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Abstract 

Atrial fibrillation (AF) is common and associated with increased risk of stroke, heart 

failure and death, yet a fifth of AF disease burden is estimated to be undiagnosed. 

Screening for AF can increase early detection of AF and associated guideline-directed 

treatment, but is limited by low yields of newly detected AF. A scalable strategy is 

required to identify high-risk individuals to make screening for AF more efficient. In the 

United Kingdom (UK), 98% of the population are registered in primary care with a 

routinely-collected electronic health record (EHR). The aim of my thesis was to design 

and evaluate a prediction model that estimates risk of new-onset AF using nationwide 

routinely-collected primary care EHR data.  

 

A systematic review and meta-analysis was completed to establish the current 

knowledge base and to inform quantitative analysis. Multivariable prediction models 

developed and/or validated for incident AF in community-based EHRs were 

summarised and measures of discrimination performance synthesised. Models eligible 

for meta-analysis demonstrated only moderate discrimination performance and 

predicted AF risk over a long prediction horizon, which may be less relevant to guiding 

AF screening. Models developed with machine learning produced stronger prediction 

performance for new-onset AF than models developed with traditional regression 

techniques. Knowledge gaps observed in the systematic review were used to formulate 

the protocol for developing a novel prediction model for new-onset AF. 

 

Studies were conducted using UK primary care EHRs of 2 081 139 individuals aged 30 

years and older without a preceding diagnosis of AF or atrial flutter. A prediction model 

for incident AF within the next 6 months was developed using a Random Forest 

classifier (Future Innovations in Novel Detection of Atrial Fibrillation, FIND-AF). FIND-

AF could be applied to all EHRs in the dataset and demonstrated excellent 

discrimination performance on internal validation in the holdout testing dataset (area 

under the receiver operating characteristic curve [AUROC] 0.824, 95% CI 0.814-

0.834). Discrimination performance was robust in both men (AUROC 0.819, 95% CI 

0.809-0.829) and women (AUROC 0.821, 95% CI 0.810-0.831), and across different 

ethnic groups (AUROC, White 0.810, 95% CI 0.799-0.821; Asian 0.796, 95% CI 0.693-

0.893; Black, 0.801, 95% CI 0.680-0.973; other non-White ethnic minority, 0.805, 95% 

CI 0.765-0.845; and ethnicity unrecorded 0.823, 95% CI 0.770-0.875).  

 

The EHRs in the testing dataset were then used to determine the association of higher 

predicted risk of AF and the occurrence of other cardio-renal-metabolic diseases and 
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death. Cumulative incidence rates were calculated and Fine and Gray’s models fitted at 

1, 5, and 10 years for nine diseases and death adjusting for competing risks. Higher 

predicted risk of AF, compared with lower predicted risk, was associated with higher 

risk of each of the outcomes (hazard ratio [HR], heart failure 12.54, 95% CI 12.08-

13.01; aortic stenosis 9.98, 95% CI 9.16-10.87; stroke/transient ischaemic attack 8.07, 

95% CI 7.80-8.34; chronic kidney disease 6.85, 95% CI 6.70-7.00; peripheral vascular 

disease 6.62, 95% CI 6.28-6.98; valvular heart disease 6.49, 95% CI 6.14-6.85; 

myocardial infarction 5.02, 95% CI 4.82-5.22; diabetes mellitus 2.05, 95% CI 2.00-2.10; 

chronic obstructive pulmonary disease 2.02, 95% CI 2.00-2.05; and death 10.45, 95% 

CI 10.23-10.68), including after adjustment for age, sex, ethnicity, and presence of any 

of the other outcomes at baseline. 

 

Research grant funding was applied for and awarded to conduct a prospective clinical 

validation study of the performance of FIND-AF. Ethics approval was achieved and a 

study protocol formulated to implement the algorithm in the UK primary care setting 

and establish the yield of new AF across risk estimates when electrocardiogram 

monitoring is conducted.   

 

Parsimonious regression-based prediction models for new-onset AF were also 

developed and internally validated for prediction horizons extending from 6 months 

(AUROC 0.803, 95% CI 0.789-0.821) to 10 years (AUROC 0.780, 95% CI 0.777-

0.784), with the aim that these can be applied outside of an EHR setting as a web-

based app or risk scoring system, and be used to guide both screening and primary 

prevention interventions for AF.   

 

In conclusion, my PhD has developed and evaluated novel prediction models for new-

onset AF using EHR data routinely recorded in primary care. Such an endeavour 

addresses an unmet clinical need to efficiently guide AF screening at a population 

level, in the face of unacceptable morbidity when AF is only diagnosed after the first 

complication. The results of my PhD will not only provide a means to test the 

effectiveness of a risk-guided AF screening strategy in clinical studies, but also to 

further characterise individuals with the machine learning-derived EHR phenotype of 

higher predicted AF risk to determine if this is an actionable target to further improve 

patient outcomes. 
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Part I 

Chapter 1 Introduction 

In this thesis I will present the development of prediction models for new-onset atrial 

fibrillation (AF) using only routinely-collected data available in the community. A 

systematic review will be conducted to summarise and evaluate prediction models that 

have previously been developed and/or validated for new-onset AF using data routinely 

available in the community. This will inform the development of a prediction model 

through a supervised machine learning technique for use in United Kingdom (UK) 

primary care electronic health records (EHRs). Furthermore, how risk of AF is 

associated with occurrence of other diseases and death will be established. Moreover 

a study will be designed to prospectively clinically validate the prediction model. Such 

an endeavour aims to inform efforts to improve the clinical and cost-effectiveness of 

screening for AF. Consideration will also be given to the development of parsimonious 

models for prediction of new-onset AF over both short and long prediction horizons, 

which could be utilised outside of an EHR system. The thesis is structured in 

accordance with the format of an alternative style of doctoral thesis including published 

material of the University of Leeds. 

 

In Part I, I highlight the epidemiology of AF, complications after it develops, and current 

guidelines for clinical management. I then summarise the rationale and current 

evidence for AF screening, the utility of multivariable prediction models for new-onset 

AF (herein also referred to as incident AF) for guiding AF screening, and the limitations 

of existing models. Finally, I discuss how AF is associated with the development of a 

range of diseases and death, which leads to my hypothesis that individuals identified at 

higher risk of AF may also be at elevated risk of other outcomes. 

 

In Part II, I outline the accomplishments of my PhD studies by presenting papers that 

have been published, or are under review, with peer-reviewed journals. These papers 

report: i) the development of prediction models for incident AF, ii) the quantification of 

the association of predicted AF risk with non-AF outcomes, and iii) the formulation of a 

protocol for the prospective clinical validation of an AF prediction model.  

 



2 
 

Part III comprises a critical discussion of the presented material in the context of the 

literature, with an overview of potential future directions and challenges. Figure 1 

provides a central illustration of my PhD studies and accomplishments. 

 

Figure 1 Central illustration of the PhD studies and accomplishments 

 

 

Abbreviations: AF, atrial fibrillation; EHR, electronic health record 

  



3 
 

 

1.1 Atrial Fibrillation 

1.1.1 Definition of atrial fibrillation 

AF is defined as a supraventricular tachyarrhythmia with uncoordinated atrial electrical 

activation and consequently ineffective atrial contraction, having the following 

electrocardiographic characteristics: (i) irregularly irregular R-R intervals (where 

atrioventricular conduction is not impaired), (ii) absence of distinct repeating P waves, 

and (iii) irregular atrial activations.1 Five patterns of AF are distinguished according to 

the 2020 European Society of Cardiology (ESC) guidelines,1 based on presentation, 

duration, and mode of termination of AF episodes (Table 1).2 

 

Table 1 Classification of atrial fibrillation according to the 2020 European Society of 
Cardiology Guidelines  

AF pattern Definition 

First diagnosed AF not diagnosed before (also called new-onset AF) 

Paroxysmal AF that terminates spontaneously or with intervention within 7 
days of onset 

Persistent AF that is continuously sustained beyond 7 days, including 
episodes terminated by cardioversion (drugs or electrical 
cardioversion) after > 7 days 

Long-standing 

persistent 

Continuous AF of >12 months, when deciding to adopt a 
rhythm control strategy. 

Permanent AF that the patient and physician accept, and no further 
attempts to restore/maintain sinus rhythm will be undertaken 

Abbreviations: AF, atrial fibrillation 

 

 

1.1.2 Pathophysiology and atrial remodelling 

AF is characterised with rapid and uncoordinated atrial electrical activity.2 Electrical re-

entry following triggered activity upon a vulnerable substrate precipitates AF.3 Early 

afterdepolarisations and delayed afterdepolarisations are the main form of triggered 

activity.4 Ectopic beats originating from the pulmonary vein have been identified as the 

initiating trigger in paroxysmal AF.5 Anatomic re-entry is mainly due to focal structural 

changes and fibrosis, while functional re-entry is related to reduction of conduction 

velocity or reduction of the effective refractory period in the atrial myocardium.4, 6, 7 

Pathological stimuli such as inflammatory and oxidative stress (diabetes mellitus [DM], 
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obesity and renal failure) as well as volume and pressure overload (hypertension, left 

ventricular diastolic and systolic dysfunction, and valvular heart disease [VHD]) result in 

left atrial (LA) structural and functional remodelling promoting AF.4, 8      

 

1.1.3 Incidence and prevalence of atrial fibrillation 

AF is the most common sustained arrhythmia,1 and its incidence and prevalence have 

risen over recent decades. Globally data suggests that the incidence rate has 

increased by 31% between 1997 and 2017, from 309 new cases per million inhabitants 

to 403 new cases per million inhabitants. Over this time period the prevalence of AF 

has also increased by 33%, to over 37 million cases.9 In the European Union (EU), the 

number of adults aged over 55 years with AF is projected to rise from 8.8 million in 

2010 to 17.9 million in 2060.10 

 

The incidence of AF in the United Kingdom is one of the highest globally, and is on the 

rise. Earlier work that I was involved in, and is outwith of this thesis, demonstrated that 

that age- and sex-standardised incidence of AF increased by 30% from 1998 to 2017 

(322 per 100 000 person-years vs 247 per 100 000 person-years; adjusted incidence 

rate ratio [IRR] 1∙30, 95% CI 1∙27 - 1∙33), and that crude incidence increased by 47% 

from 250 per 100 000 people in 1998 to 367 per 100 000 people in 2017.11 We 

estimated that the absolute number of yearly new diagnoses of AF had increased by 

72% in 2017 compared to 1998 (202 333 vs 117 880). Notably, the total number of new 

AF cases diagnosed each year in England (202 333) outstripped the combined total 

number of cases of breast, prostate, lung and bowel cancer in 2021 (199 608).12 Thus 

AF is an emerging public health crisis. 

 

1.1.4 Complications of atrial fibrillation 

1.1.4.1 Stroke and systemic emboli 

In the Framingham Heart study (FHS) patients with non-rhuematic AF, compared to 

those without, have a five-fold higher risk of stroke and systemic embolism.13 In stroke 

registries, at least a third of patients with ischemic stroke have either previously 

known,14, 15 or newly detected AF at the time of stroke.16 In more than 25% of AF-

related strokes, stroke is the first manifestation of AF.14  

 

There is evidence that AF is associated with a state of blood stasis, endothelial 

dysfunction and clotting activation, thus fulfilling Virchow’s triad of criteria for thrombus 
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formation.17, 18 The formation of thrombus in the fibrillating atria leads to the potential of 

embolism, which may occlude a distal blood vessel. In the brain, this causes cerebral 

ischaemia, and potentially infarction.18, 19 

 

Extracranial systemic embolism is much less common than stroke in patients with AF.20 

In a pooled analysis of four AF antiplatelet and anticoagulation randomised clinical 

trials (RCTs) including 37 973 patients from more than 40 countries, 221 systemic 

embolic events occurred during a mean follow-up of 2.4 years, representing 11.5% of 

total clinically apparent embolic events.21 Systemic embolic events occurred mostly in 

the lower limbs (58%) and the mesenteric circulation (22%).21 

 

1.1.4.2 Cognitive impairment and dementia 

Cognitive decline is strongly linked to AF, and both are associated with advanced 

age.22 Compared with controls, the relative risk of cognitive decline for patients with AF 

is up to 1.8-fold higher.23-25 AF is associated with a heightened risk of cognitive 

impairment, dementia, Alzheimer’s disease, and vascular dementia, independently of 

common risk factors for dementia such as age, hypertension, DM, obesity, or stroke.26 

A multi-factoral mechanism underlies this association involving hypoperfusion, 

activation of the inflammatory and coagulative systems, endothelial injury and 

circulatory stasis promoting thrombogenicity, resulting in covert thromboembolism, 

micro-thromboembolism and white matter T2 hyperintense lesions on brain magnetic 

resonance imaging (MRI).20, 22  

 

1.1.4.3 Heart failure 

In the FHS the incidence of first-diagnosed heart failure (HF) in patients with AF was 33 

per 1000 person-years.13 AF and HF frequently co-exist, in part due to shared risk 

factors such as hypertension, DM, coronary artery disease (CAD), and VHD.20  

Individuals with AF are at higher risk of developing both heart failure with preserved 

and reduced ejection fraction (HFpEF and HFrEF),27 and the presence of AF is part of 

the H2FPEF risk scoring system for the diagnosis of HFpEF.28 In fact, in the FHS the 

risk of incident HFpEF (hazard ratio [HR] 2.34, 95% CI 1.48–3.70) was higher than that 

of HFrEF (HR 1.32, 95% CI 0.83–2.10).27  

 

1.1.4.4 Coronary artery disease 
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In the REGARDS study, AF was associated with a two-fold increased risk of 

myocardial infarction (MI) (HR 1.96, 95% CI 1.52-2.52),29 with a greater risk in women 

(HR 2.16, 95% CI 1.41–3.31) compared with men (HR 1.39, 95% CI 0.91–2.10). AF 

and MI share similar risk factors, and therefore, common pathophysiologic processes 

might drive both outcomes. However, there could be AF-specific mechanisms that 

could lead to MI. For example, it has been demonstrated that AF creates and sustains 

an inflammatory and prothrombotic environment,30 with systemic platelet activation, 

thrombin generation and endothelial dysfunction.31 

 

1.1.4.5 Death 

In a systematic review and meta-analysis of 64 studies including over a million patients, 

(149 746 [14.8%] of them having AF), AF increased the risk of death by 46% (pooled 

relative risk [RR] 1.46, 95% CI 1.39–1.53), with a greater increase in the risk of death 

from a cardiovascular cause (RR] 2.03, 95% CI: 1.79–2.30).32  

 

1.1.5 Management of atrial fibrillation 

Clinical management of patients with AF is based on the structured characterisation of 

AF (the 4S-AF scheme) recommended in the 2020 ESC guidelines.1 The 4S-AF 

scheme addresses four specific domains in AF: Stroke risk, Symptom severity, Severity 

of AF burden, and Substrate severity. 

 

1.1.5.1 Stroke risk and prevention 

The main strategies for stroke prevention include oral anticoagulation - with either 

vitamin K antagonists (VKAs) or direct oral anticoagulants (DOACs) - and 

percutaneous LA appendage occlusion.33 Oral anticoagulation can reduce rates of 

stroke by 64%,34 with DOACs slightly more effective and much safer pertaining to the 

bleeding risk, than the VKA warfarin.35 The ESC and National Institute for Health and 

Care Excellence (NICE) guidelines recommend that that the decision whether or not to 

commence an oral anticoagulant (OAC) in people with non-valvular AF should be 

based upon an objective stroke-risk scoring system, specifically the CHA2DS2-VASc 

score (Table 2).1, 36 It is recommended that patients with low risk of stroke (CHA2DS2-

VASc 0 in men, 1 in women) should not receive an OAC for stroke prophylaxis. For 

men with a CHA2DS2-VASc of 1 and women with a CHA2DS2-VASc of 2, it is 

recommended that OACs should be considered, especially if age is the contributing 

risk factor. In men with a CHA2DS2-VASc ≥2 and in woman with a CHA2DS2-VASc ≥3 

treatment with OAC is recommended.  
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Table 2 Assessment of stroke risk using CHA2DS2-VASc 

Criteria Value Clarification Points 

Age <65 years old  0 

 65-74 years  1 

 ≥75 years  2 

Sex Men  0 

 Women  1 

Congestive heart failure 
history 

Yes/no Clinical HF, or 
objective 
evidence of 
moderate to 
severe left 
ventricular 
systolic 
dysfunction, or 
HCM 

1 

Hypertension history Yes/no or any 
antihypertensive 
therapy 

1 

Stroke/TIA/systemic 
embolism history 

Yes/no  2 

Vascular disease 
history 

Yes/no Angiographically 
significant CAD, 
previous MI, 
PAD, or aortic 
plaque 

1 

Diabetes mellitus 
history 

Yes/no Treatment with 
oral 
hypoglycaemic 
drug and/or 
insulin or fasting 
blood glucose 
>125mg/dl 

1 

Abbreviations: CAD, coronary artery disease; HCM, hypertrophic cardiomyopathy; HF, 
heart failure; MI, myocardial infarction; PAD, peripheral arterial disease; TIA, transient 
ischaemic attack 

 

 

Both ESC and NICE guidelines recommend that bleeding risk should be assessed, and 

that risk factors for bleeding should be modified alongside a decision to commence 

OAC, but that a high bleeding risk should not generally result in withholding OAC.1, 36 

NICE guidelines currently recommend bleeding risk assessment with the HAS-BLED 
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score (Table 3). In patients that are unable to take an OAC because it is 

contraindicated or not tolerated, a LA appendage occlusion device is a potential option. 

 

Table 3 Assessment of bleeding risk using HAS-BLED 

Criteria Value Clarification Points 

Hypertension Yes/no SBP>160mmHg 1 

Abnormal renal 
and/or hepatic 
function 

Yes/no Dialysis, transplant, 
serum creatinine 
>200 mmol/L, 
cirrhosis, bilirubin > 
2x upper limit of 
normal, 

AST/ALT/ALP >3x 
upper limit of 
normal 

1 point for each 

Stroke Yes/no Previous ischaemic 
or haemorrhagic 
stroke 

1 

Bleeding history or 
predisposition 

Yes/no Previous major 
haemorrhage or 
anaemia or severe 
thrombocytopenia 

1 

Labile INR Yes/no TTR<60% 

Only relevant in 
patients receiving 
VKA 

1 

Elderly  Yes/no Age >65 years or 
extreme frailty 

1 

Drugs or excessive 
alcohol drinking 

Yes/no Concomitant use of 
antiplatelet or 
NSAID; and/or 
excessive alcohol 
per week (>14 
units per week) 

1 

Abbreviations: ALP, alkaline phosphatase; ALT, alanine transaminase; AST, aspartate 
aminotransferase, NSAID, non-steroidal anti-inflammatory drug; SBP, systolic blood 
pressure; TTR, time in therapeutic ratio; VKA, vitamin K antagonist 

 

 

It is worth noting that none of the DOACs are currently recommended for patients with 

‘valvular AF’ (usually considered as those with moderate-severe mitral stenosis or a 

mechanical heart valve).1, 36 All individuals with a mechanical heart valve or moderate-

severe mitral stenosis are recommended to be offered oral anticoagulation with a VKA 

irrespective of CHA2DS2-VASc score.1 



9 
 

 

1.1.5.2 Symptom severity 

AF symptomatology varies greatly. About one-third of patients with AF are 

asymptomatic, whereas others experience highly symptomatic and disabling symptoms 

resulting in poor quality of life (QoL).1 Symptoms can include palpitations, dyspnoea, 

fatigue, chest pain, poor effort tolerance, dizziness, syncope, and disordered sleeping.1 

Symptom severity is stratified according to the European Heart Rhythm Association 

(EHRA) symptom score (Table 4). 
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Table 4 The European Heart Rhythm Association symptom score 

Score Symptoms Description 

1 None AF does not cause any symptoms 

2a Mild Normal daily activity not affected by symptoms related to AF 

2b Moderate Normal daily activities not affected by symptoms related to 
AF, but patient troubled by symptoms 

3 Severe Normal daily activity affected by symptoms related to AF 

4 Disabling Normal daily activity discontinued 

Abbreviations: AF, atrial fibrillation 

 

 

1.1.5.3 Severity of atrial fibrillation burden 

The decision for rate or rhythm control depends on the severity of AF as defined by its 

temporal pattern and the severity of symptoms.  

