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Abstract
Background: The prevalence of atrial fibrillation (AFib) continues to increase globally, 
posing a significant risk for serious cardiovascular complications, such as ischemic 
stroke and thromboembolism. Smartwatch single-lead electrocardiogram (ECG) can 
be a practical and accurate early detection tool for AFib.
Objective: The aim of this study was to fill the research gap in evaluating the accuracy 
and interpretability of smartwatch ECG for early AFib detection.
Methods: Data derived from indexed literature in the Scopus, Scilit, PubMed, 
Google Scholar, Web of Science, IEEE, and Cochrane Library databases (as of June 
1, 2024) were systematically screened and extracted. The quantitative synthesis 
was performed using a two-level mixed-effects logistic regression model, as well as 
a proportional analysis with Freeman-Tukey double transformation on a restricted 
maximum-likelihood model.
Results: The sensitivity and specificity of smartwatch ECG in algorithmic readings 
were 86% and 94%, respectively. In manual readings, the sensitivity and specificity 
reached 96% and 95%, respectively. In a brand-specific subgroup analysis, the algo-
rithmic reading reached a summary area under the curve (sAUC) of 96%, while an-
other brand achieved the highest sAUC of 98% in manual reading. The level of manual 
interpretability was relatively high with Cohen's Kappa of 0.83, but 3% of ECG results 
were difficult to read manually.
Conclusion: This study shows that smartwatch ECG is able to detect AFib with high 
accuracy, especially through manual reading by trained medical personnel.
PROSPERO Registration: CRD42024548537 (May 29, 2024).
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1  |  INTRODUC TION

In 2022, a global burden of cardiovascular disease study revealed 
that the Age-Standardized Mortality Rate (ASMR) for cardiovascu-
lar diseases reached 73.6 per 100,000 in high-income Asia Pacific 
countries.1 Among various cardiovascular diseases, atrial fibrillation 
(AFib) and flutter have a global prevalence of 637.5 per 100,000 
with a mortality rate of 4.5%.1 The global prevalence of atrial fibrilla-
tion is projected to increase by over 60% by the year 2050 compared 
to the 2017 estimates.2

While 12-lead electrocardiograms (ECGs) remain the gold 
standard for diagnosing AFib because of their comprehensive 
signal coverage,3 their use is typically limited to clinical settings. 
Acquiring a 12-lead ECG requires proper electrode placement on 
specific anatomical landmarks, which must be done by trained 
professionals. In a recent usability study, clinicians experienced 
in ECG acquisition took an average of 3.1 minutes to complete a 
12-lead ECG using a handheld device.4 In contrast, smartwatch-
based single-lead ECGs can be recorded within seconds by users 
themselves, without requiring clinical expertise or electrode 
placement.5–7 This ease of use, coupled with growing accessibil-
ity, makes smartwatch ECGs a promising tool for widespread AFib 
screening and early detection, especially in community or remote 
settings.

As compared to a sole photoplethysmography, single-lead 
ECG in smartwatch is considered more informative because it can 
be clinically validated by trained medical personnel.7,8 The ECG 
generated on the smartwatch can be interpreted by cardiologists 
with an accuracy level that may reach 100%,8 but the ability of the 
interpreters may vary depending on their experience and knowl-
edge.6,9 Several previous meta-analyses have also concluded the 
accuracy of smartwatch ECG.10,11 To the best of our knowledge, 
there was no meta-analysis that has assessed the interpretability 
of smartwatch ECG in detecting AFib. Previous studies are also 
lacking comparative analysis on different smartwatch brands.12 
Therefore, this study aims to compare the diagnostic capabili-
ties of smartwatch-based ECG, automatically by algorithms and 
manually by trained medical personnel, as well as to assess the 
interpretability.

2  |  METHODS

2.1  |  Study design and protocol registration

The study used systematic review followed by meta-analysis to 
calculate the pooled estimate of sensitivity, specificity, and sum-
mary of area under the curve (sAUC) as indicators for diagnostic 
accuracy. Secondly, the study sought to estimate the interpretabil-
ity of the smartwatch ECG by performing proportion meta-analysis 
on uncertain results, nonreadable ECG, and inter-rater kappa. The 
reporting of the results followed the Preferred Reporting Items for 
Systematic Reviews and Meta-Analysis protocol (Checklist S1 and 

Checklist S2). The protocol had been registered on PROSPERO 
with registration number: CRD42024548537 as of May 29, 2024.

2.2  |  Eligibility criteria

Studies were included if they met the following criteria: (1) 
Diagnostic studies, observational studies, and randomized 
controlled trials (RCTs); (2) Study population consists of AFib 
patients. AFib was diagnosed through 12-lead electrocardiogram 
readings by trained medical personnel; (3) The diagnostic tool 
used was a smartwatch-based electrocardiogram with 1 lead. 
The study must report the ECG reading by algorithms or  trained 
medical personnel; (4) The results of the algorithmic and manual 
readings were expressed as diagnostic values. Literature that did 
not report diagnostic values based on comparison with a 12-lead 
ECG was excluded.

2.3  |  Search method

Literature search was conducted on Scopus, Scilit, PubMed, Google 
Scholar, Web of Science, IEEE, and Cochrane Library as of June 
1, 2024. The search included keywords such as “smartwatch,” 
“electrocardiogram,” and “atrial fibrillation,” which were expanded 
using synonyms or other equivalent terms. The keywords were then 
combined using the Boolean operators “AND” and “OR.” MeSH 
(Medical Subject Headings) terms were used in PubMed and PMC, 
while truncated keywords using (*) were applied in Scopus. The 
combination of keywords is presented in Table  S1. No minimum 
publication year or language restrictions were applied for the 
literature search. Articles reported in languages other than English 
and Indonesian Language were excluded.

