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Aims The aim of the PULsE-AI trial was to assess the effectiveness of a machine learning risk-prediction algorithm in conjunc-
tion with diagnostic testing for identifying undiagnosed atrial fibrillation (AF) in primary care in England.

Methods
and results

Eligible participants (aged ≥30 years without AF diagnosis; n= 23 745) from six general practices in England were ran-
domized into intervention and control arms. Intervention arm participants, identified by the algorithm as high risk of un-
diagnosed AF (n= 944), were invited for diagnostic testing (n= 256 consented); those who did not accept the invitation,
and all control arm participants, were managed routinely. The primary endpoint was the proportion of AF, atrial flutter,
and fast atrial tachycardia diagnoses during the trial (June 2019–February 2021) in high-risk participants. Atrial fibrillation
and related arrhythmias were diagnosed in 5.63% and 4.93% of high-risk participants in intervention and control arms,
respectively {odds ratio (OR) [95% confidence interval (CI)]: 1.15 (0.77–1.73), P= 0.486}. Among intervention arm par-
ticipants who underwent diagnostic testing (28.1%), 9.41% received AF and related arrhythmia diagnoses [vs. 4.93% (con-
trol); OR (95% CI): 2.24 (1.31–3.73), P= 0.003].

Conclusion The AF risk-prediction algorithm accurately identified high-risk participants in both arms. While the proportions of AF
and related arrhythmia diagnoses were not significantly different between high-risk arms, intervention arm participants
who underwent diagnostic testing were twice as likely to receive arrhythmia diagnoses compared with routine care. The
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algorithm could be a valuable tool to select primary care groups at high risk of undiagnosed AF who may benefit from
diagnostic testing.

- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - -

Graphical Abstract

PA
RT
IC
IP
AN

TS
IN
TE
RV

EN
TI
O
N

PRIMARY
ANALYSIS5.63% 4.93%OR 1.15; p=0.486

SUBGROUP
ANALYSIS9.41% 4.93%OR 2.24; p=0.003

PULsE-AI
randomised controlled trial to assess

the effec�veness of a
risk-predic�on algorithm
in conjunc�on with
diagnos�c tes�ng for 
iden�fying undiagnosed 
atrial fibrilla�on (AF)
in primary care

Applica�on of machine learning 
AF risk-predic�on algorithmInterven�on group par�cipants

iden�fied high risk of AF
Control group par�cipants
iden�fied high risk of AF

Interven�on group Control group

% par�cipants receiving AF and
related arrhythmia diagnoses

Rou�ne care Rou�ne care

Offered interven�on (diagnos�c tes�ng)

Accepted Did not accept

The AF-risk predic�on algorithm
could be a valuable tool
to select primary care groups
at high risk of undiagnosed AF who 
may benefit from diagnos�c tes�ng

RE
SU

LT
S

Diagnos�c tes�ng
(28.1% of those at high risk)

2-weeks of home-based
ECG monitoring

12-lead
ECG

in addi�on to rou�ne care

23,745 par�cipants
randomised

Keywords Atrial fibrillation • Machine learning • Risk prediction • Primary care • Screening

Introduction
Atrial fibrillation (AF) is a common cardiovascular health problem af-
fecting �3% of the general population, and is associated with a five-
fold increase in the risk of stroke.1 Cardioembolic strokes associated
with AF are particularly severe, highly recurrent, and often fatal.2

Atrial fibrillation-related stroke risk can be reduced by the early diag-
nosis of AF, risk stratification, and preventive oral anticoagulation
treatment, but detection is challenging because AF may be both par-
oxysmal and asymptomatic.3 Consequently, an estimated 300 000
people in the UK4 and 700 000 people in the USA5 are living with un-
diagnosed AF.

Screening for AF can be opportunistic [e.g. screening of patients at-
tending their general practitioner (GP) for another reason], targeted
(e.g. screening of higher risk patients), or systematic (e.g. screening all
patients aged .65 years), and can include simple pulse checking or
more resource-intensive electrocardiogram (ECG) assessment.3

European Society of Cardiology (ESC) guidelines currently recom-
mend opportunistic screening for AF by pulse check or ECG rhythm
strip in patients aged .65 years (IB recommendation) to prevent
AF-related complications.3 This screening approach requires 70

people to be screened to identify one person with AF [number
needed to screen (NNS) of 1 in 70] and consequently lacks cost-
effectiveness.3 Data to confirm the benefits of screening are scarce,
and therefore, questions such as whom to screen, how to screen,
and where to screen for the most effective and cost-effective screen-
ing strategy currently remain unanswered.6