 

In the rate control strategy, the target heart rate of less than 80 beats per minute at rest 

and less than 110 beats per minute at moderate exercise can be achieved according to 

current recommendations using beta-receptor blockers, non-dihydropyridine calcium 

channel blockers, digoxin or amiodarone; or atrioventricular node ablation when 

pharmacological therapy fails.1  

 

The rhythm control strategy aims at the restoration and maintenance of sinus rhythm 

by electrical cardioversion, antiarrhythmic medication or catheter ablation.1 The most 

recent ESC guidelines recommend rate control as:1  

 Background therapy in all patients with AF 

 First choice therapy in patients with no or minor symptoms 

 Therapy after failure of rhythm control 

 Therapy when risks of restoring sinus rhythm outweighs benefits 

 

And rhythm control for:1 

 Symptom and quality of life improvement in symptomatic patients with AF 

 Patients with heart failure 

 Patients aged less than 65 years, or those who have daily activities requiring 

optimal cardiac performance 
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1.1.5.4 Substrate severity  

Assessment of atrial cardiomyopathy, using transthoracic or transoesophageal 

echocardiography, cardiac magnetic resonance imaging (cMRI) and cardiac computed 

tomography, is crucial in AF management.1 Obesity, physical inactivity, obstructive 

sleep apnea (OSA), DM, hypertension, dyslipidaemia, alcohol abuse, and smoking are 

considered risk factors for the development and progression of AF.37 Most of these AF 

risk factors can potentially be reversed or controlled, and evidence supports that 

addressing these modifiable risks contribute to secondary AF prevention.37, 38 Patients 

with AF who have comprehensively managed their risk factors demonstrate greater 

reduction in symptoms, reduction in AF burden, and more successful ablations.39-41 

Risk factor management is now integrated into the ESC guidelines as an additional 

pillar of AF management.1 

 

1.1.6 Economic burden of atrial fibrillation 

The incremental cost of AF at a national scale in the United States of America (USA), 

comparing patients with AF and matched controls without AF, is estimated to be $26 

billion.42 In the UK, it is estimated that the direct and proportion of National Health 

Service (NHS) expenditure for AF in 2030 will be between £2 351 million (1.11%) and 

£5 562 million (2.63%), with nearly 60% of that cost related to primary admissions.43  

 

1.1.7 Summary 

 AF is reaching epidemic proportions. 

 AF is associated with a range of adverse outcomes, including stroke, heart 

failure, and death. 

 There are effective evidence-based treatments and structured pathways for the 

management of AF.  

 For many patients the first presentation of AF is with a complication. 

 Thus the early diagnosis of AF, before the manifestation of the first 

complication, remains a major public health challenge. 

 

1.2 Aims and Objectives 

In this thesis I will develop a prediction model for incident AF using routinely-collected 

data in primary care EHRs, establish how risk of AF relates to outcomes beyond AF, 

and establish a protocol for prospective validation of the model in a clinical study. 
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1.2.1 Objectives 

1. Establish whether prediction models for incident AF have been developed 

and/or validated in primary care EHRs, summarise the techniques used to 

develop these models, and evaluate the performance of the models. 

2. Develop a prediction model for incident AF using a supervised machine learning 

(ML) approach with routinely-collected data in a primary care EHR database. 

3. Establish whether individuals identified as higher risk of AF by the ML algorithm 

are also at increased risk for other outcomes. 

4. Design a study to prospectively clinically validate the ML algorithm for prediction 

of incident AF. 

5. Develop parsimonious prediction models for new-onset AF using traditional 

regression techniques with routinely-collected data from a primary care EHR 

database. 

 

1.2.2 Research questions 

1. Are there prediction models for incident AF that have been derived or validated 

in primary care EHRs? 

2. What is the reported performance of prediction models for incident AF in 

primary care EHRs? 

3. What prediction model development techniques have been used in EHR 

databases to predict incident AF? 

4. Will a supervised machine learning algorithm demonstrate better prediction 

performance than a traditional regression technique for incident AF in primary 

care EHR data? And, if so, will it also outperform previously developed and/or 

validated prediction models? 

5. Is it possible to accurately predict incident AF over a short prediction horizon (6 

months) using a primary care EHR dataset? 

6. Is it possible to accurately predict incident AF when restricting predictors to age, 

sex, ethnicity and comorbidities? 

7. What is the appropriate clinical study design to prospectively validate a 

prediction model for incident AF? 

8. What is the association between higher risk of AF and occurrence of cardio-

renal-metabolic diseases and death? 

9. Is it possible to develop parsimonious prediction models for AF that can be 

optimised for both short and long prediction horizons whilst using the same 

variables? 
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1.3 Screening for atrial fibrillation 

Diagnosing AF earlier in the disease trajectory could lead to initiation of effective 

therapy, including OACs to reduce stroke and death.44 Accordingly screening for AF 

has been suggested as one strategy to increase AF detection.45  

 

1.3.1 Screening for disease 

The Commission on Chronic Illness Conference on Preventative Aspects of Chronic 

Disease, held in 1951, defined screening as “the presumptive identification of 

unrecognised disease or defect by the application of tests, examinations, or other 

procedures which can be applied rapidly”.46 The UK National Screening Committee 

define screening as “a process of identifying apparently healthy people who may be at 

risk of a disease or condition…they can be offered information, further tests, 

appropriate treatment to reduce their risk and/or any complications arising from the 

disease or condition.47 Accordingly, screening will involve testing of people who either 

do not have or have not recognised the signs or symptoms of the condition being 

tested for (that is, they believe themselves not to have the condition the screening 

relates to), where the purpose is to reduce risk for that individual of future ill health 

related to that condition.47 In the UK NHS several large-scale population screening 

programmes exist, including abdominal aortic aneurysm screening to men during the 

year they turn 65, and bowel cancer screening to people aged 60 to 74 every two 

years.48 In this Section I summarise the current evidence base for screening for AF.  

 

1.3.2 Burden of undiagnosed atrial fibrillation 

Estimates of the prevalence of undiagnosed AF are often based on patient screening 

studies. In a Spanish multi-centre, population-based, retrospective, cross-sectional, 

observational study, 1 043 participants over the age of 60 years were randomly 

selected to undergo an ECG in a pre-arranged appointment.49 Amongst the 

participants, with a mean age of 78.9 years, 91 (8.7%) were already known to have AF, 

but 23 (2.2%) were found to have AF on the ECG that was previously undiagnosed. 

During the Belgian Heart Rhythm Week, volunteers aged 40 years and older were 

invited to participate in a free screening programme via flyers and via a media 

campaign.50 Of 10 758 participants screened using a one-lead ECG hand-held monitor 

228 participants had AF diagnosed at the time of screening, representing a prevalence 

of 2.2% (95% CI 1.3%-3.0%) in the screened population.  
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One report from the USA applied a non-parametric back-calculation methodology to 

estimate the prevalence of undiagnosed AF.51 Based on measuring the incidence of 

stroke in a retrospective cohort of health insurance claims data from Medicare between 

2004 and 2010, the authors then back-calculated total AF prevalence based on the 

attributable risk of AF to stroke. Based on this method the authors estimated that the 

total prevalence (undiagnosed and diagnosed) of AF in the USA was estimated to be   

5 331 000 (2.4% of adults), with 698 900 (13.1%) undiagnosed (without a diagnostic 

code of AF in their claims data). In the UK, a report has estimated that 305 262 

individuals in the UK have undiagnosed AF.52 The authors found that the prevalence of 

AF in the North West London Whole Systems Integrated Care data warehouse in 2019 

was 3.0% (17 800 of 604 135). The authors used the National Cardiovascular 

Intelligence Network method to calculate that the national total AF prevalence in 2019 

was 1 480 221 but the number of patients registered as having an AF diagnosis on 

Quality Outcomes Framework (QOF) in 2019 was 1 174 949.  

 

1.3.3 Risk of stroke and death in untreated screen-detected atrial 

fibrillation 

No data specifically address the risk of stroke and death in untreated screen-detected 

AF in the general population. The closest approximation includes cohort studies of 

individuals with AF detected incidentally in the absence of symptoms. In a cohort from 

Olmstead County, Minnesota individuals who were asymptomatic at presentation were 

three times as likely to have had an ischemic stroke before AF diagnosis, and in follow-

up they had similar risk of stroke and death as those with symptomatic AF.53 In a later 

study individuals with asymptomatic AF at presentation had an increased risk for 

cardiovascular (HR, 3.12, 95% CI 1.50–6.45) and all-cause mortality (HR 2.96, 95% CI 

1.89–4.64) compared to those with typical symptoms after adjustment for CHA2DS2-

VASc score and age.54 In 5 555 patients with asymptomatic AF detected incidentally in 

general practice, the adjusted stroke rate in the 1 460 untreated patients was 4% and 

all-cause mortality 7% over 1.5 years of follow-up compared with 1% and 2.5%, 

respectively, in matched controls without AF.55, 56 Overall this data suggests that 

‘screen-detected’ AF, that is, AF found on a single-timepoint ECG incidentally in the 

absence of symptoms, is not a benign condition and carries a significant risk of adverse 

outcomes.57   

 

1.3.4 Response to treatment of screen-detected atrial fibrillation 
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Screening for a particular disease implies that an effective therapy improves outcomes. 

For AF, OACs have a major impact on reducing stroke, systemic embolism, and all-

cause mortality.35 In the cohort study of 5 555 asymptomatic patients with AF detected 

incidentally in general practice, OAC therapy (n = 2 492) compared with no 

antithrombotic therapy (n = 1 460) was associated with significantly reduced adjusted 

risk of stroke from 4% to 1% and death from 7% to 4% in only 1.5 years, suggesting 

that screen-detected AF may respond similarly.55, 56  

 

1.3.5 Current diagnostic pathways for atrial fibrillation in the United 

Kingdom National Health Service 

Recommendations from NICE for diagnosis of AF centre around the situation where 

symptoms prompt the patient to present to healthcare services.36 Patients may also 

present with a complication of AF, such as heart failure or stroke, as AF is commonly 

asymptomatic.58 During a clinical examination, palpation of the pulse may reveal an 

irregularly irregular rhythm, which would raise suspicion for AF, and prompt evaluation 

with a 12-lead ECG.36 If there is a suspicion of paroxysmal AF, a more prolonged 

period of ECG monitoring may be required to detect an episode such as ambulatory 

ECG monitoring (which records a prolonged surface ECG), an event recorder (which is 

activated by the patient when symptoms occur), or an implantable loop recorder (ILR).1, 

36 

 

In the UK NHS there is no specific early identification or screening pathway for patients 

with asymptomatic undiagnosed AF before a complication. The current NHS 

recommended practice for these patients is for a healthcare professional to palpate a 

person’s pulse during a NHS health check or during blood pressure checks to try to 

detect an irregular rhythm. However, this approach has low sensitivity (87%) and 

specificity (70%) for identifying an individual likely to have AF.1 Moreover, even if an 

irregular pulse is noted the person then requires an ECG to confirm the diagnosis – 

necessitating a further investigation at another appointment when AF may not be 

apparent.59 Furthermore, fewer than half of eligible people participate in NHS health 

checks and many patients with AF do not have hypertension.60 As such, there are 

many circumstances where people with AF will fail to be diagnosed and treated to 

prevent stroke during routine clinical practice. 

 

1.3.6 Screening methods for atrial fibrillation detection 
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Screening methods for AF include pulse palpation,61 automated blood pressure 

monitors,62, 63 watches,64, 65 smartphone applications,66 single-lead ECG recorders,67 

continuous ECG patches,68 long-term holter monitoring, and wearable belts for ECG 

recording.69 Patient-activated ECG recorders (Figure 2) can also be effective in 

asymptomatic individuals if regular ECG recording is performed at the predefined time 

(e.g. twice daily in the STROKESTOP RCT).67, 70  

 

Figure 2 The Zeincor hand-held patient-activated lead-I electrocardiogram recorder, 
reproduced with permission from Zenicor® 

 

 

Continuous ECG devices are available with a recording time from 24 hours to several 

weeks. Continuous ECG has a higher diagnostic yield than corresponding intermittent 

ECG, but continuous ECG is limited by the risk of skin irritation which can affect 

compliance.71 ILRs are small devices which are inserted subcutaneously on the chest 

and are used for long-term ECG event recording, even up to several years, and 

associated with yields of up to 30% amongst high-risk individuals.72 The use of ILR in 

AF screening at scale is limited by the invasive procedure needed for implantation, the 

high cost for devices, and the high workload associated with adjudication of long-term 

monitoring.71 

 

Smartwatches and other ‘wearables’ can passively measure pulse rate from the wrist 

using an optical sensor for photoplethysmography (PPG) and alerting the individual 

wearing the device of a pulse irregularity (based on a specific algorithm for AF 

detection analysing pulse irregularity and variability). The current AF definition omits to 
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allow a diagnosis of AF based on PPG.1 Thus the use of these tools in AF screening 

requires further ECG confirmation in individuals suspected to have AF.   

 

As there is no diagnostic test with 100% sensitivity or specificity (Table 5), the 

screening process will result in false-positive and false-negative cases. For most 

individuals with risk factors for stroke, the risk of having AF without OAC treatment is 

higher than the risk of having OAC treatment without an AF diagnosis.71 Hence a 

missed diagnosis constitutes a higher risk than a falsely positive diagnosed AF, and a 

high sensitivity is very important for the screening test. On the other hand, if the 

disease prevalence is low in the screened population, the proportion of false positives 

will be of growing importance in the balance between sensitivity and specificity.71 For 

example, with an untreated disease prevalence of 5% and sensitivity and specificity of 

95%, a screening of 1 000 individuals will result in 48 true positives, 2 false negatives, 

902 true negatives and 48 false positives.71 Thus the population identified for screening 

is of critical importance. 

 

Table 5 Sensitivity and specificity of various atrial fibrillation screening tools 
considering the 12-lead electrocardiogram as the gold standard 

 Sensitivity Specificity 

Pulse taking73 87-97% 70-81% 

Automated BP monitors74, 

75 
93-100% 86-92% 

Single lead ECG76, 77 94-98% 76-95% 

Smartphone apps78, 79 91.5-98.5% 91.4-100% 

Watches80, 81 97-99% 83-94% 

Abbreviations: AF, atrial fibrillation; BP, blood pressure; ECG, electrocardiogram 
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1.3.7 Screening strategies for atrial fibrillation 

The two strategies used in AF screening are systematic and opportunistic screening. In 

systematic screening, an entire population or a stratum of a population is targeted for 

screening. This is the equivalent of NHS breast screening, which is offered every three 

years to women between the ages of 50 and 71.82   Opportunistic screening is a 

strategy in which the participant is offered screening during a healthcare visit not 

caused by a suspicion of the screened disease. 

 

Systematic screening presents a robust approach to aiming to investigate as much of 

the population as possible. However it is more expensive and requires a new pathway. 

It also involves a screening invitation, which has been demonstrated to introduce bias, 

resulting in lower participation rates amongst individuals with lower socio-economic 

status, longer distance to the screening site, and more comorbidities.70  

 

Opportunistic screening has several advantages.71 First, it will use the existing 

structure of the healthcare system and there is no need to organize a separate system 

for screening examinations. Second, patients with chronic diseases associated with AF 

development often have regular healthcare contacts, which will give enrichment to the 

screening process. Third, a participant could have particular confidence for the 

screening examination offered by their general practitioner, with whom they have 

regular contact.83 However there are drawbacks. Individuals never visiting healthcare 

facilities will not be offered screening in this setting. It is further possible that the pre-

existing workload of healthcare professionals will limit the screening capacity, both in 

terms of performing a test and in terms of handling positive findings. Moreover, 

accuracy of ECG reading has been shown to be variable in primary care.84 

 

Following the advent of heart rhythm recording devices for consumers – mainly 

smartwatches, smartphones, wearables and handheld units – consumer-initiated AF 

screening has become increasingly prevalent. The availability of these devices makes 

it possible for the user to make their own heart rhythm investigation without involving 

healthcare services. The increased availability could give some advantages such as 

increased detection, but there are also several drawbacks to this development.71 First, 

many of these devices do not record ECG but PPG, and any suspicion of arrhythmia 

must be confirmed using ECG. Second, none of the automated interpretations 

algorithms in the devices have a specificity of 100%, and many users will get a false-

positive notification of arrhythmias, which could cause unnecessary worries to the user 

and further investigations consuming healthcare resources. Third, the groups where AF 
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prevalence will be higher - that is the elderly and those with cardiovascular 

comorbidities - are less often users of these types of devices. Finally, in publicly 

financed healthcare systems, there is a risk that consumer-initiated screening to some 

extent will displace other patient groups in the competition for healthcare resources.71 

In the Apple Heart Study and the Huawei heart study the mean age of the participants 

was low (35 and 41 years, respectively), and the AF yield was similarly low, at 0.09% 

and 0.04%, respectively.64, 85  

 

1.3.8 Clinical effectiveness of screening for atrial fibrillation 

1.3.8.1 Effect of screening for atrial fibrillation on detection rates of atrial 

fibrillation compared with routine care  

1.3.8.1.1 Opportunistic screening 

Randomised clinical trial data suggests that opportunistic screening for AF does not 

increase detection rates of AF compared with routine care in contemporary practice. 

The SAFE study was the first randomised AF screening trial at scale, starting in 2001,86 

and was to designed to determine the most cost-effective method of screening for AF 

in the population aged 65 years and over, using a single time-point ECG. It was set in 

general practice, using 25 practices for intervention and 25 practices for control. In the 

intervention practices, patients were randomly allocated to systematic (n = 5 000) or 

opportunistic (n = 5 000) screening. AF screening was performed using pulse taking 

followed by an ECG recording in cases with irregular pulse. In both systematic and 

opportunistic arms, AF detection was higher (1.63%) in the screened population 

compared to the control population (1.04%), and similar proportions of patients with 

new AF were detected using opportunistic or systematic approach. 

 

The D2AF and VITAL-AF trials investigated opportunistic screening for AF in primary 

care in the contemporary era. The D2AF trial was a cluster RCT involving 47 intention-

to-screen and 49 usual care primary care practices in the Netherlands. In each practice 

a fixed sample of 200 eligible patients were randomly selected. Opportunistic screening 

consisted of three index tests: pulse palpation, electronic blood pressure 

measurements with an AF algorithm, and ECG with a single lead hand-held ECG 

device. Detection of new AF was not significantly different between the intervention and 

control arm (144/8 874 patients in intervention arm [1.62%] vs 139/9 102 patients in the 

control arm [1.53%]; adjusted odds ratio [OR] 1.06, 95% CI 0.84-1.35). In the VITAL-AF 

trial 16 primary care clinics were randomised 1:1 to AF screening using a handheld 

single-lead ECG (AliveCor KardiaMobile) during vital sign assessments or usual care.  
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All confirmatory diagnostic testing and treatment decisions were made by the primary 

care clinician. New AF diagnoses over one-year follow-up were ascertained 

electronically and manually adjudicated. Of 30 715 patients without prevalent AF (n=15 

393 screening [91% screened], n=15 322 control), 1.72% of individuals in the 

screening group had new AF diagnosed at one year versus 1.59% in the control group 

(risk difference 0.13%, 95% CI -0.16–0.42, P=0.38). Overall, because the rate of AF 

diagnosis in routine care has increased over the last 20 years,11 these trials suggest 

that opportunistic screening for AF in primary care may not be useful when applied 

broadly to patients aged 65 years and older.  