2.4  |  Screening and selection

After downloading, citation data were imported into Rayyan.ai for 
screening and selection. The software algorithmically identified 
and removed duplicate records using its built-in duplication detec-
tion algorithm. Three independent review authors (M.I., A.M.T.S., 
and M.A.) then screened titles and abstracts for relevance to the 
research question. Full-text assessments were conducted based 
on predefined inclusion and exclusion criteria. Any discrepancies 
in the screening and selection process were resolved through 
consensus.

2.5  |  Data extraction

Using a pre-designed extraction table, data related to the charac-
teristics of the study subjects were extracted. The data included 
sample size, average age, female-to-male ratio, average body mass 
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index (BMI), patient conditions or settings, smartwatch brand, po-
sition of smartwatch wear, and number of assessors. Data collec-
tion was performed independently by two review authors (M.I. and 
A.M.T.S.). Any inconsistencies in the extracted data were resolved 
by re-examining the literature and engaging in discussions until con-
sensus was reached.

2.6  |  Quality assessment

To determine the quality of the included studies, we used Quality 
Assessment of Diagnostic Accuracy Studies (QUADAS)-2.13 This 
assessment tool consists of four domains: “patient selection,” “index 
test,” “reference standard,” and “flow and timing.” The results were 
presented in a “traffic light” diagram, which indicates the quality 
level as “low risk,” “uncertain,” or “high risk” for each item. The 
visualization of the “traffic light” diagram was carried out on Review 
Manager 5.4.

2.7  |  Diagnostic meta-analysis

Diagnostic meta-analysis was performed using the “midas” package 
in STATA version 17. The diagnostic values of FP, FN, TN, and TP 
were analyzed using Spearman's correlation to determine the 
threshold effect based on the relationship between sensitivity and 
specificity. A data group is considered to have a threshold effect if 
the Spearman's correlation yields a p-value <0.05. The specificity and 
sensitivity of the pooled analysis were conducted using a two-level 
mixed-effect logistic regression model. Subsequently, a summary 
ROC (sROC) curve was constructed to determine the summary area 
under the curve (sAUC). The smarwatch was considered to have high 
and very high accuracy if the sAUC value reaches >80%–90% and 
90%–100%, respectively.14

2.8  |  Proportion meta-analysis

Meta-analysis was performed using RStudio 2024.04.2 Build 
764 with the “meta” package. Similar to the previous analysis, 
data heterogeneity was determined based on an I2 value >50% 
and p-Het <0.1. The restricted maximum-likelihood model and 
Freeman-Tukey double arcsine transformation (FTT) were used 
to obtain the overall proportion. The estimated values were then 
multiplied by 100% to calculate the relative proportions. For the 
kappa (κ) coefficient, transformation using Fisher's Z and variance 
calculation were performed prior to the meta-analysis. Both pooled 
proportion estimates and κ coefficient were then transformed 
back to their original values. Publication bias was assessed using 
Egger's and Begg's funnel plot correlation tests. Moderator effect 
analysis was conducted by examining the Z-value and p-value 
(significant if p < 0.05). This procedure was adopted from previous 
studies.15

2.9  |  Outlier identification and subgroup analysis

Outlier identification was performed through Cook's distance 
analysis, determined based on the formula 4/n (where n is the 
number of studies in the pooled analysis). Subgroup analyses were 
conducted based on study year, study location, age, BMI, female-
to-male ratio, smartwatch brand, number of assessors, smartwatch 
wearing location, and number of assessors.

3  |  RESULTS

3.1  |  Literature selection

A literature search across eight different databases yielded 5425 
records, of which 2447 were duplicates and were subsequently 
removed. Similarly, the search of clinical trial registries identified 
65 trials, but their results were not reported, leading to their 
exclusion from the screening process. In the next stage, 2913 
records were screened for relevance based on title and abstract, 
leaving 96 studies for full-text assessment. A total of 83 studies 
were excluded for various reasons, which are detailed in 
Table S2. A manual search was then conducted by screening the 
reference lists of eligible studies and utilizing Connected Papers 
for additional sources. Among the 37 studies deemed relevant, 
all were accessible in full text. Screening based on inclusion and 
exclusion criteria determined that 33 of these 37 studies did not 
meet the eligibility criteria for inclusion in the review, with full 
details available in Table S3.

Both keyword-based and manual searches identified several ar-
ticles that nearly met the eligibility criteria but were ultimately ex-
cluded after discussion. Two studies were excluded because they did 
not report atrial fibrillation (AFib) cases separately from atrial flutter 
cases.16,17 Another study utilized the Apple Watch but relied solely 
on the photoplethysmography (PPG) sensor without performing an 
electrocardiogram (ECG) analysis.18 Several studies were excluded 
because they conducted qualitative observational research without 
assessing diagnostic accuracy in AFib detection.19–21 Others pro-
vided only theoretical reviews on smartwatch use.22,23 The screen-
ing and selection process identified 18 studies that met the criteria 
for inclusion in the qualitative and quantitative synthesis.5–9,24–36 
The summary of the literature selection process is presented in 
Figure 1.

3.2  |  Characteristics of the included studies

The characteristics of the studies and research subjects have been 
summarized and presented in Table 1. Among 18 studies included 
in this review, only six were cohort studies,7,25,31–33,36 while the 
remaining studies were cross-sectional in design.5,6,8,9,24,26–30,34,35 
These studies were conducted in various countries, including 
France (n = 5), the Netherlands (n = 3), Switzerland (n = 2), Australia 
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(n = 2), China (n = 2), Canada (n = 1), Portugal (n = 1), Norway (n = 1), 
and Turkey (n = 1). In all studies, the number of patients with atrial 
fibrillation (AFib) was smaller than the control group, except for 
one study.9 The proportion of male patients was higher than that 
of female patients across all studies, with the mean age ranging 
from 40 ± 16.6 years33 to 76 ± 7 years.28 Among the studies that 
reported body mass index (BMI), the average BMI values fell be-
tween >25 kg/m2 and <30 kg/m2.25,28–30,37 Some studies recruited 
both hospitalized and outpatient participants, including individu-
als with or without cardiac complaints or a history of heart disease.