People with undiagnosed AF comprise �5% of all strokes in the
UK.7 Many of these strokes are potentially avoidable with early diag-
nosis and effective anticoagulation. Thus, there is an urgent need for
an easily implementable, effective, and cost-effective screening strat-
egy that can identify people at increased risk of undiagnosed AF who
require further assessment via ECG or other diagnostic testing.8 This
is even more pertinent during (and beyond) the COVID-19 pandem-
ic, with increased use of online and/or telephone primary care con-
sultations reducing the opportunities to screen for AF using pulse
check. The role of augmented/artificial intelligence (AI) in cardiovas-
cular medicine is considered the next frontier in cardiovascular diag-
nostics, paving the way to the implementation of personalized
strategies in cardiovascular therapeutics.9

Previously, we reported on the development and validation of an
AF risk-prediction algorithm that utilized machine learning
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techniques and did not require ECG data as an input.10,11 The algo-
rithm was trained, tested, and validated on retrospective data of pa-
tients (≥30 years) in the UK Clinical Practice Research Datalink
(CPRD) GOLD database and further validated against overfitting
using the DISCOVER database for North West London.11 The ma-
chine learning algorithm was effective at identifying patients with AF
with an NNS of 9 (at 75% sensitivity and 99% specificity).10 Here, we
present findings from the Prediction of Undiagnosed atriaL fibrilla-
tion using a machinE learning AlgorIthm (PULsE-AI) randomized con-
trolled trial to assess the real-world ability of a strategy including the
machine learning-based AF risk-prediction algorithm coupled with
diagnostic testing (ECG+KardiaMobile) to identify cases of AF
compared with routine clinical care.

Methods

Study design and participants
The PULsE-AI trial is a prospective, randomized controlled trial con-
ducted across six general practices within the National Institute for
Health Research Clinical Research Network: West Midlands, England,
UK. Adult patients registered at participating general practices were
identified from medical records by staff at the participating practices.
Patients were eligible for participation in the study if they were aged
≥30 years and without a prior diagnosis of AF, atrial flutter, or fast atrial
tachycardia, and had a complete set of key clinical measurements [height,
weight, body mass index (BMI), systolic blood pressure (SBP), and dia-
stolic blood pressure (DBP); i.e. they had a valid index date] recorded
during a rolling 12-month window ending at any time during the 11 years
prior to 6 June 2019 (date of first data extraction from practice records).
Trial eligibility was limited to patients aged ≥30 years to align with the
algorithm development population.10

In compliance with data protection regulations,12 consent for the ex-
traction of pseudonymized patient data from medical records was pro-
vided by each general practice participating in the study; written
informed consent was obtained from the subgroup of participants in
the intervention arm at high risk of undiagnosed AF who attended the
research clinic for diagnostic testing. The trial complies with the
Declaration of Helsinki and ethical approval was granted by the Wales
Research Ethics Committee 5—Bangor, and the study was approved
by the Health Research Authority and Health and Care Research
Wales (IRAS project ID: 252934). The trial protocol has been published
previously.13

Randomization and masking
All eligible participants across the six sites were pooled and individually
randomized using simple randomization into intervention and control
arms in a 1:1 ratio to receive routine care plus the screening strategy
(intervention arm) or routine care only (control arm). Randomization
was performed centrally by the trial statistician using R (version 3.5.3)
code. Following randomization, the machine learning AF risk-prediction
algorithm was run, and a risk score was generated for each individual.
Participants and local study staff could not be masked to the allocated
arms during the trial, but blinded analyses were undertaken by the trial
team.

Procedures
Prior to the invitation, GPs reviewed the lists of participants randomized
to the intervention arm at high risk of AF and excluded those deemed

