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Abstract

Objective: The PULSE-AI trial sought to determine the effectiveness of.a screening strategy
that included a machine learning risk prediction algorithm intconjunction with diagnostic
testing for identification of undiagnosed atrial fibrillation (AF) in primary care. This study
aimed to evaluate the cost-effectiveness of implementing the screening strategy in a real-
world setting.

Methods: Data from the PULsE-Alstrial — a prospective, randomized, controlled trial
conducted across six generalpractices in England from June 2019 to February 2021 — were
used to inform a cost-effectiveness analysis that included a hybrid screening decision tree
and Markov AF disease progression model. Model outcomes were reported at both
individual- and’population-level (estimated UK population > 30 years of age at high-risk of
undiagnosed AF) and included number of patients screened, number of AF cases identified,
mean total and incremental costs (screening, events, treatment), quality-adjusted-life-years

(QALYs), and incremental cost-effectiveness ratio (ICER).



Results: The screening strategy was estimated to result in 45,493 new diagnoses of AF
across the high-risk population in the UK (3.3 million), and an estimated additional 14,004
lifetime diagnoses compared with routine care only. Per-patient costs for high-risk
individuals who underwent the screening strategy were estimated at £1,985 (vs £1,888 for
individuals receiving routine care only). At a population-level, the screening strategy was
associated with a cost increase of approximately £322 million and an increase of 81,000
QALYs. The screening strategy demonstrated cost-effectiveness versus routine care only at
an accepted ICER threshold of £20,000 per QALY-gained, with an ICER of £3,994/QALY:

Conclusions: Compared with routine care only, it is cost-effective to target individuals at
high risk of undiagnosed AF, through an AF risk prediction algorithm,who should then
undergo diagnostic testing. This AF risk prediction algorithmycan reduce the number of
patients needed to be screened to identify undiagnosed AF, thus alleviating primary care

burden.

Keywords: atrial fibrillation; screening; machine learning; neural network; risk prediction;

cost-effectiveness

JEL codes: H51; H5; H; 100; |

Short title: Cost-effectiveness of a screening strategy for atrial fibrillation in primary care

Introduction
Atrial fibrillation (AF) is the most common cardiac arrhythmia, and its prevalence is

increasing due to many factors, including the aging population[1,2]. Patients with AF have a



near five-fold increase in the risk of stroke[3] and the wider healthcare and societal burden
associated with stroke is substantial. Of the >100,000 strokes in the UK each year,
approximately 25% are associated with AF[4]. One-third of patients who experience a stroke
live with moderate to severe disability six months after the event[4], and there is a tendency
for more severe and recurrent strokes in patients with AF[5,6]. Consequently, the mean
health and social care costs per patient in the UK in the first year after stroke are substantial
and estimated at £22,429, rising to £46,039 in the first five years. The total health and social
care burden of stroke across England, Wales and Northern Ireland is estimated at £3.6
billion over the first five years after admission[7], and this economic burden is even greater
when unpaid care and productivity losses are considered[8]. To reduce theurisk of AF-related
stroke, early diagnosis and optimal management of AF with ‘eral anticoagulation is
essential[9]. Indeed, up to two-thirds of strokes in patients with AF are avoidable with
adequate anticoagulation[10]. However, due to its,often paroxysmal and asymptomatic
nature, and the lack of effective screeningwapproaches[11], AF frequently remains

undetected, with an estimated 300,000 undiaghosed patients in the UK alone[12].

To reduce the size of the undiagnosed AF population, and potentially lessen the burden of
stroke on patients /and the NHS, identification of these patients is crucial. However,
screening strategies for AF tend to lack either diagnostic precision (e.g. pulse check) or cost-
effectiveness. For example, opportunistic screening of patients aged > 65 years of age via a
pulse check, as per 2020 European Society of Cardiology (ESC) Guidelines, lacks diagnostic
precision and therefore requires approximately 70 people to be screened to identify one
case of AF[11]. In comparison, more targeted screening approaches (utilizing

electrocardiogram (ECG)-based screening) can detect more cases of undiagnosed AF per



individual screened, but they are resource-intensive and often not considered cost-effective
at a population level[13]. A paucity of longer-term data on the impact and outcomes of
screening programs means the number of national AF screening programs worldwide is very
limited[14]. Therefore, there is an unmet need for both an accurate and a cost-effective
screening strategy that can demonstrate longer-term value and can be implemented across
a healthcare system to support earlier identification of undiagnosed AF, allowing timely

anticoagulation therapy to reduce the risk of stroke and systemic embolism.