 

1.3.8.1.2 Systematic screening 

By contrast, RCTs of systematic screening for AF, using either continuous or 

intermittent non-invasive ECG monitoring devices, guided by age or stroke risk, have 

demonstrated increased detection rates for AF compared to routine care (Table 6).67, 68, 

87, 88 Furthermore, a high proportion of individuals diagnosed with AF during systematic 

AF went on to be treated with OACs (Table 6). 
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Table 6 Detection rates for new atrial fibrillation in the intervention arm of systematic atrial fibrillation screening randomised clinical trials using non-
invasive devices 

Study Year Inclusion criteria N AF detection 
protocol 

Follow-
up 
period 

New AF detection 
rate (%) 

OAC initiation in 
newly diagnosed 
AF cases (%) 

STROKESTOP 
(Sweden) 

2015 Age 75-76 years 7 173 

12-lead ECG, then 
2-week single-lead 
handheld ECG 
recorder (Zenicor) 
twice daily 

2 weeks 

0.5 (initial 

assessment)  

3.0 (2 week) 

93 

STROKESTOP II 
(Sweden) 

2016 
Age 75-76 with a  

NT-proBNP >125 
3 766 

12-lead ECG, then 
2-week single-lead 
handheld ECG 
recorder (Zenicor) 
four times daily 

2 weeks 

0.5 (initial 
assessment) 

4.4 (2 week) 

94.5 

REHEARSE-AF 

(UK) 
2017 

Age >65-years with a 
CHA2DS2-VASc score ≥2  501 

Single-lead 
handheld recorder 
(AliveCor) twice 
weekly for 12 
months 

12 
months 

3.9 100 

mSToPS (USA) 2018 

Age ≥75 years, or a man 
≥55 years or woman ≥65 
years with one or more of 
the following comorbidities: 

 Prior CVA 

 Heart failure 

1 366 
Single-lead ECG 
patch (Zio XT) for 
up to 14 days 

4 months 3.9 
Not specified per 
new AF case 
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 Diagnosis of both 

diabetes and 

hypertension 

 Mitral valve disease 

 Left ventricular 

hypertrophy 

 COPD requiring 

home oxygen 

 Sleep apnoea 

 History of pulmonary 

embolism  

 History of myocardial 

infarction  

 Diagnosis of obesity 

SCREEN-AF 
(Canada and 
Germany) 

2021 
Age ≥75 years with 
hypertension 

434 

Single-lead ECG 
patch (Zio XT) for 
up to 14 days with 
automated home 
blood pressure 
machines with 
oscillometric AF 
screening capability 
to use twice-daily 
during the ECG 
monitoring periods. 

6 months 5.3  78 
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Abbreviations: AF, atrial fibrillation; CHA2DS2-VASc, Congestive heart failure, Hypertension, Age >75 years [2 points], Stroke/transient ischemic 
attack/thromboembolism [2 points], Vascular disease, Age 65-74 years, Sex Category; COPD, chronic obstructive pulmonary disease; CVA, 
cerebrovascular accident; ECG, electrocardiogram; NT-proBNP, N-terminal pro-B-terminal natriuretic peptide; OAC, oral anticoagulant; UK, United 
Kingdom; USA, United States of America 
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1.3.8.2 Effect of  screening for atrial fibrillation on health outcomes 

compared to routine care 

Health outcomes relevant to AF screening were considered by the USA Preventative 

Services Taskforce to be all-cause mortality, stroke, stroke-related morbidity and 

mortality, and quality of life.89 Two large RCTs have investigated the effect of AF 

screening on hard clinical endpoints, The LOOP and STROKESTOP studies.  

 

The STROKESTOP study randomized adults aged 75 or 76 years living in 2 regions of 

Sweden to an invitation to screening (n = 14 387) or to a control group that did not 

receive an invitation to screening (n = 14 381).67, 70, 90 At baseline, 12.1% of the 

intervention group and 12.8%of the control group had known AF.70 Of those invited to 

screening, 51.3% participated in the screening intervention, which was 2 weeks of 

twice-daily intermittent single-lead ECG monitoring with a handheld device for 30 

seconds. AF was diagnosed on screening in the presence of at least one 30-second 

recording with irregular rhythm without p waves or a minimum of 2 similar episodes 

lasting 10 to 29 seconds during 2 weeks of intermittent recording. The intervention was 

not masked, and outcome ascertainment was through national health registry data. The 

primary outcome was originally specified as ischemic stroke but was changed by study 

investigators in 2017 before any data analysis to a composite endpoint that included 

ischemic stroke, haemorrhagic stroke, systemic embolism, bleeding leading to 

hospitalisation, and all-cause mortality. At a median follow-up of 6.9 years, the rate of 

the composite endpoint events was significantly lower in the invitation-to-screening 

group (5.45 events/100 person-years) compared with the control group (5.68 

events/100 person-years) with an unadjusted HR of 0.96 (95%CI 0.92-1.00, p = 

0.045).70 No significant differences were observed between the invitation-to-screening 

group and the control group for any of the individual outcomes contributing to the 

composite end point. No findings were reported for the subgroup of participants without 

known AF at baseline. 

 

The LOOP study was a RCT conducted in four centres in Denmark. Individuals without 

known AF aged between 70 and 90 years, with at least one additional stroke risk 

factor, were randomly assigned 1:3 to ILR monitoring or routine care.72 Of 6 004 

individuals randomly assigned, 1 501 had ILR monitoring and 4 503 made up the 

control group, with a median follow-up of 5.4 years. An episode of 6 minutes of AF on 

continuous monitoring was sufficient for diagnosis and consideration of anticoagulation. 

The LOOP study found no significant reduction in the risk of stroke or systemic 
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embolism between the ILR group (67 of 1 501 [4.5%]) compared with the control group 

(251 of 4 503 [5.6%]; HR 0.80, 95% CI 0.61 – 1.05; p = 0.11).72  

 

Why do the results of the two RCTs differ? In the first instance, the sample size and the 

number of events was much smaller in The LOOP study, reflected in the wide 

confidence intervals for effect size, which may have left the study underpowered. 

Furthermore in The LOOP study, an episode of 6 minutes of AF on continuous 

monitoring was sufficient for diagnosis and consideration of anticoagulation. In the 

ASSERT study individuals with a duration of subclinical AF (SCAF) greater than 24 

hours were found to be at increased risk of stroke compared to those without AF but 

those with SCAF under 24 hours in duration were not found to be at increased risk.45, 91 

It is possible that the AF episodes diagnosed in STROKESTOP were more likely to be 

of longer duration and hence confer elevated stroke risk and thus had a greater benefit 

from oral anticoagulation. The threshold of SCAF duration detected on continuous 

monitoring that would benefit from oral anticoagulation is under evaluation in the 

ongoing ARTESiA) double-blind RCT that includes participants with stroke risk factors 

and an episode of SCAF of at least 6 minutes duration. Enrolled patients are 

randomised 1:1 to aspirin or apixaban, with a composite primary outcome of stroke and 

systemic embolism and a safety outcome of clinically overt major bleeding.   

 

A meta-analysis of four published RCTs (including the STROKESTOP and The LOOP 

studies) with a total of 35 836 participants following the intention-to-treat principle 

demonstrated a modest point estimate in favour of AF screening (RR 0.91, 95% CI 

0.84-0.99) but published trials were heterogeneous in their populations, definition of 

stroke, and screening methodology.92 The trial sequential analysis in the meta-analysis 

showed that the cumulative z-score from published data is insufficient to conclude the 

benefits of screening and calculated an optimal sample size of a total of 103 454 

participants randomised.92 Further trials exploring hard endpoints of AF screening in 

individuals without known AF are ongoing (Table 7).71  
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Table 7 Ongoing randomised clinical trials investigating the impact of atrial fibrillation screening on health outcomes 

Study Year Study design Size Follow-

up 

period 

Outcomes 

SAFER 2017 Age ≥70 years individuals from primary care randomised to receive 

screening through a single-lead handheld ECG recorder four times 

daily for three weeks  

126 000 5 years Ischaemic and 

haemorrhagic stroke 

GUARD-AF 2019 Age ≥70 years individuals without known AF or OAC from primary 

care randomised to receive screening through a continuous ECG 

patch  

52 000 2 years Stroke leading to 

hospitalisation and bleeding 

leading to hospitalisation 

HEARTLINE 2020 Age ≥65 years individuals randomised to screening through a 

smartwatch device and a healthy heart program 

150 000 3 years Composite of 

cerebrovascular events and 

all-cause death 

STROKESTOP 

II 

2017 Age 75-76 years Stockholm region inhabitants, randomised to 

receive screening procedure or usual care. Participants 

randomised to screening were assigned according to NT-proBNP 

levels to either one-stop screening or intermittent screening four 

times daily for two weeks with a single-lead handheld ECG 

recorder  

6 868 5 years Primary outcome: stroke or 

systemic embolism 

Secondary outcome: 

bleeding, stroke, systemic 

embolism, or all-cause 

death  

Abbreviations: ECG, electrocardiogram; OAC, oral anticoagulant; NT-proBNP, N-terminal pro-B-terminal natriuretic peptide
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1.3.8.3 Potential harms for participants of atrial fibrillation screening 

In neither of the STROKESTOP or The LOOP studies was screening for AF and 

treatment of newly-diagnosed AF associated with a statistically higher rate of major 

bleeding (interventions vs control arm: STROKESTOP hospitalisation for major 

bleeding, HR 0.98, 95% CI 0.91-1.06, p=0.65; The LOOP study major bleeding: HR 

1.26, 95% CI 0.95-1.69, p=0.11).70, 72  

 

Population-level screening could lead to significant numbers of false-positive results. 

These patients might be exposed to unnecessary additional investigations and health 

anxiety.45 There are limited data on the psychological effects of AF screening. The 

SAFE study collected data on anxiety levels and quality of life before and after 

screening. The screening seemed tolerable to most participants, but anxiety levels 

were higher amongst those screened positive for AF.86 A Semi-structured longitudinal 

interview study of participant engagement in the ongoing SAFER study found that 

participants were supportive of screening for AF, explaining their participation in 

screening as a ‘good thing to do’.93 Participants suggested screening could facilitate 

earlier diagnosis, more effective treatment, and a better future outcome, despite most 

being unfamiliar with AF. Participating in AF screening helped attenuate participants’ 

concerns about stroke and demonstrated their commitment to self-care and being a 

‘good patient’. Participants considered engaging in AF screening as low risk, with few 

perceived harms, if the screening device was non-invasive and they considered 

themselves unlikely to have the condition.93 

 

1.3.9 Cost-effectiveness of atrial fibrillation screening 

Economic assessment of AF screening depends on a range of factors:57, 71  

 Rate of undiagnosed AF in the target population 

 Difference in AF detection between the screening intervention and routine 

practice without screening  

 Stroke and mortality risk of the target population 

 Expected reduction in stroke and mortality and increase in bleeding risk from 

OAC 

 Cost of the screening methodology 

 Country-specific “willingness-to-pay” thresholds to avoid one stroke. 
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An economic analysis of the SAFE study showed, using probabilistic sensitivity 

analyses, a 60% likelihood that opportunistic screening was cost-effective in both men 

and women.86, 94 Reviews of systematic and opportunistic screening for AF detection 

indicate that both were more cost-effective than routine practice for those ≥65 years of 

age, although this outcome depends on method chosen, frequency of screening, and 

age.95, 96 The first health-economic study using actual long-term clinical follow-up data 

from the STROKESTOP study, extrapolated to a Markov model with a life-time 

perspective, showed that systematic screening for AF was associated with both lower 

costs and gained quality-adjusted life years (QALYs).97 The screening strategy was 

thus dominant compared with non-screening and cost-saving after 3 years based on 

Swedish cost structure and cost levels. This was mainly explained by a low cost for 

screening and OAC treatment, in addition to fewer cases of stroke in the screening 

invitation group. 

 

1.3.10 Recommendations in clinical guidelines 

The 2020 ESC guidelines recommend opportunistic screening in individuals aged 65 

years and older and suggests taking into consideration systematic screening in 

individuals aged 75 years and older, or those with stroke risk factors.1 The NHS Long 

Team Plan aims for early detection and treatment of AF,98 but the current UK National 

Screening Committee policy, based on an external review against programme 

appraisal criteria in 2019, is that population screening for AF should not be offered by 

the NHS.99 Similarly the USA Preventative Services Task Force updated evidence 

report and systematic review in 2022, including the STROKESTOP study, concluded 

that although screening can detect more cases of unknown AF, evidence regarding 

effects of AF screening in primary care populations on health outcomes is limited.89  

 

1.3.11 Summary 

 Opportunistic AF screening does not appear to increase AF detection in primary 

care compared with routine care in individuals aged 65 years and older in 

contemporary care.  

 Systematic AF screening is feasible, increases detection of AF compared to 

routine care, and leads to increased prescription of oral anticoagulation 

amongst newly diagnosed AF cases.  

 Systematic AF screening may reduce the risk of stroke, though more evidence 

is required, and is not associated with an increased risk of bleeding amongst 

participants.  
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 Detection rates for new AF is relatively low when systematic AF screening with 

non-invasive devices is guided by age or stroke risk. 

 

1.3.12 New approaches to consider for improve the clinical- 

and cost-effectiveness of atrial fibrillation screening  

Detection rates for new AF in RCTs using non-invasive devices have been relatively 

low (3.0-5.3%), which limits both the clinical- and cost-effectiveness of AF screening.67, 

68, 87, 88 The results of The LOOP study suggest that simply monitoring for longer to 

achieve a higher detection rate of new AF may not result in an improvement in stroke 

outcomes.72 Furthermore, AF is only one of many important risk factors for stroke and 

rates of ischaemic stroke have been decreasing over recent years.100  This means that 

the relative risk reduction for ischaemic stroke from AF screening could be small. 

Overall for population systematic AF screening to be effective may require i) a high risk 

population for incident AF to be identified to achieve a sufficient yield through non-

invasive AF detection modalities, and ii) to consider whether individuals identified for 

AF screening could benefit beyond stroke prevention.  

 

1.4 Clinical risk stratification to identify individuals for 

screening for atrial fibrillation 

The eligible population for RCTs of AF screening has often been defined by age. As 

incidence increases disproportionally in older adults, age is one of the best predictors 

of AF.11, 101 However, yields of AF from non-invasive devices, which are the most 

acceptable AF detection approach to the general public, in an age-based approach are 

low. Furthermore in the Belgian Heart Rhythm Week, a untargeted voluntary screening 

programme available to all adults in Belgium organised by the Belgian Heart Rhythm 

Association one week a year from 2010 to 2014, half of all new AF cases were younger 

than 65 years of age.102 

  

Therefore, for practical reasons, clinical risk stratification tools that better characterise 

the target population, decrease sample size, and identify subpopulations at risk are 

needed.44 ECGs in sinus rhythm can be analysed with deep neural network-developed 

models to identify individuals at high risk of incident AF,103, 104 but their practical 

applicability is limited to only special populations who have undergone an ECG or 

holter monitoring for other reasons. The use of these models for selecting participants 

of large population screening programmes seems to be unpractical.44 
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1.4.1 Multivariable prediction models 

A prediction model (also sometimes referred to as an algorithm, or risk score, or 

decision support tool) is a formal combination of multiple predictors from which risks of 

a specific endpoint can be calculated for individual patients.72 For an individual with a 

given state of health (startpoint), a prediction model converts the combination of 

predictor values to estimate the risk of experiencing a specific endpoint within a specific 

period, ideally an absolute risk.105 Prediction models are abundant in the medical 

literature,106 but few of the models are implemented or used in clinical practice,107 and 

few models are evaluated for their impact on health outcomes.105  

 

1.4.1.1 Methods for the development of multivariable prediction models  

1.4.1.1.1 Traditional regression 

Clinical prediction modelling has historically used regression techniques, which make 

the assumption that each predictor is related to the outcome in a linear way.108 The 

inclusion of variables can be decided by clinical knowledge a priori, statistical 

techniques or through a combination of the two. Predictor selection using statistical 

techniques is least prone to bias when one starts with a full model that includes all 

potential variables and then applies a backwards selection approach.108 Logistic and 

Cox regression modelling are most often used for short term and long term 

dichotomous outcomes (whether an individual experiences an event or not), 

respectively.105  

 

1.4.1.1.2 Machine learning 

Machine learning (ML) is the scientific discipline of how computers learn from data and, 

recently, has been facilitated by advances in computing speed and capacity.109 ML 

algorithms can be defined as any approach that performs an automated search, either 

stochastic or deterministic, for the optimal model. In healthcare applications it can be 

further divided into supervised and unsupervised learning. Prediction of a future clinical 

diagnosis is a supervised learning (“classification”) task, where large amounts of data 

are typically annotated (“labelled”) by humans (e.g. presence or absence of diagnosis 

of AF) and the models then learn from the data which features are important for 

prediction.110 In unsupervised learning patterns within and between data are sought by 

algorithms without any input from the investigator.110  ML techniques applicable to 

prediction modelling include regularised logistic regression, support vector machines, 
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random forests, naïve Bayes and neural networks (Table 8).109, 111-113  They do not 

require pre-specification of a model structure but instead search for the optimal fit 

within certain constraints (specific to the individual algorithm).114  

 

Table 8 Descriptions of machine learning techniques applicable to prediction modelling 

Machine 

Learning 

Technique 

Description 

Regularised 

logistic 

regression 

(LR)  

Uses generalised linear models with Least Absolute Shrinkage and 

Selection Operator (LASSO) regularisation which both reduces the 

number of features in the model and attenuates the magnitude of 

their coefficients 

Support vector 

machines 

(SVM) 

Locates a decision boundary (called the hyperplane) based on a 

subset of data points (support vectors) that maximises the 

perpendicular distance between the decision boundary and the 

closest of the data points. The data is transformed with the kernel 

trick so that classes become linearly separable 

Random 

forests (RF) 

Decision trees seek to use variables to discriminate between the 

two outcomes. At each node in each tree one feature is selected 

that most effectively achieves this split. Each tree only has access 

to a subset of training examples and only a subset of features are 

considered. RF use many decision trees to construct a more robust 

ensemble output 

Naïve Bayes 

(NB) 

Uses Bayes’ theorem to predict the probability of an outcome by 

assuming independence between features  

Neural 

networks (NN) 

A number of input neurons representing information taken from 

each of the features in the dataset, feed through a small number of 

hidden layers before passing to an output layer where the final 

decision is presented. As information passes through the neurons it 

is multiplied by a weight and a non-linear transformation is applied. 

Weights are adjusted during training based on the discrepancy 

between output and desired output. 
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1.4.1.1.3 Comparison of regression and machine learning techniques 

Key advantages of machine learning techniques compared with regression techniques 

can be their handling of non-linearities and heterogeneity of effects, whilst 

disadvantages include overfitting, interpretability and presentation.114  

 

The most basic assumption of regression models is that the relationship between a risk 

factor and outcome is linear, that is, the effect increases uniformly throughout the range 

of the predictor. While this may be plausible, for some risk factors, there are many 

examples that have non-linear relationships. For example, one's change in risk of 

death moving from age 40 to 50 years is much lower than increasing age from 70 to 80 

years.114 Even though a regression model may approximate the true non-linear 

relationship well and provide a more parsimonious interpretation, ML methods will 

capture these non-linearities to a greater extent. Related to non-linearities is 

heterogeneity of effects. Heterogeneity of effects, sometimes also referred to as 

interactions, occurs when a variable's relationship with the outcome depends on the 

level of some other variable.114 ML models automatically handle non-linearities as they 

search for the optimal fit, but in a regression model not properly accounting for these 

interaction effects may degrade the quality of a prediction model.  