clinically unsuitable to participate in the study (including those recently
deceased or receiving end-of-life care, those receiving treatment for ac-
tive cancer, those housebound or residing in a care facility and unable to
attend the research clinic, those with solid organ transplant, and those
with anxiety- or mental health-related illness whose mental health may
be negatively affected by being identified as at high risk of undiagnosed
AF). Participants in the intervention arm at high risk of AF and suitable
for participation in the study were invited via letter by their general prac-
tice to attend a research clinic for diagnostic testing. Participants who did
not respond to the first letter of invitation were sent a reminder letter
and practices were able to follow-up with the remaining non-responders
once via phone. Those who accepted the invitation had updated baseline
characteristics, lifestyle-related variables, basic cardiorespiratory vari-
ables, recent clinical history, and presence of symptoms recorded by
the research nurse and received a 12-lead ECG. Intervention arm parti-
cipants with a negative or an unconfirmed diagnosis following the 12-lead
ECGwere provided with a single-lead ECGKardiaMobile portable device
(AliveCor Inc., CA, USA). Participants without access to a compatible
smartphone or tablet were offered a loan smartphone provided by the
trial team to use alongside the KardiaMobile for the study period. If de-
clined, participants were invited for up to two further 12-lead ECGs.
Participants using the KardiaMobile were asked to record their ECG
twice daily (morning and evening), in addition to any time they felt unwell
or at their discretion, for 2 weeks. All participants allocated to the con-
trol arm, low-risk participants in the intervention arm, and high-risk par-
ticipants in the intervention arm who did not accept the invitation to
participate in the study had no direct contact with the investigators.

Pseudonymized patient-level data from participating study sites were
extracted from the Egton Medical Information System (EMIS) for all eli-
gible participants using the EMIS search and report function. Participants
who attended the research clinic had additional data collected during and
after the research clinic appointment; these variables were entered into
EMIS by practice staff for each participant through a bespoke designed
EMIS template. All ECG data were pseudonymized and sent via en-
crypted email for cardiologist review. All KardiaMobile data were up-
loaded to secure servers in Europe based on unique study identifiers.

Outcomes
The primary endpoint was the proportion of diagnoses of AF and related
arrhythmias including atrial flutter and fast atrial tachycardia in the inter-
vention and control cohorts throughout the trial. The primary analysis
considered participants deemed to be at high risk of undiagnosed AF ac-
cording to the algorithm (high-risk population) in both arms; analyses
were also undertaken in the subgroup of participants who attended
the research clinic (research clinic population, regardless of whether
they completed the entire intervention), in the subgroup of those in
the research clinic population who completed the intervention as per
the protocol (12-lead ECG followed by KardiaMobile monitoring; per-
protocol population), and in the full population (all randomized partici-
pants irrespective of AF risk-prediction score) (see Supplementary
material online, Table S1 for descriptions of analysis populations).

Participants were diagnosed with AF by the trial cardiologist if they had
≥30 s of arrhythmia, as per clinical guidelines.3 Other sustained supra-
ventricular arrhythmia, i.e. atrial flutter (atrial rhythm above
280 b.p.m.) and fast atrial tachycardia (rapid atrial rhythm .200 b.p.m.)
were diagnosed based on ECG findings. Any uncertainty in diagnosis
was reviewed by a second trial cardiologist, and a decision was made
by consensus. Participants with uninterpretable 12-lead ECGs were in-
vited to return to the research clinic for a second 12-lead ECG. All inter-
vention arm participants with a cardiologist-confirmed diagnosis of AF,

Identification of undiagnosed AF in primary care 197
D

ow
nloaded from

 https://academ
ic.oup.com

/ehjdh/article/3/2/195/6553188 by guest on 06 January 2024

http://academic.oup.com/ehjdh/article-lookup/doi/10.1093/ehjdh/ztac009#supplementary-data
http://academic.oup.com/ehjdh/article-lookup/doi/10.1093/ehjdh/ztac009#supplementary-data


atrial flutter, or fast atrial tachycardia (either from the 12-lead ECG or
KardiaMobile data) were considered in the primary endpoint analyses.
The NNS was calculated as 1/(diagnosis rate among those screened−
diagnosis rate among those not screened).

All AF and related arrhythmia diagnoses were reported to GPs for
dedicated management and anticoagulation therapy as per routine clinic-
al practice. Participants diagnosed with other cardiac abnormalities fol-
lowing ECG review were referred back to their GP and treated
according to routine practice, if required. Intervention arm participants
were also able to receive diagnoses of AF, atrial flutter, or fast atrial
tachycardia through routine clinical practice. Control arm participants
were only diagnosed with AF and related arrhythmias through routine
clinical practice. Any diagnoses outside of the trial intervention during
the study period were made according to local policies.

Nine months into the study, COVID-19 cases reached epidemic levels
and a ‘stay-at-home’ message was disseminated by the UK government.
Following reported associations between COVID-19 and AF,14 a proto-
col amendment was submitted to include an exploratory objective to ex-
plore the impact of COVID-19 on: rates of COVID-19 diagnosis across
trial arms; rates of AF and related arrhythmia diagnosis after COVID-19
diagnosis; and the impact of AF and related arrhythmia diagnosis after
COVID-19 diagnosis on background AF diagnoses.