3.3  |  Quality of the included studies

The quality of the studies based on the QUADAS-2 is presented 
in Figure 2. Five studies were categorized as “high risk” in patient 
selection, 7 were rated as unclear, and 6 others had a low risk. The 
high risk in the patient selection domain was attributed to recruiting 
patients other than those diagnosed with AFib. In the reference 
standard domain, several studies used only one assessor, which 
led to them being categorized as high risk.31,32,37,38 Another high-
risk study did not report the experience of the medical personnel 
in interpreting ECGs.27 Based on their applicability to address the 
research question in this systematic review, these studies were 

categorized as “unclear” in the reference standard assessment. This 
is because, even if the assessment were carried out accurately by a 
single reviewer, it would not significantly impact the results of the 
meta-analysis. Regarding the flow and timing, only one study failed 
to report the exact time interval.27

3.4  |  Pooled diagnostic values based on algorithmic 
reading

The forest plot for the sensitivity and specificity of smartwatch ECG 
in detecting AFib based on the algorithm is presented in Figure S1. 
The estimated results show that the sensitivity of algorithmic smart-
watch ECG reading is 86% (95% CI: 80%–91%). For specificity, the 
value reaches 94% (95% CI: 89%–97%). Based on the heterogene-
ity analysis, the I2 values for the sensitivity and specificity estimates 
were 93.29% and 95.78%, respectively. This indicates that the het-
erogeneity in the sensitivity and specificity meta-analysis cannot be 
ignored.

The sensitivity and specificity values were then used to con-
struct the sROC curve, which is presented in Figure S2. The sAUC 
for the algorithmic ECG reading reached 95% (95% CI: 93%–97%). 
The analysis continued with the construction of a modifying proba-
bility plot, shown in Figure S3. The area under the curve for positive 

F I G U R E  1 PRISMA Flow Diagram for Literature Searching and Selection Process.



    |  5 of 13IQHRAMMULLAH et al.

TA
B

LE
 1
 
C
ha
ra
ct
er
is
tic
s 
of
 s
tu
di
es
 re
po
rt
in
g 
th
e 
di
ag
no
st
ic
 p
er
fo
rm
an
ce
 o
f s
m
ar
tw
at
ch
 E
CG
.

A
ut

ho
r, 

ye
ar

St
ud

y 
de

si
gn

Co
un

tr
y

Pa
tie

nt
, n

Ba
se

lin
e 

ch
ar

ac
te

ris
tic

s

Pa
tie

nt
's 

st
at

us
/c

on
di

tio
n

A
Fi

b
N

on
-A

Fi
b

G
en

de
r, 

fe
m

al
e:

M
al

e
A

ge
, m

ea
n ±

 S
D

BM
I, 

m
ea

n ±
 S

D

Pl
ou

x 
et

 a
l.,

 2
02

224
C
ro
ss
-s
ec
tio
na
l

Fr
an

ce
49

21
1

10
9/

15
1

66
 ±
 6

N
R

In
pa

tie
nt

/o
ut

pa
tie

nt
s

A
bu
-A
lru
b 
et
 a
l.,
 2
02
26

C
ro
ss
-s
ec
tio
na
l

C
an

ad
a

10
0

10
0

78
/1

12
62
 ±
 7

N
R

Po
st
 a
bl
at
io
n

M
an

nh
ar

t e
t a

l.,
 2

02
325

C
oh

or
t

Sw
itz
er
la
nd

13
6

29
46
/1
19

65
.9
 ±
 1
3.
1

26
.8
 ±
 4
.4

Pl
an
ne
d 
fo
r a
bl
at
io
n

Ra
ci

ne
 e

t a
l.,

 2
02

29
C
ro
ss
-s
ec
tio
na
l

Fr
an

ce
15

4
58

0
30
8/
42
6

66
 ±
 N
R

N
R

N
R

Pe
ng

el
 e

t a
l.,

 2
02

32
6

C
ro
ss
-s
ec
tio
na
l

N
et
he
rla
nd
s

6
17

0
81

/9
5

40
 ±
 1
6.
6

N
R

C
or

on
ar

y 
ar

te
ry

 d
is

ea
se

Pe
pp

lin
kh

ui
ze

n 
et

 a
l.,

 2
02

227
C
ro
ss
-s
ec
tio
na
l

N
et
he
rla
nd
s

65
64

15
/1

14
67
.1
6 

±
 1
2.
3

28
.1
 ±
 6

Pl
an

ne
d 

fo
r c

ar
di

ov
er

si
on

Ra
ja

ka
ria

r e
t a

l.,
 2

02
07

C
oh

or
t

A
us
tr
al
ia

38
16
2

58
/1

42
66
.3
 ±
 1
6.
7

N
R

U
ni

ve
rs

ity
 s

tu
de

nt

Ba
de
rt
sc
he
r e
t a
l.,
 2
02
28

C
ro
ss
-s
ec
tio
na
l

Sw
itz
er
la
nd

34
28

5
15
3/
16
6

66
.9
 ±
 3
.8

N
R

In
pa

tie
nt

 o
f c

ar
di

ol
og

y 
de

pa
rt

m
en

t

Fo
rd

 e
t a

l.,
 2

02
228

C
ro
ss
-s
ec
tio
na
l

A
us
tr
al
ia

22
10

3
63
/6
2

76
 ±
 7

29
 ±
 6

O
ut

pa
tie

nt
 o

f c
ar

di
ol

og
y 

de
pa

rt
m

en
t

C
am

po
 e

t a
l.,

 2
02

229
C
ro
ss
-s
ec
tio
na
l

Fr
an

ce
10

0
16
2

10
2/
16
0

67
.7
 ±
 1
4.
8

27
.5
 ±
 5
.7

In
pa

tie
nt

/O
ut

pa
tie

nt
 w

ith
ou

t h
ea

rt
 

im
pl

an
t

C
he

n 
et

 a
l.,

 2
02

030
C
ro
ss
-s
ec
tio
na
l

C
hi

na
15

0
25

1
19

7/
20

4
63
.4
 ±
 1
4.
7

25
.5
 ±
 3
.8

In
pa

tie
nt

/O
ut

pa
tie

nt

C
un

ha
 e

t a
l.,

 2
02

031
C

oh
or

t
Po

rt
ug

al
45

16
0

N
R

N
R

N
R

Va
rio

us
 s

et
tin

gs

M
ül

le
r e

t a
l.,

 2
02

432
C

oh
or

t
N
or
w
eg
ia

18
75

20
/7

3
68
 ±
 9.
9

N
R

H
is
to
ry
 o
f h
ea
rt
 v
al
ve
 s
ur
ge
ry

Pa
sl
ı e
t a
l.,
 2
02
433

C
oh

or
t

Tu
rk

ey
18

0
54

1
33

2/
38

9
65
 ±
 1
6.
3

N
R

Em
er

ge
nc

y 
un

it

C
ai

llo
l e

t a
l.,

 2
02

15
C
ro
ss
-s
ec
tio
na
l

Fr
an

ce
49

20
7

95
/1

31
66
 ±
 6

N
R

Em
er

ge
nc

y 
un

it

Ve
lra

ed
s 

et
 a

l.,
 2

02
334

C
ro
ss
-s
ec
tio
na
l

Fr
an

ce
15

4
56
9

N
R

N
R

N
R

In
pa

tie
nt

 o
f c

ar
di

ol
og

y 
de

pa
rt

m
en

t

Sc
ho
lte
n 
et
 a
l.,
 2
02
235

C
ro
ss
-s
ec
tio
na
l

N
et
he
rla
nd
s

99
12

1
77

/1
43

70
 ±
 1
0

N
R

H
is
to
ry
 o
f c
ar
di
ov
er
si
on

N
iu
 e
t a
l.,
 2
02
33
6

C
oh

or
t

C
hi

na
12

9
49

9
28
2/
34
6

63
.8
 ±
 1
2.
1

N
R

In
pa

tie
nt

 w
ith

ou
t h

ea
rt

 im
pl

an
t

A
bb
re
vi
at
io
n:
 N
R,
 n
ot
 re
po
rt
ed
.



6 of 13  |     IQHRAMMULLAH et al.

results being larger than the area under the curve for negative test 
results indicates that the test has a stronger predictive power for 
detecting a positive condition. The NPV (Negative Predictive Value) 
and PPV (Positive Predictive Value) for the collective estimates of 
algorithmic smartwatch ECG reading were 86% (95% CI: 83%–89%) 
and 93% (95% CI: 90%–96%), respectively.

3.5  |  Pooled diagnostic values based on manual 
reading

In the manual reading, it was found that the sensitivity of the 
combined estimate was 96% (95% CI: 94%–97%) (Figure S4). For 

the specificity of the manual ECG reading, the value reached 95% 
(95% CI: 92%–96%). The I2 analysis indicated high heterogeneity 
for both sensitivity (I2 = 75.42% [95% CI: 65.29%–85.56%]) and 
specificity (I2 = 82.91% [95% CI: 75.07%–88.78%]). The sensitivity 
and specificity values were then used to construct the sROC curve 
for identifying AFib through manual ECG reading from the smart-
watch (Figure S5). The sAUC value reached 95% (95% CI: 93%–
97%). Meanwhile, the modifying probability plot for the manual 
reading is presented in Figure S6. Unlike the algorithmic reading, 
the manual reading exhibits a relatively equal area between the 
curve for positive and negative test results. This indicates that 
manual ECG reading from the smartwatch shows a high degree of 
concordance with the 12-lead ECG in identifying both positive and 

F I G U R E  2 The quality of the studies based on the QUADAS is shown in the detailed “traffic light” plot (A) and the summative plot (B).
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negative results. The PPV was 95% (95% CI: 93%–97%), with NPV 
of 94% (95% CI: 92%–96%).

3.6  |  Comparison of smartwatch brands

The comparison of diagnostic performance between smartwatch 
brands based on algorithmic reading is presented in Figure  3. 
According to the combined estimates, the sensitivity and specificity 
of the Apple Watch ECG are 84% (95% CI: 73%–91%) and 95% (95% 
CI: 80%–99%), respectively. The heterogeneity analysis shows I2 val-
ues for sensitivity and specificity of 92.54% and 96.9%, respectively. 
In the sROC analysis, the sAUC for Apple Watch reached 94% (95% 
CI: 91%–95%). The sensitivity and specificity values for Withings 
Scanwatch were similar, with 85% (95% CI: 69%–94%; I2 = 91.93%) 
and 95% (95% CI: 88%–98%; I2 = 92.07%), respectively. For sAUC, 
Withings Scanwatch (96% [95% CI: 94%–98%]) performed better 
than the Apple Watch. In the pooled analysis of other brands, such 
as the Samsung Galaxy Watch, Fitbit Sense, KardiaBand, Amazfit, 
and Huawei Watch, a higher sensitivity of 90% (95% CI: 81%–95%; 

I2 = 95.18%) was found. As for specificity, the values were similar to 
those of the Apple Watch and Withings Scanwatch, at 94% (95% CI: 
83%–98%; I2 = 94.11%). The sAUC for this group was comparable to 
that of the Withings Scanwatch, reaching 96% (95% CI: 94%–98%).