 

On the other hand, because ML models produce a more flexible relationship between 

predictors and the outcome, they have the potential to overfit to the data they are 

developed on, which may limit their generalisability.108 Furthermore, making multiple, 

complex, non-linear transformations, sacrifices interpretability of how risk factors relate 

to the outcome of interest. Additionally, even though a ML method may show better 

performance, presentation of the results may be more complicated. For example, many 

prediction models have been converted into hand calculable scores, and this 

conversion is usually obtained by rounding regression coefficients into a points-based 

score for each predictor. However, such a conversion is not obtainable with many ML 

methods.114 

 

1.4.2 Risk factors for atrial fibrillation 

A range of factors have been demonstrated to be associated with incident AF,20 

suggesting that a multivariable prediction model for incident AF is feasible. I will 

discuss them below, divided into non-modifiable risk factors, modifiable risk factors 

(lifestyle factors) and comorbidities.  
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1.4.2.1 Non-modifiable risk factors 

1.4.2.1.1 Age 

Earlier work that I was involved in, and is outwith of this thesis, has demonstrated that 

the crude incidence of AF increases with age.11 AF is seen in only a small percentage 

of individuals aged younger than 55 years (0.1%) but prevalence increases steeply to 

9% in individuals older than 80 years.115 Amongst individuals aged 60 years and older 

without AF, there is evidence of reductions in atrial voltage and increase in voltage 

heterogeneity.116 Furthermore the prevalence of risk factors for AF, including 

hypertension, heart failure, and coronary artery disease increase with age.117 

 

1.4.2.1.2 Sex 

In the FHS men were 1.5-fold more likely to develop AF than women, after adjusting for 

other AF risk factors.118 The Olmsted County Minnesota Study and the Rotterdam 

Study reported the age-adjusted AF incidence (per 1 000 person-years) in men to be 

4.7 and 11.5, respectively, compared with 2.7 and 8.9 in women.119, 120 Men often have 

less favourable risk factor profiles for AF development than women,11 which may 

contribute to this sex-dependent difference.  

 

1.4.2.1.3 Ethnicity 

Caucasian ethnicity seems to predispose to AF. In the in the Multi-Ethnic Study of 

Atherosclerosis (MESA), among participants aged 65 years and older, the AF 

incidence was 46% to 65% lower in Hispanic, Asian, and Black individuals compared 

with non-Hispanic White individuals.121, 122 Disentangling the reasons behind the 

observed differences in incidence rates by ethnicity can be challenging, as they may be 

contributed to by anatomic characteristics, or socioeconomic and environmental 

determinants of health. For example, Black individuals have smaller average LA 

dimensions compared to White individuals (and LA size is an independent predictor of 

new-onset AF)123 but also have been shown to have lower access to healthcare 

resulting in under-diagnosis of AF.124 Ethnic differences may also be explained by 

genetic parameters, as discussed below in 1.4.2.1.4.   

 

1.4.2.1.4 Genetics 

When genetics were implicated in determining the European ancestry in Black 

individuals, it was found that for every 10% increase in European ancestry there was a 

10% increased risk of incident AF.125 A genetic study involving three population-based 
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cohorts in the USA revealed that the single nucleotide polymorphism rs10824026 

(chromosome 10: position 73661450) substantially mediated the higher risk for AF in 

White individuals compared with Black individuals.122, 126  

 

Outside of ethnic parameters, a study on monozygotic twins estimated that the 

heritability of AF to be as high as 62%, indicating a strong genetic component to 

incidence of AF.127 In the FHS the adjusted multivariate relative risk of developing AF in 

individuals where at least one parent had AF was 1.85 (95% CI 1.12-3.06), which 

increased to 3.17 (95% CI 1.71-5.86) when the sample was further limited to those 

without antecedent hypertension, heart failure and valvular heart disease.128 A number 

of causative mutations for AF have been identified, specifically the ion channel KCNQ1, 

the cardiac peptide NPPA, the transcription factor TBX5, and a motor protein MYL4.2, 

129 

 

1.4.2.2 Modifiable risk factors 

1.4.2.2.1 Physical activity 

In the Women’s Health Initiative Observational Study of 81 317 post-menopausal 

women, physical activity was independently associated with lower rates of AF after 

multivariate adjustment for demographic and clinical risk factors (>9 vs 0 metabolic 

equivalent task hours per week, HR 0.90, 95% CI 0.85-0.96).130 By contrast in 

predominantly health young athletes or middle-aged men with few cardiovascular risk 

factors, strenuous physical activity is associated with an increased risk of AF.131 

Amongst athletes increased LA size and heightened parasympathetic tone appear to 

mediate induction of AF.132, 133 

 

1.4.2.2.2 Smoking 

An analysis of the Rotterdam Study, including 5 668 individuals aged 55 years and 

older without AF at baseline, demonstrated that both current and former smokers had 

an approximately 50% increased risk of incident AF compared to never smokers (RR 

1.51, 95% CI 1.07-2.12; RR 1.49, 95% CI 1.14-1.97; respectively).134 Cigarette 

smoking is associated with heightened C-reactive protein (CRP) levels and thus a pro-

inflammatory state,135 and atrial tissue from smokers has shown that nicotine had 

profibrotic properties, which correlated with the number of pack years smoking.136 

 

1.4.2.2.3 Alcohol  



35 
 

An analysis of over 400 000 middle-aged predominantly White individuals from the UK 

Biobank showed a J-shaped association between total alcohol consumption and AF, 

with the lowest risk of AF with fewer than 7 drinks per week.122, 137 Chronic heavy 

drinkers demonstrate evidence of alcohol-induced myocardial changes including 

cardiomegaly, ventricular dilatation, fibrosis, and lipid and inflammatory infiltrates, 

which can contribute to the AF substrate.138   

 

1.4.2.2.4 Obesity 

Population-based studies have shown that obesity and elevated body mass index 

(BMI) increase the risk of AF, independent of other risk factors for AF that are 

predisposed to by obesity such as hypertension and diabetes.20 In a large meta-

analysis of over 600 000 individuals from 51 studies every 5-unit increase in BMI was 

associated with a 29% greater excess risk of incident AF.139 Obesity can induce 

changes of left ventricular hypertrophy (LVH), diastolic dysfunction, increased LA 

volume, fibrosis and fat content, reduced LA conduction velocity, and increased AF 

vulnerability.37, 140-143 Moreover, obesity is associated with low-grade inflammation and 

larger epicardial fat, which impair atrial electrophysiology,143, 144 and activation of the 

renin-angiotensin-aldosterone system (RAAS).122 

 

1.4.2.3 Comorbidities 

1.4.2.3.1 Hypertension 

Hypertension is the most commonly occurring comorbidity among patients with AF, 

present in 55% of patients at the time of diagnosis from our analysis of routinely-

collected primary care EHRs in England.11 The relative risk of AF in hypertensive 

individuals is two-fold for both sexes after adjustment for age and other 

comorbidities.145 Hypertension induces LA enlargement,146 as well as activation of the 

RAAS,147 which induces atrial fibrosis.148 LVH – measured either by ECG or 

echocardiogram - is a common complication of hypertension and is an additional 

independent predictor for risk of AF.118 In the LIFE trial regression of LVH correlated 

with a 33% reduction in AF incidence.149 Notably, lower LVH is still associated with a 

significant reduction in the occurrence of AF even after adjusting for treatment with 

anti-hypertensives, presence of hypertension, and other risk factors.150 

 

1.4.2.3.2 Heart failure 



36 
 

Heart failure was the strongest independent predictor of AF in both men and women in 

the FHS (men OR 4.5, 95% CI 3.1-6.6; women OR 5.9, 95% CI 4.2-8.4),151 and it is 

estimated that between 30 and 40% of patients with heart failure will develop AF.152 

Both HFrEF and HFpEF are associated with an increased risk of AF.153, 154 The co-

existence of AF and HF is partly explained by shared risk factors including 

hypertension, DM, obesity, OSA, and CAD.122, 155 In the context of HF experimental 

animal models have shown evidence of atrial enlargement and histological analysis of 

human specimens has shown interstitial, atrial and ventricular fibrosis.156, 157 

Furthermore HF also activates the RAAS,1 and stretching of the atria in HF induces 

acute electrophysiological arrhythmogenic changes that could trigger AF in a 

vulnerable substrate.158  

 

1.4.2.3.3 Coronary artery disease 

The FHS found that antecedent CAD is a significant and independent predictor of 

AF.118 AF is a common complication of acute MI, occurring in up to a fifth of patients.159 

There is evidence of LA dilatation, compromised left ventricular function, increased 

pulmonary capillary wedge pressure and right atrial pressure in patients who develop 

AF after MI.159  Furthermore interventions associated with the treatment of MI, such as 

percutaneous coronary intervention (PCI) or coronary artery bypass grafting (CABG) 

can also precipitate AF.160, 161 

 

1.4.2.3.4 Chronic obstructive pulmonary disease 

In a self-controlled case series study using population-using hospital databases from 

five states in the USA, chronic obstructive pulmonary disease (COPD) patients were 

found to have a 28% increased AF risk,162 which further increased with frequent 

exacerbations and an enlarged LA. COPD-related mechanisms contribute to AF onset. 

Chronic hypoxaemia modulates the expression of hypoxia-inducible factor 1 and 

increases systemic inflammation and oxidative stress promoting profibrotic remodelling 

of the atrial tissue.163 Long-term advanced COPD is associated with right heart 

disease,163 and in rat models of right heart disease a substrate became apparent for AF 

maintenance prominently involving right atrial fibrosis, conduction abnormalities, and 

right atrial re-entrant activity.164 

 

1.4.2.3.5 Obstructive sleep apnoea 

Patients with OSA and without other cardiovascular co-morbidities have an increased 

risk of AF (HR 1.5, 95% CI 1.17–2.01).165 OSA is associated with substantial atrial 
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structural and electrical changes. Intermittent episodes of deoxygenation and 

reoxygenation induce oxidative stress that, along with chronic neurohormonal 

activation contribute to atrial fibrosis.166 Frequent stretching of the atria from recurrent 

obstructive respiratory episodes also causes myocardial injury and remodeling, as well 

as local conduction slowing and re-entry.166 Furthermore, the sympathovagal activation 

caused by obstructed breathing efforts induces acute electrophysiological 

arrhythmogenic changes that could trigger AF in a vulnerable substrate.122, 166 

    

1.4.2.3.6 Diabetes mellitus 

In the FHS, DM was associated with a 40% and 60% increased risk of AF in males and 

females, respectively.118 A meta-analysis of cohort studies revealed that prediabetes 

and diabetes both increase the risk of AF, by 20% and 28% respectively.167 Glucose 

intolerance and insulin resistance modulate electro-anatomical changes in the atria,168 

and oxidative stress, inflammation, and atrial fibrosis also contribute to the 

development of the AF substrate.169, 170 

 

1.4.2.3.7 Congenital heart disease 

Both right and left-sided congenital heart disease increase the risk of atrial 

tachyarrhythmias, including atrial septal defect, Ebstein’s anomaly, tetraology of Fallot, 

bicuspid aortic valve, ventricular septal defect and patent ductus arteriosus.171, 172 In 

patients with left-sided diseases increased LA pressure and volume loading can lead to 

micro-reentrant cicuits,173 and right-sided lesions can cause increased atrial pressure, 

decreased refractory periods, and atrial dilatation in the right atria.171  

 

1.4.2.3.8 Valvular heart disease 

Valvular heart disease is a strong risk factor for AF globally. In less economically 

developed countries VHD as a delayed consequence of rheumatic fever (rheumatic 

heart disease) is a common cause of AF,174 especially due to mitral stenosis,175 which 

leads to LA dilatation, pressure overload and atrial fibrosis.176 In the absence of 

rheumatic heart disease, a retrospective cohort study of 940 patients without AF found 

that, of VHDs, aortic stenosis (AS) has the greatest impact, even in the presence of 

mitral regurgitation (MR), in increasing the risk of AF significantly after adjustment for 

age, sex, other VHDs and echocardiographic abnormalities.177 MR causes structural 

changes in the left atrium (LA) including dilatation, myofibril hypertrophy and fibrosis 

due to volume overload.176 Left ventricular pressure overload in the context of AS 

causes compensatory concentric LV hypertrophy,178 which leads to both LA pressure 
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overload and enlargement.179 Amongst patients with AS, the magnitude of LA dilatation 

is much smaller than in patients with MR, suggesting that incident AF is precipitated by 

pressure overload with subsequent LA structural remodelling, including fibrosis.177 

 

1.4.2.3.9 Chronic kidney disease 

The adjusted risk of incident AF with chronic kidney disease (CKD) was observed to 

increase in a stepwise fashion in nearly 17 000 participants from three USA-based 

community-based cohorts; such that, compared to eGFR>90 as reference, eGFR 

ranges of 60–89, 45–59, 30–44, and <30 ml/min per 1.73 m2, demonstrated hazard 

ratios of 1.09 (95% CI 0.97-1.24), 1.17 (1.00-1.38), 1.59 (1.28-1.98), and 2.03 (1.40-

2.96), respectively.180 Experimental animal models demonstrate that impaired kidney 

function is linked to myocardial fibrosis,181 as well as alterations in calcium handling in 

the cardiomyocyte.182 Subclinical volume overload may also lead to atrial stretch and 

contribute to induction of AF in patients with CKD.180 

 

1.4.3 Risk prediction models for new-onset atrial fibrillation 

Risk prediction models for incident AF prediction applicable in the community were 

summarised in a 2020 systematic review and meta-analysis by Himmelreich et al.183 To 

be included studies had to:  

 Be original studies in adults (≥18 years of age) 

 Derive, validate and/or augment a tool for predicting risk of incident AF (or atrial 

flutter [AFl]) based on multivariable analysis 

 Only include patients without a diagnosis of AF or AFl at baseline 

 Incorporate into their risk prediction tool only variables that are applicable 

and/or commonly available in primary care settings, which the authors defined 

as medical history, physical examination, simple laboratory findings, or ECG 

parameters 

 

From 27 included studies they found 21 multivariable prediction models (all regression 

models), ten of which had been derived for predicting incident AF, and the rest 

developed for another purpose but validated for incident AF. 

 

The authors extracted data relevant to prediction model performance, discrimination 

and calibration. Discrimination quantifies the model’s ability to distinguish between 

individuals developing or not developing the outcome, and can be summarised with the 
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c-statistic (c-statistic = 1 if the model discriminates perfectly, c-statistic = 0.5 if 

discrimination no better than chance) or area under the receiver operating 

characteristic (AUROC, same scale as c-statistic) and corresponding 95% CI. 

Calibration refers to the model’s accuracy of predicted probabilities, and can be 

summarised using the p value of a goodness-of- fit test, the reported ratio for observed 

to expected events, or the calibration slope. Poor reporting of calibration meant that 

meta-analysis was limited to overall discrimination of included models. The primary 

expression of associations in meta-analysis was the summary c-statistic and 

corresponding 95% CI using a random effects inverse variance model with restricted 

maximum likelihood estimation and Hartung–Knapp corrections.184 Models were only 

included in meta-analysis when c-statistic data was available for 3 or more cohorts. In 

each meta-analysis, the authors calculated the summary c-statistic, its 95% CI, and the 

I2 statistic as an expression of the heterogeneity between studies.185 When 

heterogeneity in meta-analysis of c-statistics was high (I2 > 30%), they derived a 95% 

prediction interval (95% PI), which indicates a possible range for prediction model 

performance in a new validation.186 When the 95% CI (or, in case of high 

heterogeneity, the 95% PI) of the summary c-statistic included 0.5, they concluded that 

there was insufficient evidence that the prediction model has significant discriminatory 

ability for incident AF in such populations as included in the meta-analysis. 

 

Five models were eligible for meta-analysis. and their included variables are listed in 

Table 9. The Cohorts for Heart and Aging Research in Genomic Epidemiology AF 

(CHARGE-AF) and FHS score for Atrial Fibrillation (FHS-AF) models were developed 

for incident AF prediction, but the CHA2DS2-VASc and CHADS2 scores were originally 

developed for prediction of stroke risk in patients with AF,187, 188 and HATCH for 

prediction of progression from paroxysmal to persistent AF.189 
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Table 9 Variables included in prediction models for incident atrial fibrillation applicable in the community included in primary meta-analysis by 
Himmelreich et al183  

 Demographics Comorbidities Habit Observations O/E ECG 
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Models derived for incident AF 

CHARGE-AF X  X X X X  X   X X X  X X   

FHS-AF X X  X X         X X  X X 

Models originally derived for another purpose but tested for prediction of incident atrial fibrillation 

CHADS2 X   X X X X            

CHA2DS2-

VASc 
X X  X X X X X X          

HATCH X   X X  X   X         

Abbreviations: BMI, body mass index; CHADS2, Congestive heart failure, Hypertension, Age >75, Diabetes mellitus, prior Stroke or transient ischemic 

attack [2 points]; CHA2DS2-VASc, Congestive HF, Hypertension, Age >75 [2 points], Stroke/transient ischemic attack/thromboembolism [2 points], 

Vascular disease, Age 65-74, Sex category; CHARGE-AF, Cohorts for Heart and Aging Research in Genomic Epidemiology; CHS, Cardiovascular 

Health Study; CAD, coronary artery disease; COPD, chronic obstructive pulmonary disease; CVA, cerebrovascular accident; DBP, diastolic blood 

pressure; DM, diabetes mellitus; ECG, electrocardiogram; FHS-AF, Framingham Heart Study score for Atrial Fibrillation;  HATCH, Hypertension, Age, 
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stroke or Transient ischemic attack, Chronic obstructive pulmonary disease, Heart failure; HF, heart failure; HTN, hypertension/anti-hypertensive 

medications; MI, myocardial infarction; O/E, on examination; PAD, peripheral arterial disease; SBP, systolic blood pressure 
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There were three models that resulted in a summary c-statistic with significant 95% PI 

(that is, did not include 0.5) in the primary meta-analysis: CHARGE-AF (summary c-

statistic 0.71; 95% CI 0.66–0.76; I2 87%; 95% PI 0.554–0.865; n= 8 studies; n = 58 137 

patients), the FHS-AF 10-year model (summary c-statistic 0.70; 95% CI 0.64–0.76; I2 

94%; 95% PI 0.535– 0.869; n= 5 studies; n = 33 846 patients), and CHA2DS2-VASc 

(summary c-statistic 0.69; 95% CI 0.64–0.74; I2 100%; 95% PI 0.540–0.838; n= 5 

studies; n= 2 005 813 patients). The CHADS2 score (summary c-statistic 0.66; 95% CI 

0.59–0.74; I2 100%; 95% PI 0.447– 0.883; n= 4 studies; n = 1 996 338 patients) and 

HATCH score (summary c-statistic 0.67; 95% CI 0.61–0.73; I2 99%; 95% PI 0.486– 

0.844; n= 4 studies; n = 1 604 822 patients) had 95% PIs that included 0.5. 

 

A secondary analysis was conducted for each risk model that had 3 or more eligible 

cohorts reporting c-statistic data while applying a uniform prediction window, and 

grouped cohorts according to the applied risk prediction window (e.g. 5- or 10-years) 

since this is an important methodological consideration when wanting to translate 

summary risk model performance to clinical settings.190 For this analysis only the 

CHARGE-AF risk score and the FHS-AF score were eligible, each at a 5-year and 10-

year prediction window, where only the CHARGE-AF score with a 5-year prediction 

window resulted in significant overall discrimination (summary c-statistic 0.72; 95% CI 

0.66–0.78; I2 85%; 95% PI 0.567–0.881; n= 6 studies; n=50 328 patients). 