AF risk-prediction algorithm
The AF risk-prediction algorithm has been described in detail else-
where.10 In short, the algorithm was developed using machine learning
techniques and electronic medical record data from a retrospective co-
hort of almost 3 000 000 adult participants (aged ≥30 years) without a
prior history of AF and listed on the CPRD GOLD between January
2006 and December 2016.10 During the study period, 3.2% of the cohort
were diagnosed with AF. Both baseline [patient demographics (age, sex,
race, smoking status), history of anti-hypertensive use, Type 1 or 2 dia-
betes, and cardiovascular comorbidities] and time-varying (recent cardio-
vascular event(s), recent BMI and change in BMI, recent pulse pressure,
change in SBP and DBP, and recent frequency of SBP, DBP, and BMI re-
cordings) patient data were incorporated into the machine learning algo-
rithm to generate a risk score for AF.10 Participants with a risk-prediction
score of ≥ 7.4%—the threshold determined during algorithm validation
corresponding with 50% sensitivity and 90% specificity—were consid-
ered to be at high risk of undiagnosed AF.10, 11 The AF risk-prediction
algorithm (v 4.0) evaluated in this trial was unchanged from that validated
in prior publications.10,11

Statistical analyses
Sample size assumptions were based on data from the AF risk-prediction
algorithm development.10 Across six study sites, and �24 000 partici-
pants, it was assumed that �1000 participants per arm would be at
high risk of AF. We also estimated that �30% of high-risk participants
in the intervention arm would accept the invitation to attend the re-
search clinic, and of those, �1 in 16 would be diagnosed with AF
(6.5%).13 Thus, over a 6-month study period, �2.4 and 0.7% of high-risk
participants in the intervention and control arms, respectively, would
have been diagnosed with AF, yielding a statistical power of 88.5%.
Power calculations were conducted using the ‘pow’ package in R (version
3.4.2).

Demographic and clinical characteristics of the high-risk and research
clinic populations were summarized using descriptive statistics. Following
adjustment for baseline characteristics (age, sex, and history of hyperten-
sion, heart failure, Type 1 or 2 diabetes mellitus), penalized logistic re-
gression analyses were undertaken using the logistf function in R
software to compare the proportion of diagnoses of AF and related

arrhythmias in participants at high risk of undiagnosed AF throughout
the study in the intervention and control arms. Furthermore, a sensitivity
analysis was undertaken on the proportions of AF diagnoses (not includ-
ing related arrhythmias) across trial arms in the analysis populations but
without prior exclusion of participants with atrial flutter or fast atrial
tachycardia at baseline. All analyses were undertaken with R software
(version 4.0.2), and all statistical tests were conducted at the 5% signifi-
cance level. This study was registered with ClinicalTrials.gov
(NCT04045639).

Role of the funding source
The funder of the study was involved in the study design, data interpret-
ation, and review of the report but had no role in data collection or data
analysis. All authors had full access to all the data in the study and had final
responsibility for the decision to submit for publication. The funder had
no influence on treatment decisions made by GPs following diagnosis of
AF or related arrhythmia.

Results
A total of 23 745 participants from six general practices were rando-
mized into intervention and control arms on 6 June 2019 (the first
participant attended the research clinic on 5 August 2019). Of the
11 849 participants allocated to the intervention arm, 944 were iden-
tified as high risk of undiagnosed AF by the algorithm. One hundred
and seventy-six participants were excluded following GP review, and
768 participants were invited to attend the research clinic for diag-
nostic testing; 256 (33.3%) of whom consented to attend the re-
search clinical for diagnostic testing (Figure 1). Of the 944
participants initially identified as high risk, 38 were lost to follow-up,
leaving 906 included in the final analysis. Furthermore, of the 11 896
participants allocated to the control arm, 974 were identified as high
risk of undiagnosed AF by the algorithm and included in the final ana-
lysis. The trial ran for 20 months, until 18 February 2021, but the
intervention was paused from 16 March 2020 to 21 July 2020 due
to the COVID-19 pandemic. During the pause, no trial interventions
took place, but trial participants in both arms could still be diagnosed
with AF and related arrhythmias via routine clinical care. During the
trial, 1.3 and 0.9% of participants in the full analysis population in the
intervention and control arms, respectively, were lost to follow-up.
High-risk participants in the intervention and control arms had