The use of augmented intelligence (Al) in cardiovascular medicine, both in diagnostic and
treatment settings, is increasing. Al technology has the potential to transform current
practices and overcome some of the limitations of more traditionalscreening approaches,
potentially allowing for earlier diagnosis and more proactiveimanagement of AF. Indeed, we
have recently reported on the development[15], validation[16], budget impact[17], and
performance[18] of a novel AF risk prediction algorithm based on machine learning (ML)
techniques that quantifies individual-patient AF risk based on data routinely collected in
primary care. Through the quantification’of individual patient AF risk, a population at higher
risk of undiagnosed AF whe should be considered for diagnostic testing can be identified.
The Prediction of Undiagnosed atrial fibrillation using a machinE learning Algorlthm (PULSE-
Al) randomized controlled trial (RCT) evaluated a screening strategy that included the ML AF
risk prediction algorithm combined with diagnostic testing for the identification of
undiagnosed AF in a primary care setting in England[19]. This cost-effectiveness evaluation
utilized data from the PULsSE-Al RCT to evaluate the value of implementing this screening

strategy in a real-world setting.



Methods

PULSsE-AI trial overview

The PULsE-AIl trial was a prospective, randomized, controlled trial conducted across six
general practices in England, UK, from June 2019 to February 2021, and has been described
in detail elsewhere[18,19]. In summary, 23,745 eligible participants (aged > 30 years without
an AF diagnosis at randomization) were identified from practice electronic clinical records
and randomized into either the intervention or control arm. In the intervention arm, 8.0%
(n=944/11,849) of participants were identified as high risk (risk score > 7.4%) based.on.the
AF risk prediction algorithm. Intervention arm participants at high risk ofeundiagnosed AF
were invited to attend the research clinic for diagnostic testing. Participants who attended
the research clinic underwent a 12-lead ECG and, if negative.or inconclusive for AF, were
provided with a portable single-lead ECG device (KardiaMobile; AliveCor Inc., California,
USA) for two weeks of home-based ECG monitoring if they had access to a compatible
smartphone or tablet (Figure 1). The primary‘endpoint was the proportion of AF, atrial
flutter, and fast atrial tachycardia diagnases during the trial in high-risk participants as part
of the screening strategy (intervention. /arm) or as part of routine care (both arms). 38
participants in the intervention arm initially identified as high risk (n=944) were lost to
follow-up. Of the 9067 intervention arm participants identified as high risk and included in
the final analysis, 2841% (n=255) accepted the invitation to attend the research clinic for
diagnostic testing. In the intervention arm, 24 participants (9.4%) were diagnosed with AF or
related arrhythmias during the trial, resulting in a number needed to screen (NNS) of 12. Of
these, 13 were diagnosed as a direct result of the screening intervention, and the remaining

11 were diagnosed based on routine care. 4.9% of control arm participants at high risk were



diagnosed with AF or related arrhythmias during the trial[18]. The PULsE-AIl trial was

registered on CT.gov (NCT04045639).

AF risk prediction algorithm

The AF risk prediction algorithm was developed using machine learning techniques and
retrospective data from the electronic medical records of almost 3,000,000 adult
participants (aged = 30 years and without a prior history of AF) listed on the ClinicalPractice
Research Datalink (CPRD) GOLD database between January 2006 and December:2016[15].
During the 11-year study period, 3.2% of the retrospective cohort were'diagnoesed with AF.
Patient variables incorporated into the algorithm to generate a.risk"score for AF include:
baseline patient demographics (age, sex, race, smoking status); history of antihypertensive
use; type 1 or type 2 diabetes; cardiovascular .comorbidities; and time-varying
characteristics such as recent cardiovascular event(s), recent BMI and change in BMI, recent
pulse pressure, change in SBP and DBP,:.and recent frequency of SBP, DBP, and BMI
recordings[15]. Participants with an/AF risk score of > 7.4% were considered to be at high
risk of undiagnosed AF[15,16]. This‘threshold was determined during algorithm validation
and corresponds with 50%sensitivity and 90% specificity, thus representing a pragmatic
approach for a sereening evaluation, to minimize the rate of false negatives whilst also

ensuring a manageable screening burden for primary care practitioners.