 

The authors found two studies where multivariable prediction models were compared 

with age alone as the predictor and both found that the multivariable models had 

significantly higher discrimination for incident AF.191, 192 They concluded that the use of 

multivariable risk modes in selecting patients for community AF screening is likely to be 

more efficient than selecting based on age alone. Of the ample AF risk models found 

they concluded that the CHARGE-AF model was the most suitable prediction model for 

incident AF, and likely has merits as a low cost triage test for future primary AF 

screening efforts. 

 

I consider there to be a number of potential shortcomings with this analysis and the 

conclusions drawn. First, with regards to the inclusion criteria, models that required 

ECG parameters were included. However ECG parameters are seldom available in the 

community, so their inclusion as variables would significantly hamper the ability of a 

model to be implemented at scale. Second, authors assessed risk of bias using the 

Critical Appraisal and Data Extraction for Systematic Reviews of Prediction Modelling 

Studies (CHARMS) domains,190 but this has been superseded by the Prediction model 

Risk Of Bias ASsessment Tool (PROBAST).193 Compared to PROBAST, the CHARMS 
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domains have a more lenient criteria with regards to the handling of missing data, 

model development rigour and reporting of model performance. Accordingly, a lower 

proportion of studies (24.7%) were considered high risk of bias than would be 

considered by best practice standards, which gives an unrealistic assessment of the 

quality of available models. Third, authors used a frequentist method for meta-analysis, 

but where there are fewer studies or a mixture of study sizes these methods can 

produce PIs with poor coverage, leading to misleading estimates for the range of 

performance that could be expected from the model in a new population.186 Fourth, no 

models developed with machine learning were included in the analysis, but machine 

learning multivariable models for AF risk had been published by the time of this 

review.194 

 

With regards to the conclusions drawn, it does appear that integrating risk factors 

alongside age will more accurately discriminate people likely to develop AF compared 

with people who will not. However I have doubts that the available evidence suggests 

CHARGE-AF, or any of the other included models, is suitable to use to triage 

community AF screening. First, CHARGE-AF was developed and tested for 5- or 10-

year prediction horizons but these are not suited to targeting AF screening, as AF that 

develops more than a few months in the future will not be picked up during screening. 

Second, prediction performance was not that strong. Summary c-statistics of <0.60, 

0.60-0.70, 0.70-0.80, and >0.80 can be considered as inadequate, adequate, 

acceptable and excellent based on prior publications.195 The summary predictive 

performance in meta-analysis for each of the included models was only adequate-to-

acceptable (0.67-0.71). Third, CHARGE-AF requires a complete dataset of height, 

weight, systolic and diastolic blood pressure to calculate AF risk, but these are often 

missing in routinely-collected records in the community,196 so the application of this risk 

score may require additional appointments to obtain this information. This seems 

impractical when attempting to implement a population screening strategy. 

 

Using the CHA2DS2-VASc score may have advantages. Its summary discriminative 

performance was not that different from CHARGE-AF, and would simultaneously 

provide an assessment of stroke risk as an indicator of eligibility for anticoagulation. 

However three of the RCTs of community systematic AF screening (mSTOPS, 

SCREEN-AF, and REHEARSE-AF)68, 87, 88 were already guided by elevated stroke risk, 

and yields of newly detected AF were modest (Table 8).  

 

A 2022 position paper for EHRA on searching for AF, included a section pertaining to 

assessment of populations at risk of AF.44 The paper agreed that though several 
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predictive models for risk stratification of AF have been proposed, most are limited in 

defining high-risk populations suitable for large-scale screening projects. The main 

shortcomings noted were that many have been developed to predict the long-term risk 

(5- or 10-years) and some require biomarkers or imaging data not readily available in 

the general population. The writing group emphasised the requirement for an improved 

prediction model – that is, one that is easy to use, applicable to the general population, 

and based on readily available information such as comorbidities). The writing group 

specifically mentioned the C2HEST score as a contrast to other prediction models for 

AF, in that it only included age and comorbidities. 

 

The C2HEST score was developed as a simple clinical score for incident AF in an 

Asian population without structural heart disease (Table 10).197, 198 The performance of 

the C2HEST score in its derivation sample of a regional Chinese insurance database 

was acceptable (AUROC 0.75, 95% CI 0.73-0.77).199 However on external validation in 

a Korean population (AUROC 0.65, 95% CI 0.65-0.66) and older Danish citizens 

(AUROC: age 65, 0.588, 95% CI 0.585-0.591; age 70, 0.594, 95% CI 0.591-0.597; age 

75, 0.593, 95% CI 0.590-0.596) it demonstrated much poorer performance.200 

 

Table 10 Assessment of risk of incident atrial fibrillation using C2HEST 

Criteria Value Points 

Coronary artery disease Yes/No 1 

COPD Yes/No 1 

Hypertension Yes/No 1 

Elderly Age>65 years 2 

Systolic HF Yes/No 2 

Thyroid disease 

(hyperthyroidism) 

Yes/No 1 

Abbreviations: COPD, chronic obstructive pulmonary disease; HF, heart failure 
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1.4.4 Using primary care electronic health records to identify the 

population for atrial fibrillation screening 

There are over 300 million consultations annually in primary care in the UK.201 Due to 

the wide-scale uptake of EHRs in primary care 98% of the UK population are registered 

with a primary care EHR,202 and across EU countries 96% of all GPs use an EHR.203 

Primary care EHRs have the advantage of holding comprehensive longitudinal clinical 

data,202 meaning they contain healthcare information relating to an individual that can 

span many years. Accordingly they can be used to characterise an individual’s health, 

and use this information to stratify their risk of AF in the future. Thus, primary care 

EHRs appears a potential medium through which individuals eligible for AF screening 

could be identified at scale. In fact, risk prediction models are unlikely to be widely used 

for targeting AF screening unless they can be incorporated into EHR systems.204 

 

Prediction modelling research has historically been conducted in prospective, pre-

designed longitudinal cohorts with standardised examinations, investigations and 

follow-up visits.183 However the generalisability of these models is called into question 

by selectivity of the sample population and inclusion of variables that are not routinely 

available in clinical practice.183 Furthermore, the performance of prediction models in 

prospective cohorts may not translate to an EHR setting.196, 204  For example, the 

CHARGE-AF model could only be applied to 17.2% of adults aged ≥40 years without 

known AF in the Netherlands Institute for Health Services Research Primary Care 

Database (NIVEL-PCD),196 and when it was applied in a sample of 33 494 patients 

aged ≥40 years without known AF in the Vanderbilt University Medical Centre 

outpatient clinic EHRs, its prediction performance was only acceptable (c-statistic 

0.708, 95% CI 0.699-0.718),204 and weaker than its original derivation in a prospective 

cohort (0.765, 95% CI 0.748-0.781).205 A systematic review of the performance of 

models for prediction of incident in primary care EHRs is absent from the literature. 

 

Routinely-collected EHR datasets capture huge sample sizes over many years and can 

link data from many sources providing an overarching narrative of the patient’s health 

status (Table 11). Thus EHR could provide a fruitful resource for prediction modelling, 

especially the use of ML techniques.206 In this project I will consider only structured 

EHR data as the technology for natural language processing to extract free text is too 

immature for widespread clinical implementation.207 

  



46 
 

Table 11 Types of data stored in community-based electronic health records 

Type of Data Purpose of data 

Structured 

Patient 

demographic 

information 

Background information including age, ethnicity 

Diagnosis 

codes 

Data for a medical diagnosis linked to a medical ontology e.g. 

International Statistical Classification of Diseases and related 

Health Problems (ICD-10) or Read codes 

Drugs codes Contains codes for each drug and form 

Treatment 

procedures 

Contains types of procedures as linked to an ontology e.g. Current 

Procedural Terminology codes 

Lab tests Recording all laboratory measurements with linked tables to the 

type of test and value attached 

Observations Continuous values such as height, weight and BMI. 

Referrals Data reporting referrals from general practice to secondary care 

Unstructured 

Clinical notes Free text inputted by health professionals that could be used to 

describe any facet of a patient’s condition 

Abbreviations: BMI, body mass index 

 

 

In the UK there are four key primary care datasets for research: ResearchOne, Clinical 

Practice Research Datalink (CPRD), The Health Improvement Network (THIN) and 

QResearch. Each contains millions of patient records, and can extend back as far as 

1987.202 They have been used to develop prediction models that have then become 

part of routine practice.194 For example the Electronic Fraility Index (eFI) was 

developed in ResearchOne and validated in the THIN database.208 The eFI uses 

routinely available primary care EHR data (36 disease states, symptoms/signs, and 

disabilities) to categorise individuals as being fit, or having mild frailty, moderate frailty 

or severe frailty. Use of the eFI is supported in NICE guidance,209 and the model has 

been integrated into EHR systems SystmOne, EMISWeb ad VISION EHR, reaching 

99% of all GPs across the UK, and available for use at no extra cost.210 The 

development of eFI also used coding systems that are widely available in other 

countries, meaning that it is not limited to the UK. This represents a proof of concept for 

how a prediction model for incident AF may be able to be implemented at scale to 

target AF screening in the UK and further afield.  
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1.4.5 Summary 

 Multiple risk factors have good evidence for association with new-onset AF. 

 Multivariable risk prediction models for incident AF better discriminate 

individuals likely to develop AF, compared with age alone.  

 The utility of currently available prediction models may be limited by moderate 

discrimination performance, long prediction horizons, and inclusion of variables 

that may be missing in routinely-collected primary care EHRs. 

 The majority of models summarised to date have been developed with 

traditional regression techniques. 

 Primary care EHRs provide an attractive medium to implement a prediction 

model for incident AF in the general population, but the performance of models 

in this setting is unknown. 

 

1.5 Association between atrial fibrillation and non-atrial 

fibrillation outcomes 

To date, screening for AF has been targeted at reducing the risk of ischaemic stroke in 

the screened population by commencing OAC treatment in detected cases. As 

discussed in Section 1.3.7.2, it is possible a large numbers of patients need to be 

studied to demonstrate the efficacy of AF screening for stroke prevention. Moreover, 

AF is only one of the risk factors of stroke,92 and the rate of ischaemic stroke is 

decreasing.100.  

 

Accordingly, it may be prudent to consider what may be the benefits of AF screening 

beyond prevention of ischaemic stroke. Further possible benefits from AF screening 

would be lower mortality and a possibility to address undetected structural heart 

disease and untreated cardiovascular risk factors such as hypertension, obesity, 

alcohol consumption and OSA.71 

 

AF frequently develops as a result of, and in parallel with, other diseases. The 

GLORIA-AF international cohort of 21 241 participants found that 71.2% had at least 

two concomitant, chronic, comorbid conditions, with nine in ten having hypertension, 

one in three HF, one in three CKD, and one in four CAD.211 A systematic review 

comprising 9 686 513 participants with and without AF (587 867 [6.1%] with AF) found 

that AF was associated with an increased risk of a range of outcomes: all-cause 
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mortality (RR 1.46, 95% CI 1.39-1.54) cardiovascular mortality (RR 2.03, 95% CI 1.79-

2.30) major cardiovascular events (RR 1.96, 95% CI 1.53-2.51), stroke (RR 2.42, 95% 

CI 2.17-2.71), ischaemic stroke (RR 2.33, 95% CI 1.84-2.94), ischaemic heart disease 

(RR 1.61, 1.38-1.87), HF (RR 4.99, 95% CI 3.04-8.22), CKD (RR 1.64, 95% CI 1.41-

1.91) and peripheral arterial disease (RR 1.31, 95% CI 1.19-1.45).32 The highest 

absolute risk increase with AF was for incident HF (11.1 events/1000 participant years, 

95% CI 5.7-20.0). Furthermore, in a retrospective cohort study of Medicare 

beneficiaries, investigators showed that HF was the most common non-fatal 

cardiovascular event among adults with AF, and hospitalisation for HF was almost 

twice as common as hospitalisation for stroke.212  

 

The mechanism by which AF is associated with an increased occurrence of a range of 

different cardiovascular diseases seems to extend beyond the arrhythmia. In Section 

1.2 and 1.1.4 there appears to be a bidirectional relationship between AF and other 

comorbidities, that is, they are both a risk factor and complication of AF. Age, smoking, 

obesity, inflammatory diseases and hypertension are shared risk factors between AF, 

vascular disease, aortic stenosis, HF, DM and CKD.213-215 It seems likely that AF could 

be acting as a marker for shared underlying risk factors and cardiovascular disease.32 

 

The minority of patients with AF die as a result of stroke,216 and so it is argued that 

interventions aimed at reducing outcomes beyond stroke are warranted in patients with 

AF. As discussed in Section 1.1.5.4, management of comorbidities and risk factors is 

now a central pillar of management for patients with AF.1 That is, a reduction of the 

burden of non-stroke events in individuals with AF may be actionable through a focus 

on the management of cardiovascular risk factors, optimisation of established 

cardiovascular disease, and the identification of undetected cardio-renal-metabolic 

disease. It may be that individuals deemed eligible for risk-based AF screening also 

have risk factors, and both detected and undetected comorbidities that could be 

optimised to reduce the risk of events beyond stroke, irrespective of whether AF is 

detected during screening. 

 

1.5.1 Summary 

 AF is associated with the development of a range of diseases and death, which 

appears to extend beyond the effect of the arrhythmia. 

 Individuals with AF have a high comorbidity burden at point of diagnosis and 

shared risk factors and pathological pathways with other diseases. 
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 Outcomes for patients with AF can be improved by management of 

comorbidities and risk factors.  

 It is possible that individuals identified by a multivariable prediction model as at 

higher risk of AF may also be at elevated risk of other outcomes. 
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Part II 

Chapter 2 Prediction of incident atrial fibrillation in community-

based electronic health records: a systematic review with meta-

analysis 

Ramesh Nadarajah, Eman Alsaeed, Ben Hurdus, Suleman Aktaa, David Hogg, 

Matthew G D Bates, Campbell Cowan, Jianhua Wu, Chris P Gale 

 

2.1 Summary of the publication 

 This paper presents the systematic review and meta-analysis used to inform the 

knowledge gap to be addressed by a prediction model for incident AF 

developed in primary care EHR data. 

 The study found that prediction models for incident AF have been developed 

and/or validated in community-based EHRs but have a series of shortfalls: 

o Prediction models eligible for meta-analysis show only moderate 

discrimination performance. 

o Many prediction models have prediction horizons that are often 5- or 10- 

years, making it difficult to judge the merits of investigating individuals in 

the short-term. 

o Many studies do not report calibration performance and inadequately 

handle missing data, which places their performance at risk of bias.  

o Prediction models derived using machine learning can show improved 

prediction performance in the development dataset compared to models 

developed using traditional regression techniques.  

 

2.2 Publication status 

 Published 1 July 2022 

 Heart. 2022 Jul 1;108(13):1020-9. 

 

2.3 Abstract 

2.3.1 Objective 

Atrial fibrillation (AF) is common and associated with an increased risk of stroke. We 

aimed to systematically review and meta-analyse multivariable prediction models 
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derived and/or validated in electronic health records (EHR) and/or administrative claims 

databases for the prediction of incident AF in the community. 

 

2.3.2 Methods 

Ovid Medline and Ovid Embase were searched for records from inception to 23 March 

2021. Measures of discrimination were extracted and pooled by Bayesian meta-

analysis, with heterogeneity assessed through a 95% prediction interval (PI). Risk of 

bias was assessed using PROBAST (Prediction model Risk of Bias ASsessment Tool) 

and certainty in effect estimates by GRADE (The Grading of Recommendations, 

Assessment, Development and Evaluation). 

 

2.3.3 Results 

Eleven studies met inclusion criteria, describing nine prediction models, with four 

eligible for meta-analysis including 9,289,959 patients. CHADS2 (summary c-statistic 

0.674; 95% CI 0.610 – 0.732; 95% PI 0.526 – 0.815), CHA2DS2-VASc (summary c-

statistic 0.679; 95% CI 0.620 – 0.736; 95% PI 0.531 – 0.811) and HATCH (summary c-

statistic 0.669; 95% CI 0.600 – 0.732; 95% PI 0.513 – 0.803), resulted in a c-statistic 

with a statistically significant 95% PI and moderate discriminative performance. No 

model met eligibility for inclusion in meta-analysis if studies at high risk of bias were 

excluded and certainty of effect estimates was ‘low’. Models derived by machine 

learning demonstrated strong discriminative performance, but lacked rigorous external 

validation. 

 

2.3.4 Conclusions 

Models externally validated for prediction of incident AF in community-based EHR 

demonstrate moderate predictive ability and high risk of bias. Novel methods may 

provide stronger discriminative performance. 

 

2.3.5 Systematic Review Registration 

PROSPERO CRD42021245093 

 

2.4 Introduction 
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Atrial fibrillation (AF) is the most common sustained cardiac arrhythmia and is 

associated with a five-fold increased risk of stroke.1, 13 This risk can be reduced by two-

thirds by a number of effective oral anticoagulants,35, 217 but it is estimated that 30% of 

patients living with AF are undiagnosed and its first manifestation is stroke in more than 

10% of patients.16, 218  

 

International guidelines recommend opportunistic rather than systematic screening in 

asymptomatic patients, using age over 65 years as the only risk predictor. 1, 219 In many 

European countries, a large proportion of the population are registered in primary care 

with a routinely-collected electronic health record (EHR).196, 202 A multivariable 

prediction model that utilises this data source to give a more discriminative assessment 

of risk could allow far-reaching, cost-effective targeted screening.  

 

There are several prediction models for incident AF in community-dwelling individuals 

but they have predominantly been tested in prospective cohorts and their performance 

may not translate to EHR data. To show utility for targeting screening in the general 

population using real-world EHR, a model would need to have been tested in EHR or 

administrative claims databases relevant to the general population or primary care 

(herein referred to as community-based EHR).204  

 

We performed a systematic review and meta-analysis with a number of aims. First, to 

identify prediction models for incident AF derived or validated in community-based 

EHR. Second, to summarise the performance of individual prediction models to 

understand if any would be suitable for use in targeted screening. Third, to summarise 

the methods by which prediction models have been developed in EHR to inform future 

research within the field.  

 

2.5 Methods 

We reported this systematic review and meta-analysis in accordance with the Preferred 

Reporting Items for Systematic Reviews and Meta-analyses (PRISMA) guidelines.220 

 

2.5.1 Search strategy and inclusion criteria 

The research question was framed using the CHecklist for critical Appraisal and data 

extraction for systematic Reviews of prediction Modelling Studies (CHARMS; Table 

1).190  
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Table 1 Formulation of research question using CHecklist for critical Appraisal and 
data extraction for systematic Reviews of prediction Modelling Studies (CHARMS) 

CHARMS key items to guide framing 

of review, search strategy and study 

inclusion and exclusion criteria 

Comments for this systematic review 

Prognostic versus diagnostic prediction 

model 

Prognostic prediction model 

Intended scope of the review Models to inform referral for diagnostic 

testing 

Types of prediction modelling studies Prediction model development without 

external validation in independent data, 

prediction model development with 

external validation in independent data, 

external model validation, possibly with 

model updating 

Target population to whom the prediction 

model applies 

Adults in the general population who 

have a primary care or community 

electronic health record 

 

Outcome to be predicted Specific future event, diagnosis of atrial 

fibrillation 

Time span of prediction Any time interval 

Intended moment of using the model Models to be used in adults in primary 

care using electronic health records to 

predict risk of development of atrial 

fibrillation in the future, and inform 

targeted screening 

 

 

We searched the Medline and Embase databases through the Ovid platform from 

inception through 23 March 2021. We used a combination of keywords and subject 

headings related to AF, prediction models and EHR based on previous literature.183, 221, 

222 The search was limited to the English language and to human studies. The full 

search strategy is provided in Table 2. We manually searched the reference lists of 
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included studies and previous systematic reviews.183, 221 Duplicates were removed 

using Endnote’s duplicate identification strategy and then manually. 