mean [standard deviation (SD)] ages of 78.4 (8.9) and 78.7 (8.6)
years, were more likely to be male [54.9% (497/906) and 54.6%
(532/974)], and had mean (SD) BMI of 30.7 (7.2) and 30.4 (7.6) kg/
m2, respectively (Table 1). The majority were hypertensive [77.9%
(706/906) and 78.6% (766/974)] and many had histories of coronary
heart disease [34.1% (309/906) and 32.3% (315/974)], Type 2 dia-
betes mellitus [21.3% (193/906) and 19.8% (193/974)], or prior myo-
cardial infarction [9.4% (85/906) and 11.4% (111/974)] in
intervention and control arms, respectively. Only 1.2% (11/906)
and 2.0% (19/974) of participants in intervention and control arms,
respectively, had primary care codes for prior echocardiography,
ECG, or Holter monitoring. There was little difference in the baseline
characteristics of high-risk participants in the intervention arm who
accepted the invitation to attend the research clinic (n= 255) com-
pared with those who did not (n= 651) (Supplementary material
online, Table S3). Baseline characteristics of the full randomized
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population, stratified by risk score are provided in Supplementary
material online, Table S2.

Overall, 51 of 906 (5.63%) and 48 of 974 (4.93%) of high-risk par-
ticipants in the intervention and control arms, respectively, were di-
agnosed with AF, atrial flutter, or fast atrial tachycardia {odds ratio
(OR) [95% confidence interval (CI)]: 1.15 (0.77–1.73), P= 0.486;
Figure 2 and Table 2} during the trial. There was a statistically signifi-
cant difference in the intervention arm participants who attended the
research clinic (research clinic population; n= 255; 28.1%) for diag-
nostic testing with, 24 of 255 (9.41%) diagnosed with AF and related
arrhythmias compared with 4.93% of high-risk participants in the
control arm [OR (95% CI): 2.24 (1.31–3.73), P= 0.003]. The out-
come was more favourable among participants who completed the
intervention as per the protocol (12-lead ECG followed by
KardiaMobile monitoring or up to two additional 12-lead ECGs)
(per-protocol population; n= 148; 58.0% of participants who at-
tended the research clinic for diagnostic testing) with, 15 of 148

(10.14%) diagnosed with AF or related arrhythmias compared with
4.45% (39/876) high-risk participants in the control arm who were
alive at the end of the trial [OR (95% CI): 3.07 (1.57–5.81), P=
0.001]. Results from the sensitivity analysis [the proportions of AF
diagnoses (not including related arrhythmias) across trial arms in
the analysis populations but without prior exclusion of participants
with atrial flutter or fast atrial tachycardia at baseline] are presented
in Supplementary material online, Table S4.
Across all diagnoses in the high-risk population during the trial per-

iod, 93.9% (93/99) were for AF and 7.0% (7/99) for atrial flutter and/
or fast atrial tachycardia. Of the 24 diagnoses of AF and related ar-
rhythmia made in the research clinic population, 13 diagnoses
were a direct result of the trial intervention, and the remaining 11
diagnoses were made through routine care during the trial period.
Six participants (46.2%) had arrhythmia present on the 12-lead
ECG, and the remaining seven participants (53.8%) were diagnosed
following KardiaMobile home-based ECG recording. In the research

Figure 1 Trial profile summarising number of participants eligible at each trial stage and included in each analysis population. *One participant
randomized to the control arm who attended the research clinic in error was removed from the subgroup analysis population. ^See Supplementary
material online, Table S1 for descriptions of analysis populations.
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clinic population, i.e. participants at high risk according to the AF risk-
prediction algorithmwho consented to screening, the NNS for every
diagnosis of AF or related arrhythmia was 12. Compliance with
KardiaMobile ECG recording was high; only 7% of participants
who received a device recorded,10 ECGs during the 2-week mon-
itoring period. Furthermore, because the KardiaMobile technology

will only record an ECG once a stable signal has been detected,
the number of unreadable ECGs was small.
Analysis of the temporal trends in the diagnosis of AF and related

arrhythmia revealed a slightly steeper slope in the cumulative sum of
diagnoses in the intervention arm during the first nine months of the
trial (June 2019–March 2020) prior to the COVID-19 pandemic. This
was followed by a relative plateau in diagnoses during the following
4–6 months—aligned with the national lockdown in the UK
(Figure 3). Diagnoses in both arms increased again from September
2020 to the end of the trial during the relaxation of restrictions.
Exploratory analyses are reported in the Supplementary material
online.
No adverse events relating to the trial intervention were reported

to investigators, the study sponsor, or the MHRA.