Cost-effectiveness analysis overview
A cost-effectiveness analysis was undertaken using a hybrid screening decision tree and a
Markov AF disease progression model adapted from other previously published

models[20,21] and informed by data from the PULSE-AI trial[18,19]. The UK NHS perspective



was adopted; indirect costs incurred by participants, carers, and other agencies were not
considered. Model outcomes are reported at both individual- and population-level.
Population-level outcomes are based on the estimated number of individuals (= 30 years of
age (to align with the population suitable for AF risk score generation by the risk prediction
algorithm)) classified as high risk of undiagnosed AF in the UK (N = 3,304,468). Outcomes
include number of patients screened, number of cases of AF identified, mean total and
incremental costs (screening, events, treatment), quality-adjusted-life-years (QALYs), and
incremental cost-effectiveness ratio (ICER). The willingness-to-pay (WTP).thréshold was
assumed to be £20,000/QALY and the discounting rate for benefits and costs was3.5%[22].
Outcomes were estimated over a patient’s lifetime (maximum of 50 years) with an upper
age limit of 100 years. In addition to the base case analysis, the model contained a

deterministic sensitivity analysis to demonstrate the impact ef varying model inputs.

Screening decision tree

A screening decision tree was developed to identify a population aged > 30 years and
eligible for screening for AF. The totalypopulation was partitioned into individuals with ‘AF’
or ‘no AF’. The ‘AF’ cohortswas further partitioned into ‘diagnosed’ and ‘undiagnosed AF’.
The ‘eligible for screening’ cohort consisted of people classified as ‘no AF’ and those with AF
but undiagnosed (Figure 2). Based on observations from the PULsE-AI trial, it was assumed
that approximately 8.0% of individuals who were eligible for inclusion in the model were

identified as high risk of undiagnosed AF by the risk prediction algorithm.

In the screening decision tree, individuals identified as high risk of undiagnosed AF may be

invited for diagnostic testing. Based on observations from the PULsE-AI trial[18], the model



assumed that approximately 19% of high-risk patients would not be invited for screening
due to being housebound, undergoing cancer treatment, receiving end-of-life care etc.
Individuals invited for diagnostic testing could either be diagnosed with AF (either by 12-
lead ECG or by KardiaMobile monitoring), or not diagnosed with AF (Figure 3). Individuals
not diagnosed with AF as a result of the screening intervention could then go on to be
diagnosed with AF during their lifetime via routine care, or never diagnosed. In the PULSE-AI
trial, the observed NNS in high-risk participants who received the screening intervention
was 12, and the annual background incidental diagnosis rate (due to routine .care)iin the
high-risk population who did not receive the screening intervention (i.e. all\participants in

the control arm and those in the intervention arm who did not attend screening) was 2.8%.

Markov AF model

A multi-state cohort-level Markov model was developed-based on previously published AF
screening models[20,21] to estimate ¢lifetime, costs and outcomes related to the
identification and treatment of AF, through the screening strategy evaluated in the PULSE-AI
trial compared with routine careyonly=*The model cycle length was set to one year. An

overview of the model structure.is'provided in Figure 4.

Patients diagnosed with AF entered the model in the health state of AF with no
complications. During any cycle patients were at risk of stroke, myocardial infarction (Ml),
major bleed, or intracranial hemorrhage (ICH). If a patient experienced an event, they were
assumed to stay within that health state until the next event. Patients would then progress
through the model in line with published transition rates that are influenced by treatment,

clinical event history, and age.



Patients with a diagnosis of AF were either assumed to be treated (with either a direct
acting oral anticoagulant [DOAC] or warfarin) or remain untreated. Those without AF, or
with undiagnosed AF, were assumed to receive no treatment and did not enter the model.
The base probabilities of the events were adjusted using treatment-specific hazard ratios
(HRs), sourced from Lopez-Lopez et al.[23] (Supplementary Table S1). The model did not
include discontinuation and a fixed breakdown was used to disaggregate patients on DOAC,

warfarin or no treatment.