 

Table 2 Search terms and search strategy with full results 

Database(s): Ovid MEDLINE(R) ALL 1946 to March 23, 2021 

# Searches Results 

1 atrial fibrillation/ or atrial flutter/ 61138 

2 (atrial fibrillation or atrial flutter).ti,ab. 77059 

3 1 or 2 90196 

4 

ROC Curve/ or (stratification or discrimination or discriminate or c-

statistic or c statistic or Area under the curve or Calibration or Indices 

or Algorithm or Multivariable).ti,ab. 

852681 

5 Mass screening/ or Screen*.ti,ab. 823683 

6 Prevalence/ or prevalenc*.ti,ab. or incidence/ or incidenc*.ti,ab. 1568534 

7 population/ or population*.ti,ab. 1832889 

8 5 or 6 or 7 3645965 

9 (communit* or data*).ti,ab. 4711739 

10 (general adj3 population).ti,ab. 122216 

11 database/ or dataset/ 1216 

12 

(Electronic Health Record* or electronic medical record* or electronic 

personal record* or electronic patient record* or personal health 

record* or personal medical record* or computer health record* or 

computer medical record* or computer patient record* or ehr? or phr? 

or ephr? or emr? or paehr?).ti,ab. 

47628 

13 
Electronic Health Records/ or exp medical records systems 

computerized/ or exp health records personal/ 
43724 

14 Primary Health Care/ or (primary care or general practic*).ti,ab. 184646 

15 9 or 10 or 11 or 12 or 13 or 14 4935714 

16 3 and 4 and 8 and 15 1342 

17 limit 16 to (english language and humans) 1072 
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Database(s): Embase Classic+Embase 1947 to 2021 March 23 

# Searches Results 

1 
exp heart atrium fibrillation/ or exp atrial fibrillation/ or exp heart atrium 

flutter/ 
93727 

2 (atrial fibrillation or atrial flutter).ti,ab,kw. 143413 

3 1 or 2 166612 

4 predict.ti. 78253 

5 (validat* or rule*).ti,ab. 1059357 

6 (predict* and (outcome* or risk* or model*)).ti,ab. 1313986 

7 

((history or variable* or criteria or scor* or characteristic* or finding* or 

factor*) and (predict* or model* or decision* or identif* or 

prognos*)).ti,ab. 

4704335 

8 decision*.ti,ab. and statistical model/ 7315 

9 (decision* and (model* or clinical*)).ti,ab. 276542 

10 
(prognostic and (history or variable* or criteria or scor* or 

characteristic* or finding* or factor* or model*)).ti,ab. 
370949 

11 

(stratification or discrimination or discriminate or c statistic or "area 

under the curve" or auc or calibration or indices or algorithm or 

multivariable).ti,ab. 

1183028 

12 receiver operating characteristic/ 141783 

13 4 or 5 or 6 or 7 or 8 or 9 or 10 or 11 or 12 6613249 

14 exp mass screening/ 262462 

15 Screening.ab,ti,kw. 811498 

16 exp prevalence/ 814190 

17 Prevalence.ab,ti,kw. 959326 

18 exp incidence/ 533091 

19 Incidence.ab,ti,kw. 1207644 

20 14 or 15 or 16 or 17 or 18 or 19 3136647 



56 
 

21 (communit* or data*).ti,ab. 6555772 

22 (general adj3 population).ti,ab. 184176 

23 database/ or dataset/ 450631 

24 

Electronic Health Records/ or (electronic health record* or electronic 

medical record* or electronic personal record* or electronic patient 

record* or personal health record* or personal medical record* or 

computer health record* or computer medical record* or computer 

patient record*).ti,ab. or (ehr? or phr? or ephr? or emr? or 

paehr?).ti,ab. 

94165 

25 21 or 22 or 23 or 24 6816789 

26 3 and 13 and 20 and 25 7804 

27 letter.pt. or letter/ 1179167 

28 note.pt. 848283 

29 conference abstract.pt. 4066914 

30 editorial.pt. 690770 

31 case report/ or case study/ 2780774 

32 (letter or comment*).ti. 217544 

33 27 or 28 or 29 or 30 or 31 or 32 9080295 

34 animal/ not human/ 1523407 

35 nonhuman/ 6523962 

36 exp animal experiment/ 2699975 

37 exp experimental animal/ 749370 

38 animal model/ 1434020 

39 exp rodent/ 4130266 

40 (rat or rats or mouse or mice).ti. 1709912 

41 34 or 35 or 36 or 37 or 38 or 39 or 40 9318330 

42 33 or 41 17366453 

43 26 not 42 3796 

44 limit 43 to english language 3636 
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To be eligible for inclusion a study had to: 

 Be an original study in human adults ( 18 years of age).  

 Develop and/or validate a prediction model(s) for incident AF or atrial flutter 

(AFl) based on multivariable analysis in a community-based EHR. We included 

AFl as a co-outcome because it has a similar indication for anticoagulation.1 

 Be written in English. 

 

Articles were excluded if they: 

 Included patients with AF or AFl at baseline. 

 Only reported measures of association between risk factors and incident AF 

rather than a full prediction model. 

 Studied only a subset of the general population, for example individuals 

diagnosed with a particular morbidity. 

 Incorporated variables that would not be routinely available in community-based 

EHR (e.g. ECG parameters). 

 

In this review we were interested in models that could use structured ‘coded’ data in 

community-based electronic health records or administrative claims databases. To 

make screening in the community for AF more cost-effective and feasible the model 

would use variables that are available, calculate the risk automatically, and require 

minimal additional visits for baseline risk stratification. We only considered the use of 

structured ‘coded’ data as the technology for natural language processing to extract 

free text into ‘coded’ data is too immature for widespread clinical use. We used 

examples of primary care or population-based health information databases across the 

world to define the variables most likely to be coded or extractable, accepting that there 

will be some variation.  

 

The information that was considered likely to be available in community-based data 

sources ± linkages (depending on whether the original purpose of the database was 

documentation of clinical care, epidemiological surveillance, or health system planning) 

were: 

 

 Sociodemographic variables including but not limited to age, sex, ethnicity and 

indices of multiple deprivation. 
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 Disease conditions and procedures including but not limited to other 

cardiovascular diseases, diabetes mellitus, chronic lung disease, renal disease, 

inflammatory disease, cancer, hypothyroidism and surgical procedures. 

 Clinical assessments including but not limited to heart rate, systolic and diastolic 

blood pressure, height, weight and body mass index. 

 Medications prescribed including but not limited to antihypertensives, statins, 

antidepressants, anxiolytics/hypnotics and antipsychotics. 

 Lifestyle factors including but not limited to smoking status and alcohol 

consumption. 

 Simple laboratory tests and biomarkers including but not limited to total, high-

density lipoprotein and low-density lipoprotein cholesterol, triglycerides, 

creatinine, c-reactive protein, erythrocyte sedimentation rate. 

 Referrals 

                                      

We excluded the following types of variables that are either not routinely available as 

structured codes, or are very rarely tested for in clinical practice and so are not 

generalizable: 

 Analysis of electrocardiograph (ECG) parameters (e.g. PR interval, QRS 

duration, p-wave duration). 

 Analysis of advanced diagnostic testing such as echocardiography parameters 

(e.g. LA dimensions, left ventricular end-diastolic diameter). 

 Genetic markers and specialised (laboratory) tests (e.g. midregional sequence 

of pro-atrial natriuretic peptide). 

 

We uploaded records to a systematic review web application (Rayyan, Qatar 

Computing Research Institute).223  Four investigators (RN, EA, BH and SA) 

independently screened them for inclusion by title, abstract and full text and 

supplemental materials. Disagreements were resolved by consultation with a fifth 

investigator (JW).  

 

2.5.2 Data extraction and quality assessment 

Two investigators (RN and EA) independently extracted the data from the included 

studies based on CHARMS. This included the following domains: data source, 

participants, outcome(s), candidate predictors, sample size, missing data, and model 
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development, performance and evaluation. Discrepancies were resolved with a third 

investigator (JW). All data came from the primary reference, unless otherwise stated.  

 

To allow quantitative synthesis of the predictive performance of the models we 

extracted measures of discrimination and calibration.184 Discrimination quantifies the 

model’s ability to distinguish between individuals developing or not developing the 

outcome. We extracted data on the c-statistic (c-statistic = 1 if the model discriminates 

perfectly, c-statistic = 0.5 if discrimination no better than chance) or area under the 

receiver operating characteristic (AUROC) and corresponding 95% confidence interval 

(95% CI). When the 95% CI was not reported we calculated it using methods described 

by Debray et al.184 Calibration refers to the model’s accuracy of predicted probabilities; 

we extracted data on the p-value of a goodness-of-fit test and the reported ratio for 

observed to expected (O:E) events or calibration slope.  

 

Two investigators (RN and JW) assessed each model in each study for risk of bias and 

applicability to our review question using the Prediction model Risk Of Bias 

ASsessment Tool (PROBAST).193 Discrepancies were resolved with a third investigator 

(CPG). Each model was assessed for risk of bias as either ‘high’, ‘unclear’ or ‘low’ in 

four domains (participants, predictors, outcomes and analysis) through a range of 

signalling questions. Applicability to our review question was assessed for each model 

in three domains (participants, predictors and outcomes) using the same scale.193  

 

2.5.3 Data synthesis and statistical analysis 

We reported continuous variables as means ± standard deviation and categorical 

variables as percentages. Calibration was infrequently reported, so we restricted meta-

analysis to discrimination through a summary measure of c-statistic and corresponding 

95% CI. In our primary analysis we assessed overall discrimination for models that had 

≥ 3 EHR cohorts with c-statistic data. When multiple c-statistic data for a model were 

reported in a single cohort by different studies we only included the first published 

study. 

 

We calculated the 95% prediction interval (PI) to depict the extent of between-study 

heterogeneity and to indicate a possible range for prediction model performance in a 

new validation.186 When the 95% CI or PI of the summary c-statistic included 0.5 we 

concluded that there was insufficient evidence that the prediction model has statistically 

significant discriminatory ability.183, 224 We used a Bayesian approach throughout as 
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frequentist methods, where there are fewer studies or a mixture of study sizes, have 

produced prediction intervals with poor coverage.186  

 

All Bayesian meta-analysis models assume random effects by default. Results are 

based on the posterior median. Prediction intervals are directly obtained from the 

corresponding posterior quartiles. The standard model for random effects meta-

analysis assumes that the ‘true’ performance is normally distributed within and across 

studies.225 Within-study normality of performance estimates can be justified with this 

selection of included studies because they are all large. Snell et al. showed that the 

between-study distribution of the c-statistic on the original scale is not normally 

distributed when there is variability in the predictor effect across studies (which is likely 

in this selection of studies as they include different populations, and adopt slightly 

different definitions for predictors).225 They found that the logit scale is more 

appropriate for the estimation of prediction interval. Consequently we used the 

“valmeta” function of the “metamisc” package in R software which applies a logit 

transformation to the c-statistic prior to calculation of summary c-statistic and prediction 

interval.226 

 

For appropriate prior distributions we borrowed from earlier work by Debray et al. which 

recommended a half Student-t distribution with location m, scale σ, and v degrees of 

freedom where we set m = 0 and define σ equal to the largest empirical value of  (to 

allow for more extreme values of heterogeneity).186 These hyperparameter values allow 

to penalise the extent of between-study heterogeneity when the number of included 

validation studies is low.186 Further we also used v = 3 to ensure that the variance σ2 

v/(v-2) exists and samples of τ were truncated above 10 to rule out unreasonable 

values. Thus the resulting priors are given as τdiscr ~ Student−t(0, 0.52, 3)T[0.10] 

which has been shown to allow for large but realistic values for between-study 

heterogeneity.186 

 

We conducted meta-analyses in R using the metafor and metamisc package (R 

foundation for Statistical Computing 3.6.3).226-228  

    

We performed a number of sensitivity analyses: 

 To only include studies where the participants domain in PROBAST 

assessment was ‘low’ or ‘unclear’ risk of bias.  

 To only include studies where the overall PROBAST assessment was ‘low’ or 

‘unclear’ risk of bias. 
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 Where a cohort had been reported multiple times we replaced the meta-

analysis data with the data on the same cohort from any later study.  

 We excluded data from one of the Korean National Health Insurance Service 

Health screening cohort (NHIS-HEALS) and Korean National Health Insurance 

Service-based National Sample cohort (NHIS-NSC) because they originated 

from the same EHR database.  

 

The Grading of Recommendations, Assessment, Development and Evaluation 

(GRADE) approach was used to assess the certainty of the evidence.229 The certainty 

of the evidence was graded as ‘high’ (further research is very unlikely to change our 

confidence in the effect estimate), ‘moderate’ (further research is likely to have an 

important impact on our confidence in the effect estimate), ‘low’ (further research is 

very likely to have an important impact on our confidence in the effect estimate and is 

likely to change the estimate) or ‘very low’ (any estimate of effect is very uncertain). 

 

The initial certainty level of the included prediction modelling studies was set at ‘high’ 

because the association between the predictors and outcomes was considered 

irrespective of any causal connection.230 Eight criteria were considered to further 

downgrade or upgrade the certainty of the evidence; five criteria which might 

downgrade the overall certainty of the evidence (methodological limitations of the 

study, indirectness, imprecision, inconsistency and likelihood of publication bias) and 

three which might potentially upgrade the overall certainty of the evidence (large effect, 

dose-response relation in the effect, and opposing plausible residual bias or 

confounding).  

 

The criteria that might downgrade the overall certainty of evidence were considered as 

follows:  

 Methodological limitations of the studies were assessed by considering the 

overall risk of bias judgement across studies based on the overall PROBAST 

risk of bias assessment. Indirectness was assessed by making a global 

judgement on how dissimilar the research evidence is to the research question 

at hand (in terms of population and outcomes across studies).  

 Indirectness was assessed through concerns regarding the applicability of each 

included study from PROBAST (i.e. when the populations, predictors or 

outcomes of the study differ from the research question) and an overall 

judgement across studies was made.  



62 
 

 Imprecision was assessed by considering the optimal total number of events 

across all studies. A minimum threshold of 10 events per variable was 

considered as the minimum required in regression modelling development 

studies, and 100 when machine learning methods had been used.206, 231 For 

external validation studies a minimum sample size of at least 200 events was 

less concerning for imprecision.232 Results may also be imprecise when the 

95% confidence intervals of c-statistic of all studies or of the largest studies 

include insufficient discrimination performance (0.5).  

 A global judgement on inconsistency was evaluated through the consistency of 

the model discrimination performance and the range of the 95% PI as a 

statistical measure of heterogeneity. Widely differing estimates of the c-statistic 

indicated inconsistency or if the 95% PI of the summary c-statistic was wide and 

included 0.5.  

 Publication bias was suspected when the body of evidence consisted of only 

positive studies from small sample sizes or all studies were funded by industry.  

 

The criteria that might upgrade the overall certainty of evidence were considered as 

follows: 

 A large magnitude of effect (i.e. highly discriminatory predictive performance) 

was considered if the c-statistic exceeded 0.7 in the majority of studies.233  

 Dose-response relation in this effect was not applicable here since this review 

was not focused on drugs or pharmaceutical agents.  

 Whether all plausible confounders and biases were accounted for is not 

applicable here as we only included studies that described a multivariable 

prediction model. 

 

One investigator (RN) rated the certainty of the evidence for the primary outcome and 

this was checked by a second investigator (JW). The criteria used are discussed 

below. 

 

2.5.4 Patient and public involvement 

Patients or the public were not involved in the design, conduct, reporting or 

dissemination plans of our research. 

 

2.6 Results 
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2.6.1 Study selection 

The study selection process is described in Figure 1. We identified 3949 unique 

records, reviewed 102 full-text reports and included 11 studies.  
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Figure 1 Flow diagram of literature search.  

Abbreviations: AF, atrial fibrillation; AFl, atrial flutter; EHR, electronic health record 

 

 

2.6.2 Characteristics of included studies  

The 11 included studies were based on nine cohorts from eight EHR databases, 

located in Asia Pacific (n =3), Europe (n = 3) and the Middle East (n = 2) (Table 3-4).194, 

196, 199, 234-241 The number of times a prediction model had been derived or validated in 

EHR was skewed to Asia Pacific (n = 17) compared with Europe (n = 5) and the Middle 

East (n = 3) (Table 5). 
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The total number of participants in the included studies was 17,889,536. Cohort size 

ranged from 96,778 to 2,994,837 (Table 4). The mean age varied from 41.3 to 65.7 

years and the proportion of female participants ranged from 47.3% to 54.7%. The 

mean follow-up ranged from 2.9 years to 10.9 years (Table 3-4). The incidence of AF 

during follow-up ranged from 0.2% to 5.8% (Table 4).  
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Table 3 Characteristics of cohorts in included studies  

Study Cohort 

(Country) 

EHR description Age (mean 

± SD) 

Women  

(%) 

BMI  

(mean ± 

SD) 

Diabetes  

(%) 

Hyper-

tension (%) 

Heart 

failure (%) 

Aronson 2018234 MHS (IL) Ambulatory clinics 62.0 ± 9.0 53.7 28.2 ± 5.1 13.5 34.3 1.00 

Chao 2013235 NHIRD  (TW) National health insurance 41.3 ± 16.4 49.1 N/A 3.1 5.2 0.40 

Hill 2019194 CPRD (UK) Nationwide primary care 56.0 ± 14.5 53.4 27.6 ± 6.0 6.9 25.0 0.70 

Himmelreich 

2020196 

Nivel-PCD (NL) Nationwide primary care   65.5 ± 11.4 52.5 N/A 42.7 66.5 4.20 

Hu-WS 2019236** NHIRD (TW) National health insurance 41.3 49.3 N/A 2.1 15.1 0.80 

Kim 2020241 ** NHIS-NSC (KR) National Health Insurance 47.7 50.5 23.7 6.3 21.2 2.40 

Li 2019199 ** YMID (CN) Regional Medical 

insurance 

47.0 47.3 N/A 4.0 9.7 0.15 

NHIS-HEALS 

(KR) 

National health 

examination program 

56.1 ± 9.3 46.0 N/A 8.3 31.7 1.20 

Saliba 2016238 ClalitHS (IL) State-mandated health 

services 

65.7 ± 11.2 54.7 N/A 25.3 48.9 4.30 

Sekelj 2020239 Discover (UK) Regional primary care 52.2  ± 13.3 51.0 27.0 ± 6.1 23.2 17.9 0.50 
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Suenari 2017240 NHIRD (TW) National health insurance 42.4 ± 16.0 49.1 N/A 3.2 5.5 0.40 

Abbreviations: BMI, body mass index; CN, China; ClalitHS, Clalit Health Services; CPRD, Clinical Practice Research Datalink; EHR, electronic health 

records; IL, Israel; KR, Republic of Korea; MHS, Maccabi Healthcare Services; NHIRD, National Health Insurance Research Database; NHIS-HEALS, 

National Health Insurance Service - Health screening Cohort; NHIS-NSC, National Health Insurance Service-based National Sample Cohort; Nivel-

PCD, Netherlands Institute for Health Services Research Primary Care Database; NL, Netherlands; N/A, not available; SD, standard deviation; TW, 

Taiwan; UK, United Kingdom; YMID, Yunnan Medical Insurance Database  

N.B. ** In Kim 2020, Li 2019 and Hu-WS 2019 the percentage of patients related to sex, diabetes, hypertension, heart failure was calculated from 

reported values categorised by incident AF or not. 