Discussion
This is the first multi-centre randomized controlled trial to evaluate
the performance of a machine learning-based AF risk-prediction al-
gorithm in primary care. The AF risk-prediction algorithmwas effect-
ive at identifying patients at high risk of undiagnosed AF in both arms
of the trial, as evidenced by 5.3% of high-risk participants across
intervention and control arms diagnosed with AF or related arrhyth-
mia during the 20-month trial, compared with 0.6% of participants
classed as low risk of undiagnosed AF. The proportions of AF and re-
lated arrhythmia diagnoses were not significantly different in the two
arms of the high-risk populations. However, due to the COVID-19
pandemic, the trial data collection period was extended (from esti-
mated 6 months to actual 20 months). This extension may have con-
tributed to the higher-than-expected number of background AF
diagnoses observed during the trial and may have reduced partici-
pants’ willingness to participate in screening interventions, thereby
impacting assumptions made to inform sample size and power
calculations.
In the subgroup of participants in the intervention arm who at-

tended the research clinic, the AF risk-prediction algorithm followed
by screening had a significant impact on diagnoses and doubled the
likelihood of identifying AF and related arrhythmia compared with
routine care in�30% of participants who accepted the screening in-
vitation. Current systematic screening methods for AF require �70
people aged 65 years or older to be screened to identify one person
with AF.3 Results from this study indicate that application of the al-
gorithm in primary care can successfully narrow the population
who should be invited for diagnostic testing such that only 12 pa-
tients need to be screened to detect one case of AF or related ar-
rhythmia. The NNS of 12 observed in this trial is not dissimilar to
theNNS of 9 reported in the retrospective algorithm validation stud-
ies10,11 and indicates that more widespread adoption of the algo-
rithm may significantly reduce the resource burden associated with
current systematic approaches for AF diagnosis.
In participants who attended the research clinic and received a

diagnosis of AF, atrial flutter, or fast atrial tachycardia, 56% had the
arrhythmia present during the 12-lead ECG, indicating the disease
presented intermittently in around half of the participants who
were diagnosed via the research clinic. The finding highlights the value
of screening beyond a single 12-lead ECG for the detection of AF.

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Table 1 Baseline characteristics of the high-risk
population

Intervention
(n=906)

Control
(n=974)