Model inputs and parameters

The base-case analysis evaluated costs and outcomes for a poepulation of patients at high
risk of undiagnosed AF aged 30 years and over, with inputs identified from the PULSE-AI trial
and previously published analyses[20]. A summary of base-case model inputs is provided in

Supplementary Table S2.

Costs

Total costs include those associated with the screening strategy, treatment costs, and event
costs. All event costs and annual maintenance costs for events were sourced from Lopez-
Lopez et al.[23]."Costs associated with the screening strategy were sourced from standard
UK National Institute for Health Research (NIHR) research costs[24] for each activity where
relevant and included: invitation and reminder letters for high-risk individuals to attend
screening, 12-lead ECG and cardiologist review, KardiaMobile device purchase, patient
training in using the device, cardiologist review (of KardiaMobile ECGs), and device return.

Each of these costs were applied as a one-off cost upon screening initiation, and it was



assumed that one device would be required for every five patients identified as high risk of

undiagnosed AF.

Upon entry into the Markov AF model, costs were assigned to each clinical event
experienced. For each event, acute costs were applied in the cycle of incidence and ongoing
annual maintenance costs were applied in each subsequent cycle. Treatment costs were
applied to patients diagnosed with AF based on the following assumptions: 74.2% of
patients diagnosed are assumed to receive treatment[25], with 61.8% of those.assumed to
receive a DOAC[26], and the remainder (39.2%) assumed to receive warfarin. Patients who
had AF but who were deemed to be undiagnosed were assigned”to the’‘no treatment’
cohort. Base-case model inputs assumed that all patients prescribed DOAC therapy received
apixaban, with corresponding cost and event rates basedion this therapy. Apixaban was
selected for the base case because it ranks highestiamengst DOAC therapies for efficacy,
safety, and cost-effectiveness based on current evidence[23]. As a simplifying assumption,
discontinuation and treatment switching .were not modelled, as neither are likely to affect
the screening strategy employed. Secreening, clinical event and treatment costs are

summarized in Table 1 and-Supplementary Table S3.

Utility

Methodology surrounding the estimation of health state utilities aligned with our previously
published cost-effectiveness analysis[21]. Patients who experienced a clinical event in the
Markov AF model incurred a disutility. Health state utilities were applied multiplicatively.
Therefore, if a patient experienced a stroke in any given cycle, they incurred the utility of AF

with no events (0.779[27]) multiplied by the utility of AF with a stroke (0.690[28]) to derive a



utility value of 0.541. This utility estimate was applied during the cycle of event incidence
and for all subsequent cycles until there was a change in health state. An age-dependent
utility adjustment was applied at the baseline health state (AF with no events). This adjusted
baseline utility was multiplied with the event utilities to estimate the health state utilities
used in the model. Utilities were estimated using general population age-dependent EQ-5D
estimates[29]. Clinical event utility and disutility values are summarized in Supplementary

Table S3.

Sensitivity and scenario analyses

Sensitivity and scenario analyses were undertaken to assess the impact ofsindividual model
parameters on model outcomes. Key inputs within the model4were'included in a univariate
sensitivity analysis where base-case values were adjusted by £20%, with exception of the
background AF diagnosis rate in a high-risk population,swhich was varied to values of 2%
and 4% from a base case of 3.15% (to better reflect the true prevalence of AF[30]), and the
discount rate which was varied between” 0% and 7% (x 3.5% from base case)

(Supplementary Table S4).

A range of different scenario analyses were also undertaken to assess the impact of
alternative_ assumptions on cost-effectiveness outcomes, including changes in age, number
of patients per KardiaMobile device, distribution of DOAC and warfarin therapies, and

prevalence of AF. A full table of scenarios explored are described in Supplementary Table S5.

Results



Model application

Across the total eligible (> 30 years of age) UK population estimated to be at high risk of
undiagnosed AF (3.3 million), implementation of the screening strategy was estimated to
result in an additional 14,004 lifetime diagnoses of AF compared with routine care only. The
diagnoses as a result of implementing a screening strategy would comprise 45,493 new
diagnoses of AF, and a total of 204,550 AF diagnoses over the lifetimes of those at high risk;
70,739 individuals at high risk of AF are predicted to remain undiagnosed (Table 2). In
comparison, routine care only was predicted to result in a total of 190,546 diagnoses of AF
during the lifetimes of individuals in the population, leaving a predicted 84,743 individuals
at high risk of AF undiagnosed. Total clinical events were relatively/Similar;/at 332,752 and
333,249 in screening strategy and routine care only strategies respectively. Comparisons

between implementing the screening strategy and routine care only are presented in Table