In manual reading, all three groups had sensitivity and speci-
ficity values greater than 90% (Figure 3). The sensitivity and spec-
ificity for the Apple Watch ECG in manual reading were 94% (95% 
CI: 90%–97%) and 95% (95% CI: 91%–97%), with an sAUC value of 
98% (95% CI: 97%–99%). The I2 values for sensitivity and specificity 
were 82.74% and 88.59%. Diagnostic performance analysis of the 
Withings Scanwatch in manual reading shows sensitivity and speci-
ficity were 95% (95% CI: 92%–98%) and 93% (95% CI: 91%–94%). This 
group showed significant heterogeneity for sensitivity (I2 = 62.22%), 
but no significant heterogeneity for specificity (I2 = 0.00%). The 
sAUC for manual reading of the Withings Scanwatch was 95% (95% 
CI: 93%–97%). For the combined analysis of other brands, sensitiv-
ity and specificity were 96% (95% CI: 94%–97%) and 96% (95% CI: 
93%–97%). The sAUC was 97% (95% CI: 95%–98%). There was no 
significant heterogeneity for sensitivity in this group (I2 = 0.00%), but 
significant heterogeneity was observed for specificity (I2 = 76.09%).

F I G U R E  3 Diagnostic accuracies of different smartwatch brands based on algorithmic and manual readings.
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3.7  |  Results from meta-regression

The identification of sources of heterogeneity or significant covari-
ates in detecting AFib through algorithmic reading was performed 
using meta-regression, with the results summarized in Table 2. The 
analysis found that heterogeneity in sensitivity estimates was in-
fluenced by several factors, including the year of study (p < 0.01), 
study design (p = 0.01), study location (p = 0.03), smartwatch 
brand (p = 0.01), and the position of smartwatch usage (p = 0.01). 
For specificity, heterogeneity was associated with the year of 
study (p < 0.01), study design (p < 0.01), and the position of smart-
watch usage (p = 0.01). Stratification by study location (I2 = 0%; 
p-Het = 0.98) and the position of smartwatch usage (I2 = 0%; p-
Het = 0.38) showed that the heterogeneity in these groups could 
be disregarded.

The meta-regression results for diagnostic performance of AFib 
through manual reading of smartwatch ECG are presented in Table 3. 
Regarding sensitivity, the sources of heterogeneity were found to 
be associated with the year of study, study design, location, brand, 
usage position, and number of assessors (p < 0.01 for each covari-
ate). For specificity, heterogeneity sources were suspected to arise 
from study design (p = 0.02), study location (p < 0.01), smartwatch 
brand (p < 0.01), smartwatch usage position (p < 0.01), and number of 
assessors (p < 0.01). Nonheterogeneous data groups were success-
fully obtained based on stratification using study location (I2 = 0%; 

p-Het: 0.5), smartwatch brand (I2 = 24%; p-Het: 0.27), usage position 
(I2 = 0%; p-Het: 0.59), and gender (I2 = 0%; p-Het >0.99).

3.8  |  “Uncertain” reading in algorithmic 
classification of

The percentage of inconclusive results from the algorithmic detec-
tion of AFib using the smartwatch ECG was found to be 15% (95% 
CI: 11%–20%) (Figure  S7). Cook's distance analysis identified Niu 
et  al. (2023) as an outlier (<0.19). The estimation was then recal-
culated after excluding Niu et al. (2023), and the results are shown 
in Figure  S8. The percentage of inconclusive results increased to 
17% (95% CI: 14%–20%). When subgroup analysis was performed 
based on the brand of smartwatch, the rate of inconclusive results 
was found to be 20% (95% CI: 15%–25%), 16% (95% CI: 11%–22%), 
and 14% (95% CI: 9%–20%) for Apple Watch, Withings Scanwatch, 
and others (Samsung Galaxy Watch, Amazfit, KardiaBand, and Fitbit 
Sense), respectively (Figure S9).

The Apple Watch algorithm is unable to read the ECG results 
when the heart rate (HR) is >150 bpm or <50 bpm. On the Samsung 
Galaxy Watch, inconclusive results are observed when the patient's 
HR is <50 bpm or >120 bpm. Meanwhile, Withings Scanwatch uses 
HR <50 bpm or >100 bpm as criteria to exclude the algorithmic read-
ing. Other contributing factors include poor recording quality, noise, 

TA B L E  2 Results of the meta-regression for algorithmic detection of AFib based on smartwatch ECG.