P-valuea

Age, years 78.4 (8.9) 78.7 (8.6) 0.442

Sex

Female 409 (45.1) 442 (45.4) 0.918

Male 497 (54.9) 532 (54.6) 0.918

Ethnicity

White 194 (21.4) 189 (19.4) 0.362

Black, Asian, and minority

ethnic

1 (0.1) 5 (0.5) 0.606

Unknown 711 (78.7) 585 (80.1) 0.391

Weight, kg 89.3 (22.8) 88.2 (22.4) 0.312

Height, cm 170.9 (11.5) 170.2 (11.0) 0.293

BMI, kg m2 30.7 (7.2) 30.4 (7.6) 0.449

Systolic blood pressure,

mmHg

138.9 (18.6) 133.2 (19.0) 0.030

Diastolic blood pressure,

mmHg

76.6 (10.2) 74.2 (10.4) 0.103

Hypertension 618 (68.2) 685 (70.3) 0.320

Smoking status

Non-smoker 482 (53.2) 501 (51.4) 0.444

Current smoker 55 (6.1) 62 (6.4) 0.791

Former smoker 368 (40.6) 411 (42.2) 0.487

Passive smoker 1 (0.1) 0 (0.0) 0.300

Type 1 diabetes mellitus 31 (3.4) 29 (3.0) 0.584

Type 2 diabetes mellitus 193 (21.3) 193 (19.8) 0.425

Coronary heart disease 309 (34.1) 315 (32.3) 0.417

Prior myocardial infarction 85 (9.4) 111 (11.4) 0.153

Prior cardiac arrest 2 (0.2) 1 (0.1) 0.522

Heart failure 64 (7.1) 82 (8.4) 0.273

Congestive heart failure 49 (5.4) 64 (6.6) 0.289

Prior transient ischaemic

attack

70 (7.7) 82 (8.4) 0.582

Left ventricular dysfunction 20 (2.2) 28 (2.9) 0.359

Left ventricular

hypertrophy

13 (1.4) 15 (1.5) 0.851

Prior echocardiography,

electrocardiogram,

Holter monitoring

11 (1.2) 19 (2.0) 0.203

Age is at recorded at baseline, and data for continuous variables are based on the most
recent record within a 5-year look back period; comorbidities have no time restrictions.
For continuous variables, numbers represent mean (SD) and for categorical variables
numbers represent n (%).
aFor continuous variables, P value is based on a t-test for comparison of means; for
categorical values, P value is based on a χ2 two-sample test for equality of
proportions (without continuity correction).
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The advent of new technologies such as the KardiaMobile portable
monitor and wearable technologies such as smartwatches have in-
creased the accessibility of home-based ECG monitoring and may
play an important role in the future of cardiovascular disease man-
agement. Indeed, studies such as the Apple Heart Study15 and
Huawei Heart Study16 have demonstrated promising results follow-
ing evaluation of the feasibility of wearable technologies for AF
screening. However, as evidenced by the observation that only
58% of participants who attended the research clinic completed
the trial per protocol (i.e. took part in home-based ECGmonitoring),
there are significant barriers—such as cost and technological
confidence—to more widespread adoption of these technologies
for first-line screening, especially in older populations who are at
higher risk of undiagnosed AF. Furthermore, the clinical relevance
of very short episodes of AF detected with continuous or near-
continuous monitoring is not yet understood.

Existing risk-prediction models for AF include CHARGE-AF,17

ARIC,18 Framingham AF,19 SAAFE,20 and C2HEST21 models. ARIC
and Framingham AF both require ECG data as an input, limiting their
applicability in a primary care population, and none are routinely im-
plemented in clinical practice because none are automated. Artificial
intelligence techniques have been shown to be effective in the iden-
tification of undiagnosed AF.22,23 The majority of these studies have

involved the application of machine learning algorithms to ECG
traces to detect small changes in ECG activity that are associated
with or may precede AF. Since the publication of our algorithm,10

we are aware of three further studies that have reported on the de-
velopment and validation of AF risk-prediction models based on ma-
chine learning techniques and utilizing data contained within
electronic medical records.24–26 However, all these models were de-
veloped based on more complex data sets sourced from secondary
care records, reducing their applicability for use in a primary care set-
ting. The novelty of this study lies in the prospective evaluation of the
performance of an AF risk-prediction algorithm developed using ma-
chine learning techniques and inputs routinely collected in a real-
world primary care setting.
Following the beginning of the COVID-19 pandemic, we sought to

understand the impact of COVID-19 on AF and related arrhythmias
within our trial. The pandemic itself did impact trial implementation,
and in line with national guidance, we paused the trial intervention
during the first lockdown in the UK. Only 11 participants received
both AF or related arrhythmia and COVID-19 diagnoses and, there-
fore, findings of the exploratory objective should be interpreted with
caution. While over twice as many participants in the intervention
arm had both diagnoses compared with the control arm, there
was no adjustment for COVID-19 in our analyses as the number

Figure 2 Effect of intervention on diagnoses of atrial fibrillation, atrial flutter, and fast atrial tachycardia in the high-risk population, the research
clinic population, and the per-protocol population.
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Table 2 Adjusted analysis for diagnoses of atrial fibrillation, atrial flutter, and fast atrial tachycardia in participants
without atrial fibrillation, atrial flutter, or fast atrial tachycardia at baseline, stratified by analysis subgroup

Population Intervention Control Difference

N Cases (%) N Cases (%) OR Lower CI Upper CI P-value

Full analysis population 11 849 116 (0.98) 11 896 114 (0.96) 1.07 0.82 1.39 0.625

High-risk population 906 51 (5.63) 974 48 (4.93) 1.15 0.77 1.73 0.486

Research clinic population 255 24a (9.41) 973 48 (4.93) 2.24 1.31 3.73 0.003

Per-protocol population 148 15 (10.14) 876 39 (4.45) 3.07 1.57 5.81 0.001

CI, 95% confidence interval; OR, odds ratio.
aThirteen diagnoses were a direct result of the trial intervention, and the remaining 11 diagnoses were a result of routine care during the trial period.
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of participants affected was so low. However, the impact of
COVID-19 on AF prevalence, diagnosis, and management are im-
portant topics for further investigation in other studies.