Per-patient costs in the screening strategy arm were estimated at £1,985, compared with
£1,888 for individuals following ‘routine‘care only (Table 3). Incremental costs per-patient
over a lifetime were estimated.at £98, resulting in a £322 million difference at UK
population level. While differences in QALYs were minimal at a per-patient level (total
QALYs of 12.57 inithe screening arm compared with 12.55 in the routine care only arm), at a
population level, this translated to an incremental QALY gain of 80,669. In the base case, the
screening strategy demonstrated cost-effectiveness versus routine care only at an ICER

threshold of £20,000 per QALY-gained, with an ICER of £3,994/QALY.

Sensitivity and scenario analysis



Sensitivity analyses within the model demonstrated that the results were robust to changes
in model inputs and all results remained cost-effective at a WTP threshold of £20,000/QALY
(Supplementary Table S4). Model inputs having the greatest impact on outcomes were
related to treatment; lower uptake of DOAC therapy was associated with lower incremental
costs but fewer incremental QALYs and a higher ICER. Varying baseline and event utilities
also had an impact on outcomes. Other variables such as background diagnoses rates in

routine care had minimal impact on model outcomes.

Scenario analyses also confirmed that cost-effectiveness results were robust to changes in
model inputs (Supplementary Table S5). Treatment was again the greatestidriver of changes
in ICER, with a scenario based on 100% DOAC uptake for diagnosed, patients reporting the
lowest ICER, however, all scenarios based on the screening strategy remained cost-effective
over routine care only. Increasing the KardiaMobileidevice cost to one device per patient
from one device for every five patientsshad little impact (ICER of £4,429 compared with

£3,994) on the cost-effectiveness of the sereening intervention.

Discussion

The PULSE-AI trial was"a multi-center, RCT designed to evaluate the application of a novel
screening strategy that included a ML-developed AF risk prediction algorithm in conjunction
with diagnostic testing in primary care. The aim of this analysis was to evaluate the cost-
effectiveness of the screening strategy evaluated in the PULsE-AI trial. At UK population
level, the screening strategy was associated with additional diagnoses of AF and related
arrhythmias and demonstrated cost-effectiveness and QALY gains over routine care only at

established WTP thresholds.



The screening strategy evaluated in the PULSE-AI trial involved the application of the AF risk
prediction algorithm to routinely collected data from the electronic medical records of
eligible individuals at participating general practices to generate a risk score. Participants at
high risk of undiagnosed AF were then invited for diagnostic testing, involving a 12-lead ECG
and two-weeks of home-based ECG monitoring with a KardiaMobile device. At a UK
population level, the screening strategy resulted in an additional 14,004 AF diagnoses in
patients who would otherwise remain undiagnosed if they never received screening. While
this total is modest at a population level, the nature of the screening intervention also
meant that individuals were more likely to be diagnosed earlier in the disease process than
they would have been based on routine care, which likely added to the incremental changes

in outcomes observed in the screening strategy arm.

Diagnosis of AF in individuals who would otherwise remain undiagnosed, and earlier
diagnosis in others will benefit the wider healthcare system. AF is associated with increased
risk of stroke and more severe stroke[3;5,6]. Indeed, approximately 25% of all strokes occur
in individuals with AF, and.enefifth of these occur in individuals without a prior diagnosis of
AF[4]. Adequate anticoagulation has been shown the reduce the risk AF-related events and
mortality, thereby reducing the burden of AF, and in particular stroke, on the healthcare
system[23,31]. Although the total number of events did not differ substantially between the
screening strategy and routine care only, greater differences would have been predicted by
the model if all patients diagnosed with AF by the screening strategy and at high risk of
stroke were assumed to receive DOAC therapy[23]. Furthermore, the screening strategy was

associated with a gain, at population level, of approximately 81,000 QALYs. When adjusted



for eligible population size, the estimated QALY gain based on this screening strategy is
approximately four times greater than that observed based on national breast cancer

screening in the UK[32].