Variable Data, n

Diagnostic performance Heterogenity

Sensitivity (95% CI) p-value Specificity (95% CI) p-value I2 (%) p-Het

Year of study

≥2023 7 0.77 (0.65–0.90) Ref. 0.78 (0.60–0.95) Ref. 80 0.01

<2023 18 0.88 (0.83–0.93) <0.01 0.96 (0.93–0.98) <0.01

Study design

Cohort 8 0.82 (0.72–0.93) Ref. 0.84 (0.71–0.98) Ref. 55 0.11

Cross-sectional 17 0.87 (0.81–0.92) 0.01 0.96 (0.89–0.99) <0.01

Study location

Europe 18 0.85 (0.79–0.89) Ref. 0.94 (0.89–0.98) Ref. 0 0.98

Non-Europe 7 0.86 (0.77–0.95) 0.03 0.93 (0.86–1.00) 0.26

Brand

Apple 12 0.84 (0.75–0.93) Ref. 0.94 (0.88–1.00) Ref. 0.90 <0.01

Non-Apple 13 0.86 (0.75–0.90) 0.01 0.93 (0.88–0.98) 0.32

Position

Left Wrist 13 0.83 (0.74–0.91) Ref. 0.91 (0.84–0.98) Ref. 0 0.38

Others 12 0.88 (0.82–0.94) <0.01 0.95 (0.92–0.99) 0.01

Number of Assessors

Two assessors 19 0.87 (0.82–0.92) Ref. 0.93 (0.88–0.98) Ref. 90 <0.01

One assessor 5 0.82 (0.71–0.94) 0.19 0.96 (0.92–1.00) 0.11

Gender 25 0.75 (0.30–0.95) 0.52 0.99 (0.93–1.00) 0.06 94 <0.01

Age 25 0.85 (0.78–0.90) 0.91 0.94 (0.88–0.97) 0.99 94 <0.01

BMI 25 0.80 (0.64–0.90) 0.99 0.97 (0.86–1.00) 0.60 99 <0.01
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and the presence of artifacts, which can lead to changes in the QRS 
complex.

3.9  |  Manual interpretability of smartwatch ECG

The rate of results that are difficult or impossible to interpret manu-
ally was found to be 5% (95% CI: 2%–9%) (Figure S10). However, in the 
combined estimate, an outlier was identified from Abu-Alrub et al., 
20226 with a Cook's distance >0.31. After excluding this value, the 
combined rate was found to be 3% (95% CI: 1%–6%) (Figure S11). A 
comparison between Apple Watch and Withings Scanwatch is pre-
sented in Figure S12. The rate of ECGs that could not be manually in-
terpreted for Apple Watch (6% [95% CI: 4%–9%]) was higher compared 
to Withings Scanwatch (2% [95% CI: 0%–6%]). For the interpretability 
of manual readings, Cohen's Kappa (κ) values were used. The analysis 
revealed a κ value of 0.83 (95% CI: 0.73–0.90) (Figure S13). The Cook's 
distance for each study did not exceed the threshold (<0.4). Difficult 
or unreadable manual readings were because of several reasons such 
as noise, motion artefacts, and baseline wanders (Table S4).

3.10  |  Publication bias

Publication bias in the diagnostic accuracy meta-analysis can be 
seen in Figure S14. Based on the asymmetry test, publication bias 

was found in the analysis for manual smartwatch ECG readings 
(p = 0.04). For the analysis of the interpretability parameters of the 
smartwatch ECG, publication bias identification was performed 
based on the funnel plot (Figure S15). Based on Egger's correlation, 
significant publication bias was observed in the pooled proportion 
estimates for algorithmic reading with p-Egg = 0.014.

4  |  DISCUSSION

The present meta-analysis provides novel insights into the diag-
nostic performance and interpretability of smartwatch-based 
ECGs for AFib detection. The findings confirm that these devices 
offer high diagnostic accuracy, particularly when ECGs are in-
terpreted manually by trained personnel. Clinically, smartwatch 
ECGs may help identify AFib in patients with intermittent symp-
toms, supporting earlier diagnosis and timely intervention. From a 
public health perspective, their ease of use makes them suitable 
for integration into community-based screening programs, espe-
cially in settings with limited access to standard 12-lead ECGs. 
Moreover, this present study is among the first to quantify the 
proportion of unreadable or inconclusive smartwatch ECGs, pro-
viding a benchmark for future algorithm improvements and device 
enhancements. This information is valuable for both clinicians and 
developers, especially when aiming for large-scale or unsuper-
vised use of this technology.

TA B L E  3 Results of the meta-regression for manual detection of AFib based on smartwatch ECG.

Variable Data, n

Diagnostic performance Heterogenity

Sensitivitity (95% CI) p-value Spesificity (95% CI) p-value I2 (%) p-Het

Year of study

≥2023 7 0.96 (0.94–0.99) Ref. 0.98 (0.97–1.00) Ref. 80 0.01

<2023 18 0.95 (0.93–0.97) <0.01 0.93 (0.91–0.95) 0.27

Study design

Cohort 8 0.96 (0.94–0.99) Ref. 0.97 (0.95–0.99) Ref. 62 0.07

Cross-Sectional 17 0.95 (0.93–0.97) <0.01 0.93 (0.91–0.96) 0.02

Study location

Europe 18 0.96 (0.94–0.98) Ref. 0.95 (0.93–0.97) Ref. 0 0.5

Non-Europe 7 0.94 (0.91–0.98) <0.01 0.93 (0.89–0.97) <0.01

Merek

Apple 12 0.94 (0.91–0.97) Ref. 0.95 (0.92–0.97) Ref. 24 0.27

Non-Apple 13 0.97 (0.95–0.99) <0.01 0.95 (0.92–0.97) <0.01

Position

Left wrist 13 0.96 (0.94–0.98) Ref. 0.94 (0.91–0.97) Ref. 0 0.59

Others 12 0.95 (0.93–0.98) <0.01 0.95 (0.93–0.98) <0.01

Number of assessors

Two assessors 19 0.96 (0.93–0.98) Ref. 0.95 (0.93–0.97) Ref. 74 0.02

One assessor 5 0.95 (0.92–0.99) <0.01 0.93 (0.88–0.98) <0.01

Gender 25 0.96 (0.79–0.99) 0.98 0.95 (0.79–0.99) 0.99 0 >0.99

Age 25 0.96 (0.94–0.97) 0.53 0.95 (0.93–0.96) 0.9 76 0.02

BMI 25 0.89 (0.82–0.94) 0.05 0.93 (0.90–0.95) 0.15 99 <0.01
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4.1  |  Diagnostic performance