The strengths of this trial include its multi-centre design and com-
pletion during the COVID-19 pandemic despite significant logistical
challenges. There are some limitations: first, the response rate was
relatively poor at �30%. Although we were unable to collect data
on reasons for individuals not accepting the invitation to participate,
the smartphone component of the trial may have been a barrier for
some. Nevertheless, it is accepted that recruitment to trials in pri-
mary care is often challenging,27 and the pandemic likely added add-
itional barriers to the high-risk cohort in the intervention arm invited
to attend the research clinic. Second, not all assumptions made dur-
ing the sample size and statistical power calculations were correct.
Our background diagnosis rate assumptions were based on those
observed in the CPRD data used to develop the AF risk-prediction
algorithm; however, the rates observed in the current trial—
although not significantly dissimilar to other more recent stud-
ies8,28,29—were higher than predicted. This was, at least in part,
due to the pausing, and therefore, extension of the trial due to the
pandemic increasing the diagnostic rates in the high-risk cohorts. It
is also possible that measures to increase the detection of AF30,31

in recent years may have had an impact, or a result of performance
bias due to trial participation. Third, a significant proportion of high-
risk participants (18.6%) were excluded from the invitation to the
trial following the GP decision. A number of these exclusions were

due to participants being housebound or residents in a care facility
and therefore unable to attend the research clinic. Exclusion of these
participants likely resulted in selection bias of a high-risk cohort at
lower risk of AF; however, due to the pragmatic nature of the trial,
this selection bias was unavoidable. Fourth, the majority of partici-
pants deemed at high risk of undiagnosed AF were older and many
did not have access to smartphones compatible with the
KardiaMobile device. We sought to address this through the provi-
sion of loan smartphones for participants; however, many were un-
familiar with how to use the technology and therefore did not
complete the full 2 weeks of home-based ECG monitoring. Fifth, al-
though the number of participants lost to follow-up during the trial
was relatively small, we were unable to understand the reason(s) for
this because data for these participants were absent in medical re-
cords at the end of the trial. We suspect this may have been due
to participants leaving the practice but are unfortunately unable to
provide this detail. Lastly, the generalizability of findings to patients
and practices in the UK beyond those involved in the trial and the
surrounding areas is uncertain.
An important avenue for future research is to determine the

health economic impact of the intervention in a real-world setting
and the costs associated with the management of patients who are
diagnosed with AF and related arrhythmia compared with those
who remain undiagnosed. If the application of the algorithm in com-
bination with diagnostic testing is found to be cost-effective, there
may be value in its wider implementation across primary care in

Figure 3 Temporal trends in diagnoses of atrial fibrillation (AF) and related arrhythmia during the trial period in intervention and control arms.
Vertical dotted lines represent the pause in the trial intervention from 16 March 2020 to 21 July 2020 due to the COVID-19 pandemic. Marks above
the x-axis represent diagnoses of AF or related arrhythmia in the research clinic population and reflect the date of diagnosis at the research clinic.
Note: In one instance a participant was diagnosed through routine care prior to receiving a confirmation of diagnosis at the research clinic, therefore,
not all marks correspond exactly with steps in the Kaplan Meier plot.
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the UK. The AF risk-prediction algorithm, developed by Hill et al.,10 is
unique in that it does not require ECG data as an input. Instead, risk-
prediction scores are generated based on routinely collected clinical
data, such as age, sex, BMI, SBP, DBP, comorbidities, and cardiovas-
cular events. This feature of the algorithm enables the estimation of
AF risk without prior ECG assessment, and as evidenced by the very
small proportion of high-risk participants with prior primary care
codes for echocardiograms, ECG, and Holter monitoring, this is im-
portant for widespread employment. Furthermore, given the on-
going impact of COVID-19 on in-person primary and secondary
care consultations reducing the chance for opportunistic AF screen-
ing, there is additional value in a method that could be applied across
medical records at the practice-level for GPs to identify patients at
the highest risk of undiagnosed AF who should undergo further as-
sessment via ECG.

Conclusion
The AF risk-prediction algorithm was effective in identifying partici-
pants at high risk of undiagnosed AF. Although our trial did not dem-
onstrate significant differences in the total number of AF and related
arrhythmia diagnoses across all high-risk patients, in the subgroup of
participants who attended the research clinic, the intervention was
superior to routine clinical care for the detection of undiagnosed
AF. The AF risk-prediction algorithm may be an effective tool in nar-
rowing the population at high risk of undiagnosed AF who should
undergo diagnostic testing.

Supplementary material
Supplementary material is available at European Heart Journal – Digital
Health.
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