Existing screening strategies for AF are focused around opportunistic, systematic, or
targeted approaches. Cost-effectiveness analyses based on the Screening for Atrial
Fibrillation in the Elderly (SAFE) study found opportunistic screening to be favarable to
routine practice for the detection of AF[13]; however, an estimated 170 individuals need to
be screened to identify an additional case of AF compared with no screening/routine
practice[20]. Current ESC guidelines recommend opportunistic screenings=for AF by pulse-
checking or ECG rhythm strip in patients aged > 65 years, stating this approach requires
approximately 70 patients to be screened to identify_one,case of AF[11]. Consequently,

there is no national screening program for AF in the UK.

In the PULSE-AI trial, the first step of the screening strategy involved the identification of
individuals at high risk based on‘routinely collected data within electronic medical records.
This targeted approach resulted. in a NNS of 12, where one participant was diagnosed with
AF (or related arrhythmia) for every 12 participants who consented to undergo diagnostic
screening. This finding is significantly lower than the approximately 70 patients required
based on opportunistic screening[11] and highlights the ability of the AF risk prediction
algorithm to accurately identify individuals at high risk of AF. The ICER of £3,994/QALY
based in this analysis is significantly lower than the National Institute for Health and Care
Excellence (NICE) WTP threshold of £20,000-£30,000/QALY, indicating that a more targeted

approach that involves the application of an AF risk prediction algorithm to narrow the



population at high risk of AF, who should be considered for diagnostic testing, is cost-

effective in the UK.

The advent of new single-lead ECG technologies such as the KardiaMobile have improved
the accuracy of AF detection over pulse palpation[11,33], and evidence indicates that single-
lead ECG technologies are likely to be more cost-effective than pulse palpation followed by
12-lead ECG for the diagnosis of AF in patients presenting with signs or symptoms of the
disease[34]. However, NICE have concluded there is currently insufficient evidence to
recommend the routine adoption of single-lead ECG assessment for single time pointtesting
in primary care[35]. Furthermore, these opportunistic screening approaches are likely still
limited by the need for patients to visit their GP for anotherireason. Recent studies have
evaluated the feasibility of combining opportunistic AF screening with annual influenza
vaccination clinics[36,37], and found this approachyto:be economically viable. However,
screening reach was again limited to those who attended the vaccination clinic and indicates
there is unmet need for a screening strategy that is not solely reliant on in-person contact
with healthcare professionals to‘identify individuals in need of further investigation for AF.
This is even more pertinent.now._given the ongoing impact of the COVID-19 pandemic on in-
person primary and secondary care consultations[38], reducing the chance for opportunistic

screening.

The limitations of the PULSE-AI trial have been described in detail elsewhere[18]. The key
limitation of the PULsSE-AI trial was its impact by the COVID-19 pandemic. Implementation of
the screening intervention was paused during the first lockdown in the UK. As a result, the

trial was extended, and many assumptions used to inform study design and statistical power



were incorrect, potentially impacting the primary outcome and therefore data to inform this
cost-effectiveness analysis. Furthermore, whilst the PULSE-AI trial used a > 7.4% risk
threshold to define high risk patients, other thresholds to define the high-risk population
could have been applied, each with varying sensitivities and specificities, screening burden
and outcomes, and therefore cost-effectiveness. The impact of changes in this risk threshold
on cost-effectiveness is unknown. In addition, the PULSE-AI trial was conducted across six
general practices across the West Midlands in England and therefore the generalizability of
the results to England more broadly and the wider UK setting is unknown. It.is possible that
these limitations may impact the reliability of the model inputs and therefore over- or
under-estimate the results of this analysis. However, in the undertaking of various
sensitivity and scenario analyses, none of the scenarios exploréed indicated a deviation from
the main conclusion of this analysis. Lastly, while the analysis has demonstrated cost-
effectiveness of the screening strategy over routine care only, the resource needed to
integrate and maintain the screening strategy within primary care is unknown and therefore
has not been captured within the analysis; but should be considered ahead of wider

integration.