The results of this study show that the smartwatch ECG has a 
sensitivity of 86% and a specificity of 94% in detecting AFib 
through digital logarithmic detection. When the smartwatch ECG 
is read manually, its sensitivity increases to 96%. The specificity 
in manual reading (95%) is not much different compared to 
algorithmic reading. The accuracy measured through sAUC shows 
a value of 95%, both for algorithmic and manual readings. The 
increase in sensitivity with manual reading aligns with several 
studies included in this systematic review.6,8,9,25,28,35,38 Compared 
to the sensitivity of algorithmic reading in this study, a meta-
analysis conducted in 2020 estimated that the sensitivity of 
smartwatches reached 94%.39 This indicates that studies in the 
following years, with different settings and populations, provide 
a clearer picture of the accuracy of these devices. Previous meta-
analyses reported that artificial intelligence algorithms can use 
both PPG and ECG data with sensitivity and specificity rates 
above 90%.11 Other meta-analyses have even shown that the 
sensitivity of smartwatches in detecting non-specific arrhythmias 
can reach 100%, with specificity and accuracy rates of 95% and 
97%, respectively.40

A previous report suggests that diagnostic values can be cate-
gorized into high, medium, and low, with ranges of >90%, 70–90%, 
and <70%, respectively.41 Thus, the algorithmic detection of AFib 
in the present study can be classified as having moderate sensitiv-
ity but high specificity. Meanwhile, in manual reading, both sensi-
tivity and specificity can be categorized as high. This indicates that 
negative results from the algorithmic smartwatch ECG reading can 
be trusted. However, positive results from the smartwatch ECG 
still require manual interpretation by a cardiologist or a compe-
tent healthcare professional. A previous study in the UK reported 
that the average time required to detect heart rhythms associated 
with symptoms decreased from 42.9 to 9.5 days.42 In line with the 
results of this study, the smartwatch ECG shows high accuracy 
when manually read, making it a significant modality for clinical 
decision-making. Previous systematic reviews have also concluded 
that the use of health monitoring devices, such as smartwatches, 
results in better healthcare outcomes.43 However, the increase in 
the number of visits and patient anxiety needs to be anticipated 
as a consequence of the risk of false-positive results. It is also 
worth noting that smartwatch ECGs are not a direct replacement 
for Holter monitors since they work by acquiring continuous ECG 
over 24–48 h or longer. Meanwhile, smartwatch ECGs rely on user-
initiated recordings.

Herein, year of the study, study location, and smartwatch brand 
are three covariates that are interconnected, particularly in terms of 
technology and digital algorithms. The study year is closely related 
to the watch brand used. For example, KardiaBand first released the 
ECG feature, but it had to be paired with the Apple Watch. Before 
2023, the ECG feature on smartwatches was generally still the first 
generation, such as the Apple Watch Series 4, which was first re-
leased in 2018, or the Samsung Galaxy Watch in 2021.44,45 In the 

first generation, the technology was generally still underdeveloped 
and required many improvements. Studies conducted in 2023 and 
beyond used more advanced technology and algorithms in detect-
ing AFib, resulting in higher sensitivity and specificity compared to 
previous years. The same applies to the location; for example, stud-
ies on the Withings Scanwatch and Apple Watch were largely domi-
nated by European countries.

Based on the meta-regression, it was found that the estimated 
diagnostic values tend to be lower in cohort studies compared to 
cross-sectional studies. This is because cohort studies generally re-
quire a longer follow-up period, which results in greater variation 
in detection outcomes because of changes in the participants' con-
ditions over time. Additionally, cohort studies involve more diverse 
settings, which may reduce sensitivity and specificity compared to 
cross-sectional studies that are usually more controlled and focused 
on a specific point in time.

The impact of the number and type of assessors on the meta-
analysis results in this study was only observed in manual readings. 
Specificity and sensitivity in studies that used one assessor were 
lower compared to studies that used two assessors. However, sen-
sitivity was observed to be lower in studies with a single assessor. 
Using more than one assessor allows for cross-checking and discus-
sion between assessors, thus reducing the likelihood of errors or 
biases in the reading. With two assessors, diagnostic decisions be-
come more accurate and verified, which enhances specificity. On the 
other hand, a single assessor tends to rely on subjective judgment 
without verification from another party, which can lead to lower 
sensitivity and an increased likelihood of false-negative results or 
other inaccuracies.

Meanwhile, the location of smartwatch usage was found to 
significantly influence the meta-analysis results, both in algorith-
mic and manual readings. The location of smartwatch usage is sus-
pected to affect the quality of the ECG generated, which in turn 
impacts the readings, whether through algorithms or manually. 
One study reported that combining ECG recordings from differ-
ent positions resulted in better diagnostic accuracy compared to 
recordings taken from the left wrist.24 Some studies also deter-
mined the placement of the smartwatch based on the dominant 
hand.7–9 Body movement and muscle contractions can generate 
additional electrical signals similar to the heart's electrical flow, 
known as interference signals or noise. When muscles contract, 
the small electrical current generated by this muscle activity can 
mix with the heart's signal, resulting in distortion in the ECG signal 
recording.