 

Table 4 Characteristics of outcomes in included studies 

Study Study 

aim 

AF cases (n) / total 

patients (n) (%) 

Outcome 

definition 

Outcome coding Enrolment period 

(mean F/U in 

years) 

Exclusion criteria 

Aronson 

2018234 

D 5 660 / 96 778  

(5.80) 

AF, AFI 

 

ICD codes 

 

2005 – 2015 

(10.0)  

Past history of AF, incomplete follow-up 

 

Chao 2013235 EV 9 187 / 702 502 

(1.30) 

AF* ICD codes* 2000 – 2009  

(9.0) 

Age < 18 years, past history of cardiac 

arrhythmia, rheumatic heart disease 

Hill 2019194 D, EV 95 607 / AF, AFI Read codes 2006 – 2016 Age < 30 years, past history of AF 
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2 994 837  

(3.19) 

(N/A)   

Himmelreich 

2020196 

EV 5 264 / 111 475 

(4.72) 

AF, AFl ICPC-1 codes 2013 – 2018 

(N/A) 

Age < 40 years, past history of AF 

Hu-WS 2019236  EV 12 051 / 692 691 

(1.74) 

AF ICD codes 1996 – 2013 

(10.9)  

Age < 18 years, past history of AF, incomplete 

data 

Kim 2020241  D, EV 5 824 / 

432 587 

(1.35) 

AF, AFl ICD codes 2009 – 2013 

(N/A)  

Age < 18 years, past history of AF, mitral valve 

stenosis or prosthetic valve disease, missing 

data for smoking or alcohol, change in 

residence 

Li 2019199 D, EV 921 / 471 446 

(0.20) 

AF ICD codes 2001 – 2012 

(4.1) 

Past history of AF, incomplete data, 

readmission 

 EV 12 143 / 451 199 

(2.69) 

AF ICD codes 2002 – 2013 

(7.3) 

Past history of AF, mitral stenosis, prosthetic 

heart valves, valve replacement or 

valvuloplasty, or cardiomyopathy 

Saliba 2016238 EV 23 223 / 

1 062 073 

(2.19) 

AF ICD codes 2012 – 2014 

(2.9)  

Age < 50 years, past history of AF 
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Sekelj 2020239 EV 17 880 / 

604 135 

(2.96) 

AF, AFl Read codes 2006 – 2013 

(N/A)  

Age < 30 years, past history of AF, incomplete 

data  for height, weight, BMI, systolic BP and 

diastolic BP 

Suenari 2017240 EV 9 174 / 670 804 

(1.40) 

AF ICD codes 2000 – 2011  

(9.0) 

Age < 20 years, past history of cardiac 

arrhythmia 

Abbreviations: AF, atrial fibrillation; AFl, atrial flutter; BMI, body mass index; BP, blood pressure; D, derivation; ECG, electrocardiogram; EV, external 

validation; F/U, follow-up; ICD, International Classification of Diseases; ICPC-1, International classification of Primary care version 1 diagnostic codes; 

N/A, not available. 

N.B. *In Chao 2013 it is not reported how outcome was defined or measured but given the authors were using the same database as Suenari 2017, 

we have assumed outcomes were measured in the same way;  
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2.6.3 Characteristics of included prediction models 

The included studies reported data on nine multivariable prediction models (Table 5). 

Three models had originally been derived for a purpose other than incident AF 

prediction.187-189 Five models had been derived in community-based EHR; three using 

machine learning techniques.194, 236, 241 In two of these studies, a range of machine 

learning techniques had been investigated with the optimum technique chosen by 

discriminative performance (Table 6).194, 241 Amongst machine learning techniques, 

random forests were investigated in all three studies194, 236, 241 and neural networks 

were considered in two.194, 241 

  

Table 5 Characteristics of included prediction models 

Model Study 
Predicted 

outcome 

Number 

of 

predictors 

Derivation 

EHR cohort 

(country) 

External 

validation EHR 

cohort 

(country) 

Models originally derived for another purpose but tested for prediction of incident AF 

CHADS2 
Gage 

2001187 
Stroke risk 5 - 

ClalitHS (IL) 

NHIRD (TW) 

NHIS-HEALS 

(KR) 

NHIS-NSC (KR) 

YMID (CN) 

CHA2DS2-

VASc 
Lip 2010188 Stroke risk 7 - 

ClalitHS (IL) 

Nivel-PCD (NL) 

NHIS-HEALS 

(KR) 

NHIS-NSC (KR) 

YMID (CN) 

HATCH 
de Vos 

2010189 

Progression to 

persistent AF 
5 - 

NHIRD (TW) 

NHIS-HEALS 

(KR) 

NHIS-NSC (KR) 
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YMID (CN) 

Regression model derived in a prospective cohort design 

CHARGE-

AF 

Alonso 

2013205 

Incident AF or 

AFl 
11 - 

CPRD (UK) 

Nivel-PCD (NL) 

Regression models derived in EHR 

C2HEST Li 2019199  Incident AF 6 YMID (CN) 

NHIRD (TW) 

NHIS-HEALS 

(KR) 

MHS 
Aronson 

2018234  

Incident AF or 

AFl 
10 MHS (IL) N/A 

Machine learning models derived in EHR 

CPRD Hill 2019194 
Incident AF or 

AFl 
100 CPRD (UK) Discover (UK) 

NHIRD 
Hu-WS 

2019236  
Incident AF 19 NHIRD (TW) N/A 

NHIS-NSC Kim 2020241 
Incident AF or 

AFl 
22 

NHIS-NSC 

(KR) 
N/A 

Abbreviations: AF, atrial fibrillation; AFl, atrial flutter; CHADS2, Congestive heart failure, 

Hypertension, Age >75, Diabetes mellitus, prior Stroke or transient ischemic attack [2 

points]; CHA2DS2-VASc, Congestive heart failure, Hypertension, Age >75 [2 points], 

Stroke/transient ischemic attack/thromboembolism [2 points], Vascular disease, Age 

65-74, Sex Category; CHARGE-AF, Cohorts for Heart and Aging Research in Genomic 

Epidemiology; C2HEST, Coronary artery disease / Chronic obstructive pulmonary 

disease [1 point each], Hypertension, Elderly (Age ≥75, 2 points), Systolic heart failure, 

Thyroid disease (hyperthyroidism); ClalitHS, Clalit Health Services; CN, China; CPRD, 

Clinical Practice Research Datalink; EHR, electronic health records; HATCH, 

Hypertension, Age, stroke or Transient ischemic attack, Chronic obstructive pulmonary 

disease, Heart failure; IL, Israel; KR, Republic of Korea; MHS, Maccabi Healthcare 

Services; NHIRD, National Health Insurance Research Database; NHIS-HEALS, 

National Health Insurance Service - Health screening Cohort; NHIS-NSC, National 

Health Insurance Service-based National Sample Cohort; Nivel-PCD, Netherlands 

Institute for Health Services Research Primary Care Database; NL, Netherlands; TW, 

Taiwan; UK, United Kingdom; YMID, Yunnan Medical Insurance Database 
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Table 6 Performance of machine learning and traditional regression techniques during 
model development 

Abbreviations: CI, Confidence Interval; CPRD, Clinical Practice Research Datalink; 

GOF, goodness-of-fit; LASSO, least absolute shrinkage and selection operator; N/A, 

not available; NHIRD, National Health Insurance Research Database; NHIS-NSC, 

Technique 

Discrimination  Calibration 

c-statistic 95%CI 
p-value of 

GOF test  
O:E ratio 

Hill 2019 (CPRD) 

Neural network 0.818* 0.817 - 0.819 N/A N/A 

Random forest 0.812* 0.811 - 0.813 N/A N/A 

Support vector 

machine 
0.811* 0.810 - 0.812 N/A N/A 

Logistic LASSO 0.811* 0.810 - 0.812 N/A N/A 

Traditional 

regression 
0.797* 0.796 - 0.798 N/A N/A 

Hu-WS 2019 (NHIRD) 

Random forest 0.948 0.947 - 0.949 N/A N/A 

Kim 2020 (NHIS-NSC) 

Extreme 

gradient 

boosting 

0.845 0.837 - 0.853 N/A N/A 

Random forest 0.838 0.830 - 0.846 N/A N/A 

Naïve Bayes 0.833 0.825 - 0.841 N/A N/A 

Deep neural 

network 
0.813 0.800 - 0.826 N/A N/A 

Decision tree 0.801 0.787 - 0.815 N/A N/A 

Support vector 

machine 
0.766 0.757 - 0.775 N/A N/A 

Traditional 

Regression 
0.684 0.675 - 0.693 N/A N/A 
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National Health Insurance Service-based National Sample Cohort; O:E, observed 

versus expected events  

N.B. * 95% CI for c-statistic not reported in article, so estimated from the reported c-

statistic according to methods described by Debray et al. 2017 

 

 

All studies reported a measure of discrimination (either c-statistic or AUROC), but only 

two studies provided a measure of calibration.196, 234 Three prediction models – CPRD 

(Clinical Practice Research Datalink), C2HEST and HATCH - showed a c-statistic 

greater than 0.75 in an external validation study (Table 7).237, 239 
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Table 7 Outcomes of studies reporting on prediction models 

Prediction 

Model 

Study 

aim 

Study 

(cohort) 

Observed 

AF/total 

population (%) 

Discrimination  Calibration 
Follow up 

duration 

(years) 

RoB 

Partici-

pants 

domain 

RoB 

Overall 
c-statistic 95%CI 

p-value 

of GOF 

test  

O:E ratio 

Models originally derived for another purpose but tested for prediction of incident atrial fibrillation 

CHADS2 
EV 

Chao 2013 

(NHIRD) 

9,187 / 702,502 

(1.30) 
0.713 

0.707 - 

0.719 
N/A N/A 10 L H 

EV 
Saliba 2016 

(ClalitHS) 

23,223 / 

1,062,073 

(2.19) 

0.728 
0.711 - 

0.731† 
N/A N/A 3 U H 

EV 
Li 2019 

(YMID) 

921 / 471,446 

(0.20) 
0.632 

0.604 - 

0.660 
N/A N/A 11 L H 

EV 
Li 2019 (NHIS-

HEALS) 

12,143 / 

451,199 (2.69) 
0.637 

0.632 - 

0.642 
N/A N/A 11 H H 

EV 
Kim 2020 

(NHIS-NSC) 

5,824 / 432,587 

(1.35) 
0.652 

0.646 - 

0.657 
N/A N/A 5 H H 
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CHA2DS2-

VASc EV 
Saliba 2016 

(ClalitHS) 

23,223 / 

1,062,073 

(2.19) 

0.744 
0.741 - 

0.747 
N/A N/A 3 U H 

EV 
Li 2019 

(YMID) 

921 / 471,446 

(0.20) 
0.687 

0.659 - 

0.716 
N/A N/A 11 L H 

EV 
Li 2019 (NHIS-

HEALS) 

12,143 / 

451,199 (2.69) 
0.637 

0.632 - 

0.642 
N/A N/A 11 H H 

EV 

Himmelreich 

2020 (Nivel-

PCD) 

5,264 / 111,475 

(4.72) 
0.669 

0.661 - 

0.677 
N/A N/A 5 L H 

EV 
Kim 2020 

(NHIS-NSC) 

5,824 / 432,587 

(1.35) 
0.654 

0.646 - 

0.661 
N/A N/A 5 H H 

HATCH 
EV 

Suenari 2017 

(NHIRD) 

9,174 / 670,804 

(1.40) 
0.716 

0.710 - 

0.723 
N/A N/A 9 L U 

EV 
Li 2019 

(YMID) 

921 / 471,446 

(0.20) 
0.633 

0.598 - 

0.667 
N/A N/A 11 L H 

EV 
Li 2019 (NHIS-

HEALS) 

12,143 / 

451,199 (2.69) 
0.646 

0.641 - 

0.651 
N/A N/A 11 H H 
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EV 
Kim 2020 

(NHIS-NSC) 

5,824 / 432,587 

(1.35) 
0.669 

0.661 - 

0.676 
N/A N/A 5 H H 

EV 
Hu-WS 2020 

(NHIRD) 

12,051 / 

692,691 (1.74) 
0.771* 

0.767 - 

0.775 
N/A N/A 14 L H 

Machine Learning models 

CPRD 

D 
Hill 2019 

(CPRD) 

95,607 / 

2,994,837 

(3.19)+ 

0.827* 
0.826 - 

0.828 
N/A N/A 11 L H 

EV 
Sekelj 2020 

(Discover) 

17,880 / 

604,135 (2.96) 
0.870* 

0.867 - 

0.873 
N/A N/A 8 L H 

NHIRD D# 
Hu-WS 2019 

(NHIRD) 

14,212 / 

682,237 (2.08) 
0.948 

0.947 - 

0.949 
N/A N/A 14 L H 

NHIS-

NSC§ 
D 

Kim 2020 

(NHIS-NSC) 

5,824 / 432,587 

(1.35) 
0.845 

0.837 - 

0.853 
N/A N/A 5 H H 

Regression Models derived in electronic health records 

C2HEST 
D 

Li 2019 

(YMID) 

921 / 471,446 

(0.20) 
0.750 

0.730 - 

0.770 
N/A N/A 11 L H 

EV 
Li 2019 (NHIS-

HEALS) 

12,143 / 

451,199 (2.69) 
0.654 

0.649 - 

0.659 
N/A N/A 11 H H 
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Abbreviations: AF, Atrial Fibrillation; CHADS2, Congestive heart failure, Hypertension, Age >75, Diabetes mellitus, prior Stroke or transient ischemic 

attack [2 points]; CHA2DS2-VASc, Congestive heart failure, Hypertension, Age >75 [2 points], Stroke/transient ischemic attack/thromboembolism [2 

points], Vascular disease, Age 65-74, Sex Category; CHARGE-AF, Cohorts for Heart and Aging Research in Genomic Epidemiology; C2HEST, 

Coronary artery disease / Chronic obstructive pulmonary disease [1 point each], Hypertension, Elderly (Age ≥75, 2 points), Systolic heart failure, 

Thyroid disease (hyperthyroidism); CI, Confidence Interval; ClalitHS, Clalit Health Services; CPRD, Clinical Practice Research Datalink; D, derivation; 

EHR, electronic health records; EV, external validation; GOF, goodness-of-fit; H, high; HATCH, Hypertension, Age, stroke or Transient ischemic 

attack, Chronic obstructive pulmonary disease, Heart failure; L, low; MHS, Maccabi Healthcare Services; NHIRD, National Health Insurance 

Research Database; NHIS-HEALS, National Health Insurance Service - Health screening Cohort; NHIS-NSC, National Health Insurance Service-

based National Sample Cohort; Nivel-PCD, Netherlands Institute for Health Services Research Primary Care Database; N/A, not available; O:E, 

observed versus expected events; ROB, risk of bias; U, unclear; YMID, Yunnan Medical Insurance Database  

EV 
Hu-WS 2020 

(NHIRD) 

12,051 / 

692,691 (1.74) 
0.790* 

0.785 - 

0.793 
N/A N/A 14 L H 

MHS D 
Aronson 2018 

(MHS) 

5,660 / 96,778 

(5.80) 
0.743 

0.737 - 

0.749 
N/A 0.970** 10 L H 

Regression model derived in a prospective cohort design 

CHARGE-

AF 

EV 
Hill 2019 

(CPRD) 

95,607 / 

2,994,837 

(3.19)+ 

0.725* 
0.723 - 

0.727 
N/A N/A 11 L H 

EV 

Himmelreich 

2020 (Nivel-

PCD) 

5,264 / 111,475 

(4.72) 
0.736 

0.727 - 

0.744 
0.001 0.69 5 L H 
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N.B. * 95% CI for c-statistic not reported in article, so estimated from the reported c-statistic according to methods described by Debray et al. 2017; ** 

For Aronson 2018 the reported O:E was extracted by Himmelreich et al. 2020; # In Hu-WS 2019 the authors do an EV but in a subset of the NHIRD 

dataset pertaining to secondary care inpatients, preventing us from including this data into this review; † In Saliba 2016 the 95% upper CI for c-

statistic is reported as 0.725 but this is less than the stated c-statistic of 0.728, so the 95% upper CI has been estimated from the reported c-statistic 

according to methods described by Debray et al. 2017; + In Hill 2019 a total of 2,994,837 patients were included in the baseline model with 167,672 

included in the time-varying model. The number of events are not differentiated between baseline and time-varying model. This dataset was divided 

between training (1,996,788) and holdout (998,049) for testing but number of events in each are not reported. For the EV of CHARGE-AF it is not 

specified which subset of the data is used for validation; § In Kim 2020 prediction model development using machine learning was completed both 

with and without the predictor PM2.5 - which is fine particular matter air pollution. In this analysis we have only included the model without PM2.5 as it is 

judged not to be a predictor that would be routinely available in primary care or population EHR. 
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Table 8 and 9 summarise the variables used. The ten most frequently included 

variables are summarised in Figure 2. Age and chronic heart failure were the only 

variables included in every model. The number of variables incorporated into machine 

learning models was far greater than traditional regression models (Table 5). The 

CPRD model was unique in incorporating time-varying variables (e.g. change in body 

mass index (BMI) between the last two quarters of the year).194  
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Table 8 Baseline variables used in prediction models 

Model Predictors 

Patient 

characteristics 

Medical History Physical  

measurements 

Investigations Other 

Models originally derived for another purpose but tested for prediction of incident atrial fibrillation 

CHADS2 Age Hypertension, CHF, diabetes mellitus, 

CVA 

   

CHA2DS2-

VASc 

Age, sex Hypertension, CHF, 

stroke/TIA/thromboembolism, vascular 

disease 

   

HATCH Age Hypertension, CHF, stroke/TIA, COPD    

Machine Learning models 

CPRD Age, sex, race, 

smoking status 

Hypertension, anti-hypertensive 

medication, CHF, congenital heart 

disease, MI, LVH, type 1 DM, type 2 DM 

Height, weight, 

BMI, SBP, DBP 

  

NHIRD Age (years), age 

group, sex 

Hypertension, CHF, COPD, 

rheumatological disease, dyslipidaemia, 

DM, CVA or TIA, sleep disorder, cancer, 

  Follow-up 

duration (years), 

mean CHA2DS2-

VASC score 
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hyperthyroidism, vascular disease, gout, 

CKD or ESRD, anaemia 

NHIS-NSC* Age, sex, smoking 

(pack-year), alcohol 

Hypertension, CHF, MI, vascular disease, 

stroke/TIA, COPD 

BMI, SBP Triglycerides, total 

cholesterol, HDL 

cholesterol, LDL 

cholesterol, eGFR, 

GGT, fasting blood 

glucose, 

Haemoglobin, AST 

Socioeconomic 

status 

Regression Models derived in electronic health records 

C2HEST Age Hypertension, ischaemic heart disease, 

CHF, COPD, thyroid disease 

   

MHS Age, sex Anti-hypertensive medication, MI, CHF, 

peripheral vascular disease, inflammatory 

disease in a female, COPD 

BMI, SBP   

Regression model derived in a prospective cohort design 

CHARGE-AF Age, race, smoking 

status 

Anti-hypertensive medication, MI, CHF, 

DM 

Height, weight, 

SBP, DBP 

  

Abbreviations: AST, aspartate aminotransferase; BMI, body mass index; CHADS2, Congestive heart failure, Hypertension, Age >75, Diabetes 

mellitus, prior Stroke or transient ischemic attack [2 points]; CHA2DS2-VASc, Congestive heart failure, Hypertension, Age >75 [2 points], 
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Stroke/transient ischemic attack/thromboembolism [2 points]; CHARGE-AF, Cohorts for Heart and Aging Research in Genomic Epidemiology; 

C2HEST, Coronary artery disease / Chronic obstructive pulmonary disease [1 point each], Hypertension, Elderly (Age ≥75, 2 points), Systolic heart 

failure, Thyroid disease (hyperthyroidism); CHF, chronic heart failure; CKD, chronic kidney disease; COPD, chronic obstructive pulmonary disease; 

CPRD, Clinical Practice Research Datalink; CVA, cerebrovascular accident; DBP, diastolic blood pressure; DM, diabetes mellitus; eGFR, estimated 

glomerular filtration rate; ESRD, end-stage renal disease; GGT, gamma glutamyl transferase; HATCH, Hypertension, Age, stroke or Transient 

ischemic attack, Chronic obstructive pulmonary disease, Heart failure; HDL, high density lipoprotein; L, low; LDL, low density lipoprotein; LVH, left 

ventricular hypertrophy;  MHS, Maccabi Healthcare Services; MI, myocardial infarction; NHIRD, National Health Insurance Research Database; 

NHIS-HEALS, National Health Insurance Service - Health screening Cohort; NHIS-NSC, National Health Insurance Service-based National Sample 

Cohort; SBP, systolic blood pressure; TIA, transient ischaemic attack  

N.B. * In Kim 2020 prediction model development using machine learning was completed both with and without the predictor PM2.5 - which is fine 

particular matter air pollution. In this analysis we have only included the model without PM2.5 as it is judged not to be a predictor that would be 

routinely available in primary care or population EHR. 

