1038/s43856-021-00028-w
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34522916&dopt=Abstract
http://dx.doi.org/10.1001/jama.2019.18058
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31755905&dopt=Abstract
http://arxiv.org/abs/2010.03240
http://dx.doi.org/10.1016/s2589-7500(19)30123-2
https://dx.plos.org/10.1371/journal.pone.0245157
http://dx.doi.org/10.1371/journal.pone.0245157
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33465096&dopt=Abstract
http://dx.doi.org/10.1016/s0140-6736(19)32626-1
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Naseri Jahfari et al

Edited by C Lovis; submitted 02.07.21; peer-reviewed by HL Tam, B Merid; comments to author 06.11.21; revised version received
22.11.21; accepted 04.12.21; published 19.01.22

Please cite as.

Naseri Jahfari A, Tax D, Reinders M, van der Bilt |

Machine Learning for Cardiovascular Outcomes From Wearable Data: Systematic Review From a Technology Readiness Level Point
of View

JMIR Med Inform 2022;10(1):€29434

URL: https.//medinform.jmir.org/2022/1/€29434

doi: 10.2196/29434

PMID:

©Arman Naseri Jahfari, David Tax, Marcel Reinders, Ivo van der Bilt. Originaly published in IMIR Medical Informatics
(https.//medinform.jmir.org), 19.01.2022. This is an open-access article distributed under the terms of the Creative Commons
Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction
in any medium, provided the original work, first published in IMIR Medical Informatics, is properly cited. The complete
bibliographic information, alink to the original publication on https.//medinform.jmir.org/, as well as this copyright and license
information must be included.

https://medinform.jmir.org/2022/1/€29434 JMIR Med Inform 2022 | vol. 10 | iss. 1| e29434 | p. 16
(page number not for citation purposes)

RenderX


https://medinform.jmir.org/2022/1/e29434
http://dx.doi.org/10.2196/29434
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