4.2  |  Interpretability

The results of the study show that 17% of the total ECGs recorded 
by the smartwatch could not be algorithmically classified as either 
AFib or sinus rhythm. In manual reading, the percentage of ECGs 
that were unreadable was 3%, with a kappa coefficient of 0.83. The 
high number of ECGs that cannot be read algorithmically may be one 
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of the reasons why the sensitivity of the device is lower compared 
to manual reading. In algorithm-based readings, AFib and non-AFib 
conditions are differentiated based on the irregularity of R-R inter-
vals and heart rate (HR). To avoid false-negative results, the algo-
rithm compensates by setting minimum and maximum HR values. 
However, this approach results in AFib cases with tachycardia and 
bradycardia being undetected or resulting in false negatives.23 In ad-
dition, to accurately determine the condition of AFib, the P-wave 
profile should also be observed over several seconds.6

Conditions such as atrial flutter with AV block, premature atrial 
contractions (PAC), and premature ventricular contractions can 
cause irregularities in the R-R interval.23 Although atrial flutter typ-
ically involves only a fast atrial rhythm without causing irregularity. 
Additionally, nonpathological conditions like sinus arrhythmia can 
cause the R-R interval to vary because of the natural response to 
breathing (the heart beats faster when inhaling and slows down 
when exhaling). This was also observed in AFib detection based on 
tachograms generated by PPG sensors, where sinus arrhythmia is 
one of the conditions that causes irregular heartbeats.46 To address 
this, a study developed an algorithm capable of detecting whether 
the irregularity in the R-R interval is regular or irregular. By identify-
ing R-R intervals with an “irregularly irregular” pattern, the study was 
able to significantly improve sensitivity and specificity.34

4.3  |  Comparisons of accuracy and 
interpretability of smartwatch brands

The comparison between different smartwatch brands showed 
no significant differences in sensitivity and specificity values for 
algorithmic AFib detection by Apple Watch, Withings Scanwatch, 
and others. Sensitivity of 90% was only achieved by the combined 
analysis of Huawei Watch GT2 Pro, AliveCor KardiaBand, Fitbit 
Sense, Amazfit Health Band, and Samsung Galaxy Watch. Among 
these five brands, a specificity above 90% was reported by studies 
using AliveCor KardiaBand and Huawei Watch GT2 Pro.7,28,36 
Previous research reported that Apple Watch Series 4 had only 50% 
sensitivity, which increased to 68% with manual interpretation.28 
The advantage of AliveCor KardiaBand over Apple Watch (especially 
Series 4) is speculated to be related to the more mature algorithm 
on AliveCor KardiaBand, which was developed earlier.7,28 Algorithm 
development is common in the technology sector, especially in 
health monitoring. For example, the ability of PPG to detect AFib 
continues to improve with the development of algorithms using 
machine learning approaches.18

As previously mentioned, the highest/lowest heart rate (HR) that 
can be read by Apple Watch, Samsung Galaxy Watch, and Withings 
Scanwatch are 150/50 bpm, 120/50 bpm, and 100/50 bpm, respec-
tively.6 Therefore, Withings Scanwatch automatically excludes the 
most recordings, followed by Samsung Galaxy and Apple Watch. 
However, this statement does not align with the results obtained from 
this meta-analysis, where Apple Watch had the highest percentage 
of uncertain results (20%) compared to Withings (16%) and others 

(14%). This indicates that factors other than heart rate detection 
limits contribute to the uncertain results on Apple Watch. Factors 
that may influence this value include signal quality, sensor sensitiv-
ity, or the data processing algorithm used. The results in this study 
also suggest that Apple Watch may be more sensitive to artifacts 
or external disturbances, which can increase the number of failures 
in algorithmic interpretation. This observation aligns with previous 
studies that found Apple Watch algorithms to be sensitive to arti-
facts generated by muscle contractions and body movements.47Ad-
ditionally, the frequent appearance of low-energy electrical noise 
signals in ECG recordings from Apple Watch and Samsung Galaxy 
Watch has also been reported in previous studies.6,47

4.4  |  Strengths and limitations

This study is the most comprehensive and up-to-date meta-analysis 
on smartwatch ECG, following the first one conducted in 2019.39 
This study is the first to perform a meta-analysis on the interpret-
ability of smartwatch ECGs. Another strength of this study is the 
diagnostic accuracy and interpretability parameters, which were 
estimated through meta-analysis, providing estimates based on a 
larger sample. Meta-regression and Cook's distance analyses were 
performed to identify covariates and outlier data, allowing for a 
more comprehensive understanding of the findings. However, there 
are some limitations in this study that should be acknowledged. 
First, the authors did not search for data outside of those reported 
in peer-reviewed journals. Although this limited the amount of data 
collected, it ensures that the data has gone through a thorough eval-
uation process by experts. Furthermore, caution is needed when 
interpreting the results of this study, especially when significant 
heterogeneity is observed. Most included studies focused on spe-
cific populations, such as patients with known cardiovascular con-
ditions or those undergoing medical evaluations. Consequently, the 
generalizability of these findings to young, asymptomatic individuals 
remains uncertain. Another limitation is the lack of information on 
software or algorithm versions used in the included studies. Even 
within the same device brand, different firmware or algorithm up-
dates may affect ECG interpretation performance. However, most 
studies did not report the specific software or algorithm versions 
embedded in the smartwatches, limiting our ability to assess their 
potential influence on diagnostic accuracy.

5  |  CONCLUSION

Smartwatch ECG has a high accuracy in detecting AFib, especially 
when the interpretation is done manually by medical profession-
als. The results of this meta-analysis indicate that, although this 
technology has limitations, such as sensitivity to motion arti-
facts and limitations in heart rate range, several brands including 
Apple Watch and Withings Scanwatch demonstrate high specific-
ity in AFib detection. Smartwatch ECG can function as an initial 
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screening tool for AFib, particularly in high-risk populations, with 
positive results requiring further confirmation through clinical ex-
amination. The integration of this technology enables healthcare 
providers to access data in real time, accelerate clinical decision 
making, and support the implementation of efficient screening 
programs through portable devices connected to electronic health 
systems. Further research is needed in low-risk populations to 
determine their applicability in general screening. Additionally, 
further exploration of smartwatch ECG's ability to detect other 
cardiovascular disorders could be carried out to expand its clinical 
benefits.
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