Conclusions

Overall, results from this analysis indicate that the screening strategy evaluated in the
PULsE-AI trial, including an AF risk prediction algorithm in combination with diagnostic
testing, is cost-effective compared with routine practice only. While there is currently no
national screening program for AF in the UK, most guidelines recommend opportunistic
screening for AF of patients aged > 65 years. The screening strategy evaluated here provides

an alternative effective and cost-effective approach for narrowing the population at high



risk of undiagnosed AF who should undergo diagnostic testing, thus reducing the number of

patients needed to be screened to identify undiagnosed AF. This analysis highlights the

potential value to both patients and the healthcare system in Al-based methods to support

screening for AF.
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Tables

Table 1: Overview of screening costs

Proportion of individuals AT
.. . . . Cost per individual
Activity .m the- mtervent.lon arm (£)[24]
incurring,screening costs
Invitation for screening
Initial screening invitation (posted letter) 100% 1.48
Reminder letter (posted letter) 45% 1.48
Screening — 12-lead ECG
12-lead ECG* 100% 11.92
Cardiologist » 100% 2.33
Screening — KardiaMobile ECG
Device cost§ 100% 19.80
Training for individual* 100% 11.92
Pre-paid envelope for device return 100% 5.00
Cardiologist reviewt 100% 9.32

ECG: echocardiogram
* assumes 20 minutes of nurse time

A assumes a 1<minute interpretation by a cardiologist

§ assumes one'device for.every five individuals identified as high risk

1 assumes a 4-minute interpretation by a cardiologist

Table 2: Estimated population-level atrial fibrillation diagnoses and clinical events based

on the PULSE-AI trial screening strategy compared with routine care only

PULSsE-AI trial screening

Routine care only




strategy

Diagnosed through screening intervention 45,493 0
Other diagnoses in first six months 6,342 7,598
Diagnosed during lifetime 152,715 182,948
Total diagnosed 204,550 190,546
Total never diagnosed 70,739 84,743
Total clinical events 332,752 333,249

N in each arm is 3,303,468 and based on the estimate number of individuals in the UK > 30 years of age and at high risk of
undiagnosed atrial fibrillation

Table 3: Cost-effectiveness of the PULSE-AI trial screening strategy

PULSE-AI trial screening . Incremental
Routine care only
strategy
Patient- Population- Patient- Population- Patient- Population-

level level level level level level
Costs
Screening £11 £37,158,702 £0 £0 - -
Treatment £413 £1,362,911,977 £346 £1,143,278,923 - -
Events £1,562 | £5,158,553,483 £1,542 £5,093,145,162 - -
Total £1,985 | £6,558,624,163 £1,888 | £6,236,424,085 - -
QALYs
Individuals
with AF
diagnosed 0.15 510,364 0.02 66,091 - -
through
screening
Individuals
with AF not
diagnosed 0.56 1,836,665 0.67 2,200,268 - -
through
screening
Individuals
without AF 11.86 39,188,892 11.86 39,188,892 - -
Total 12.57 41,535,921 12.55 41,455,252 - -
Cost-effectiveness
Incremental . - - - £98 | £322,200,078
costs
Incremental
QALYs - - - - 0.02 80,669
ICER
(£/QALY) - - - - £3,994

N in each arm (for population-level) is 3,303,468 and based on the estimate number of individuals in the UK > 30 years of
age and at high risk of undiagnosed atrial fibrillation




Figures

Figure 1: PULSE-AI trial schematic

AF: atrial fibrillation; ECG: electrocardiogram

(without AF, = 30 years, registered to a participating GP practice)

|
' '

[ Randomised to intervention Randomised to control J

‘ Eligible participants ’

Application of AF

« risk-prediction algorithm

—_—

Higher risk of Low risk of Higher risk of Low risk of
undiagnosed AF undiagnosed AF undiagnosed AF undiagnosed AF
]

I | C—

Accepted
invitation to
attend research

Did not attend
research clinic

clinic for Li ' . A —

screening via Routine clinical

12-lead ECG and Routine clinical practice for the
2-weeks of practice for the diagnosis of AF, atria

home-based diagnosis of AF, flutter, and fas
monitoring with atrial flutter, and

KardiaMobile fast atrial

device tachycardia
y
Data colle

Medical records of study participants provi

and fast atrial tachycardia diagno,

N

the study period

AF, atrial flutter,




Figure 2: Screening decision tree

AF: atrial fibrillation
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Figure 3: Diagnostic and treatment pathway for the screening strategy

AF: atrial fibrillation; DOAC: direct oral anticoagulant; EGC: electrocardiogram
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Figure 4: Markov model flow diagram

AF: atrial fibrillation; ICH: intracranial hemorrhage; MI: myocardial infarction
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