 

Table 9 Time-varying variables in CPRD model of Hill et al194 

Variable Description of time-varying component 

Patient Characteristics 

Age Age in years at start of each 91-day quarter 

Sex Male or female 

Race Known white or other 
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Smoking status Known current smoker or other 

Height Latest recorded value 

Weight A new set of predictors was derived using clinical measurements over the year prior to AF date (or 

equivalent for matched non-AF patients): 

 latest value recorded in each quarter 

 difference between latest and earliest values recorded in total 

 difference between min and max values in each quarter 

 difference between min and max values across successive quarters 

 difference between min and max values recorded in total 

 number of measurements recorded in each quarter 

 number of measurements recorded in total 

BMI 

DBP 

SBP 

Medical History 

Hypertension  For each comorbidity, a new set of predictors was derived to indicate whether an event was observed in 

each quarter over the year prior to AF diagnosis (or equivalent for matched non-AF patients), or at any 

time prior to this 
Anti-hypertensive medication 

CHF 

Ischaemic heart disease 

Congenital heart disease 
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MI 

LVH 

Type 1 DM 

Type 2 DM 

Abbreviations: AF, Atrial Fibrillation; AST, aspartate aminotransferase; BMI, body mass index; CHADS2, Congestive heart failure, Hypertension, Age 

>75, Diabetes mellitus, prior Stroke or transient ischemic attack [2 points]; CHA2DS2-VASc, Congestive heart failure, Hypertension, Age >75 [2 

points], Stroke/transient ischemic attack/thromboembolism [2 points]; CHARGE-AF, Cohorts for Heart and Aging Research in Genomic Epidemiology; 

C2HEST, Coronary artery disease / Chronic obstructive pulmonary disease [1 point each], Hypertension, Elderly (Age ≥75, 2 points), Systolic heart 

failure, Thyroid disease (hyperthyroidism); CHF, chronic heart failure; CKD, chronic kidney disease; COPD, chronic obstructive pulmonary disease; 

CPRD, Clinical Practice Research Datalink; CVA, cerebrovascular accident; DBP, diastolic blood pressure; DM, diabetes mellitus; eGFR, estimated 

glomerular filtration rate; ESRD, end-stage renal disease; GGT, gamma glutamyl transferase; HATCH, Hypertension, Age, stroke or Transient 

ischemic attack, Chronic obstructive pulmonary disease, Heart failure; HDL, high density lipoprotein; L, low; LDL, low density lipoprotein; LVH, left 

ventricular hypertrophy;  MHS, Maccabi Healthcare Services; MI, myocardial infarction; NHIRD, National Health Insurance Research Database; 

NHIS-HEALS, National Health Insurance Service - Health screening Cohort; NHIS-NSC, National Health Insurance Service-based National Sample 

Cohort; SBP, systolic blood pressure; TIA, transient ischaemic attack  
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Figure 2 An overview of the ten predictors most frequently incorporated in the 
prediction models in this study.  

 

Abbreviations: IHD, ischaemic heart disease; MI, myocardial infarction; SBP, systolic 
blood pressure 

 

 

Figure 3 plots the performance of traditional regression and machine learning models 

in the development population of each study. Table 6 summarises the performance of 

traditional regression and machine learning techniques during model development in 

the CPRD and NHIS-NSC datasets. In each case, machine learning produced stronger 

discriminative performance in the development population. 
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Figure 3 Forest plot showing the performance of traditional regression versus machine 
learning models using the development data from each relevant study 

 

Abbreviations: C2HEST, Coronary artery disease / Chronic obstructive pulmonary 

disease [1 point each], Hypertension, Elderly (Age ≥75, 2 points), Systolic heart failure, 

Thyroid disease (hyperthyroidism); CI, Confidence Interval; CPRD, Clinical Practice 

Research Datalink; D, derivation; MHS, Maccabi Healthcare Services; NHIRD, National 

Health Insurance Research Database; NHIS-NSC, National Health Insurance Service-

based National Sample Cohort  

 

 

2.6.4 Risk of bias assessment 

Table 10 shows the results of the risk of bias and applicability assessment for each 

PROBAST domain for each model in the included studies. Figure 3 gives an overall 
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summary of PROBAST domain assessments across all included studies. Overall, 96% 

of model results were at high risk of bias predominantly driven by high risk of bias in 

the analysis domain (88%). This resulted from exclusion of participants with missing 

data from analysis (72%) or not mentioning missing data (16%).
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Table 10 Risk of bias and applicability assessment for each Prediction model Risk of Bias ASsessment Tool domain 

Study Model Aim 

RoB 

Participant

s 

RoB 

Predictor

s 

RoB 

Outcom

e 

RoB 

Analysi

s 

Applicabilit

y 

Participant

s 

Applicabilit

y 

Predictors 

Applicabilit

y 

Outcomes 

Overal

l RoB 

Overall 

Applicabilit

y 

Aronson 

2018 
MHS D L L L H L L L H L 

Chao 2013 CHADS2 EV L L U H L L L H L 

Hill 2019 CPRD D L L H U L L L H L 

Hill 2019 
CHARGE

-AF 
EV L L H U L L L H L 

Himmelreic

h 2020 

CHARGE

-AF 
EV L L L H L L L H L 

Himmelreic

h 2020 

CHA2DS2

-VASc 
EV L L L H L L L H L 

Hu-WS 

2019 
NHIRD D L H L H L H L H H 
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Hu-WS 

2020 
C2HEST EV L L U H L L U H U 

Hu-WS 

2020 
HATCH EV L L U H L L U H U 

Kim 2020 
NHIS-

NSC 
D H L L H L L L H L 

Kim 2020 CHADS2 EV H L L H L L L H L 

Kim 2020 
CHA2DS2

-VASc 
EV H L L H L L L H L 

Kim 2020 HATCH EV H L L H L L L H L 

Li 2019 C2HEST D L L L H L L L H L 

Li 2019 C2HEST EV H L L H L L L H L 

Li 2019 CHADS2 
EV 

(YMID) 
L L L H L L L H L 

Li 2019 CHADS2 

EV 

(NHIS-

HEALS

) 

H L L H L L L H L 
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Li 2019 
CHA2DS2

-VASc 

EV 

(YMID) 
L L L H L L L H L 

Li 2019 
CHA2DS2

-VASc 

EV 

(NHIS-

HEALS

) 

H L L H L L L H L 

Li 2019 HATCH 
EV 

(YMID) 
L L L H L L L H L 

Li 2019 HATCH 

EV 

(NHIS-

HEALS

) 

H L L H L L L H L 

Saliba 2016 CHADS2 EV U L U H L L L H L 

Saliba 2016 
CHA2DS2

-VASc 
EV U L U H L L L H L 

Sekelj 2020 CPRD EV L L H H L L L H L 

Suenari 

2017 
HATCH EV L L L U L L L U L 



91 
 

 

Abbreviations: CHADS2, Congestive heart failure, Hypertension, Age >75, Diabetes mellitus, prior Stroke or transient ischemic attack [2 points]; 

CHA2DS2-VASc, Congestive heart failure, Hypertension, Age >75 [2 points], Stroke/transient ischemic attack/thromboembolism [2 points], Vascular 

disease, Age 65-74, Sex Category; CHARGE-AF, Cohorts for Heart and Aging Research in Genomic Epidemiology; C2HEST, Coronary artery 

disease / Chronic obstructive pulmonary disease [1 point each], Hypertension, Elderly (Age ≥75, 2 points), Systolic heart failure, Thyroid disease 

(hyperthyroidism);  ClalitHS, Clalit Health Service; CPRD, Clinical Practice Research Datalink; D, derivation; EV, external validation; H, high; HATCH, 

Hypertension, Age, stroke or Transient ischemic attack, Chronic obstructive pulmonary disease, Heart failure; L, low; MHS, Maccabi Healthcare 

Services; NHIRD, National Health Insurance Research Database; NHIS-HEALS, National Health Insurance Service - Health screening Cohort; NHIS-

NSC, National Health Insurance Service (of Korea)-based National Sample Cohort; RoB, risk of bias; U, unclear; YMID, Yunnan Medical Insurance 

Database 
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Figure 4 Judgements on the four Prediction model Risk of Bias ASsessment Tool risk 
of bias domains and three applicability domains presented as percentages across all 
included studies.  

 

Abbreviations: ROB, risk of bias 

 

 

2.6.5 Meta-analysis 

Four models were eligible for the primary meta-analysis, incorporating 9,289,959 

patients (Figure 5). Only C2HEST was derived specifically for the purpose of predicting 
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incident AF.199 There were three models that resulted in a summary c-statistic with 

statistically significant 95% PI in our primary meta-analysis: CHADS2 (summary c-

statistic 0.674; 95% CI 0.610 – 0.732; 95% PI 0.526 – 0.815; n = 5 studies; n = 

3,119,807), CHA2DS2-VASc (summary c-statistic 0.679; 95% CI 0.620 – 0.736; 95% PI 

0.531 – 0.811; n = 5 studies; n = 2,528,780) and HATCH (summary c-statistic 0.669; 

95% CI 0.600 – 0.732; 95% PI 0.513 – 0.803; n = 4 studies; n = 2,026,036). There was 

high heterogeneity, as shown by the wide 95% PIs (Figure 5). 

 

Figure 5 Forest plot of primary analysis of c-statistics. 

 

Abbreviations: C2HEST, Coronary artery disease / Chronic obstructive pulmonary 

disease [1 point each], Hypertension, Elderly (Age ≥ 75, 2 points), Systolic heart failure, 

Thyroid disease (hyperthyroidism); CHADS2, Congestive heart failure, Hypertension, 
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Age > 75, Diabetes mellitus, prior Stroke or transient ischemic attack [2 points]; 

CHA2DS2-VASc, Congestive heart failure, Hypertension, Age > 75 [2 points], 

Stroke/transient ischemic attack/thromboembolism [2 points], Vascular disease, Age 

65-74, Sex category; CI, confidence interval; ClalitHS, Clalit Health Services; HATCH, 

Hypertension, Age, stroke or Transient ischaemic attack, Chronic obstructive 

pulmonary disease, and Heart failure; NHIRD, National Health Insurance Research 

Database; NHIS-HEALS, National Health Insurance Service - Health screening Cohort; 

NHIS-NSC, National Health Insurance Service-based National Sample Cohort; Nivel-

PCD, Netherlands Institute for Health Services Research Primary Care Database; 

YMID, Yunnan Medical Insurance Database 

 

 

Table 11 shows the results of the sensitivity analyses. Only CHA2DS2-VASc maintained 

a summary c-statistic with statistically significant 95% PI when either restricting the 

primary analysis to studies with ‘low’ or ‘unclear’ risk of bias for the participants domain 

of PROBAST, or using later data when a cohort had been analysed multiple times, or 

excluding data from either of the NHIS-HEALS or NHIS-NSC cohorts. However, when 

restricting primary analysis to models with ‘low’ or ‘unclear’ risk of bias for overall 

PROBAST assessment, no models met eligibility for inclusion. 
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Table 11 Sensitivity analyses 

Comparison 
Summary 

c-statistic 
95%CI 95%PI Studies (n) Patients (n) 

CHADS2 

Primary meta-analysis 0.674 0.610-0.732 0.526-0.815 5 3,119,807 

Excluding studies with High ROB in participants domain of 

PROBAST 
0.694 0.581-0.798 0.478-0.887 3 2,236,021 

Exclude data from NHIS-NSC 0.680 0.595-0.754 0.492-0.836 4 2,687,220 

NHIRD data by Hu-WS 2020 not Suenari 2017 

and data from NHIS-NSC rather than NHIS-HEALS 
0.684 0.606-0.759 0.514-0.843 4 2,668,608 

CHA2DS2-VASc 

Primary meta-analysis 0.679 0.620-0.736 0.531-0.811 5 2,528,780 

Excluding studies with High ROB in participants domain of 

PROBAST 
0.702 0.603-0.795 0.510-0.877 3 1,644,994 

Exclude data in NHIS-NSC 0.690 0.602-0.758 0.520-0.850 4 2,096,193 

NHIRD data by Hu-WS 2020 not Suenari 2017 

and data from NHIS-NSC rather than NHIS-HEALS 
0.690 0.618-0.760 0.530-0.835 4 2,077,581 



96 
 

 

Abbreviations: CHADS2, Congestive heart failure, Hypertension, Age >75, Diabetes mellitus, prior Stroke or transient ischemic attack [2 points]; 

CHA2DS2-VASc, Congestive heart failure, Hypertension, Age >75 [2 points], Stroke/transient ischemic attack/thromboembolism [2 points], Vascular 

disease, Age 65-74, Sex category; CI, Confidence Interval; HATCH, Hypertension, Age, stroke or Transient ischemic attack, Chronic obstructive 

pulmonary disease, Heart failure; NHIRD, National Health Insurance Research Database; NHIS-HEALS, National Health Insurance Service - Health 

screening Cohort; NHIS-NSC, National Health Insurance Service - based National Sample Cohort; PI, Prediction Interval; PROBAST, Prediction 

model Risk of Bias ASsessment Tool; ROB, Risk of bias

HATCH 

Primary meta-analysis 0.669 0.600-0.732 0.513-0.803 4 2,026,036 

NHIRD data by Hu-WS 2020 not Suenari 2017 0.684 0.586-0.782 0.467-0.880 4 2,047,923 

Exclude data from NHIS-NSC  0.668 0.561-0.769 0.460-0.861 3 2,286,140 

NHIRD data by Hu-WS 2020 not Suenari 2017 

and data from NHIS-NSC rather than NHIS-HEALS 
0.696 0.558-0.822 0.436-0.931 3 1,596,724 



97 
 

 

2.6.6 Certainty of evidence 

The initial certainty level of the included prediction modelling studies was set at ‘high’ 

because the association between the predictors and outcomes was considered 

irrespective of any causal connection.230 The overall certainty level was, however, 

downgraded to ‘moderate’ and then ‘low’ because of inconsistent results given high 

heterogeneity and the overall risk of bias was considered high in 96% of studies . The 

final overall certainty of ‘low’ implies that our confidence in the effect estimates is 

limited and further research is very likely to change the effect estimate.  

 

2.7 Discussion 

This systematic review and meta-analysis identified nine models that have been 

derived and/or validated in community-based EHR for incident AF. Five had been 

derived in EHR for this purpose; three by machine learning methods. Three models 

(CHADS2, CHA2DS2-VASC and HATCH) produced a summary c-statistic with 

statistically significant 95% PI for prediction of incident AF despite high heterogeneity. 

However the summary c-statistics were only 0.669 – 0.679. For an outcome such as 

AF that is considered difficult to predict a c-statistic of 0.75 may be adequate for the 

models to be useful.207 This threshold has been achieved by prediction models for 

incident AF in the community in non-EHR-based external validation studies,191, 242, 243 

as well as in EHR by the machine learning CPRD model.239 Furthermore, in sensitivity 

analyses no model met eligibility for inclusion in meta-analysis if studies at overall high 

risk of bias were excluded.  

 

A previous meta-analysis investigated prediction models for incident AF that had been 

derived or validated in community cohorts.183 Nevertheless, this review included 

predominantly carefully-curated prospective cohort designs, the results from which will 

have limited generalisability. In addition, a number of the included models require 

variables, such as ECG parameters, that are not routinely available in community-

based EHR.244 The authors found CHA2DS2-VASc and CHARGE-AF (Cohorts for Heart 

and Aging Research in Genomic Epidemiology) resulted in a summary c-statistic with 

statistically significant 95% PI on meta-analysis. There is conflicting evidence as to 

how well CHARGE-AF performs in EHR, especially given the incompleteness of 

structured EHR fields for height, weight and ethnicity,196, 204 and for our study it did not 

meet eligibility for inclusion into meta-analysis. Another systematic review summarised 

a similar selection of prediction models for the detection of AF in the community and 

externally validated these models head-to-head in a commercial screening cohort.221 

However, the outcome was prevalence, rather than future incident AF. Both of these 
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reviews predated the emergence of machine learning models in this field, which are 

summarised for the first time regarding the prediction of incident AF here. 

 

The use of age alone to target screening strategies for incident AF has yet to show a 

benefit for systematic versus opportunistic screening, which is reflected in international 

guidelines.1, 219 Prediction models could target screening and if implemented through 

primary care EHR would minimise extra resources. The use of CHA2DS2-VASc for 

prediction of incident AF has advantages given it uses variables available with high 

completeness in primary care EHR and would simultaneously provide an assessment 

of stroke risk as an indicator of eligibility for anticoagulation. Even so, there are a 

number of limitations. First, the discriminative performance was only moderate, overall 

certainty in the estimate effects was ‘low’ and the vast majority of studies were at high 

risk of bias. Second, it has predominantly been validated in Asia Pacific countries, 

where cohorts had different baseline characteristics compared with European 

counterparts. Third, it was outperformed by CHARGE-AF and C2HEST when compared 

head-to-head in individual external validation studies.196, 199  

 

Efforts may be best served to develop and externally validate novel prediction models 

for incident AF in community-based EHR. These data sources offer large samples 

sizes, providing the opportunity to investigate a larger number of predictors and utilise 

novel techniques. Machine learning models in this review showed strong discriminative 

performance in development datasets but were not included in meta-analysis due to a 

sparsity of external validation.  

 

This study has a number of strengths. We had a comprehensive search strategy and 

thorough analysis approach. We included any model that had been used to predict the 

risk of incident AF, which allowed us to include models that were not originally intended 

for predicting AF but may have merits. We only included models that had been tested 

in databases relevant to the general population, which ensures the applicability of our 

results for screening in a primary care setting. We also did not present meta-regression 

or subgroup meta-analysis to investigate heterogeneity between studies based on 

study-level characteristics or sub-groups in the absence of available individual patient 

data given that such analyses would be prone to ecological bias.245 

  

There are limitations to our study. Meta-analysis of model calibration performance was 

prohibited by poor reporting. We did not assess for ‘reporting biases’ visually through a 

funnel plot for several reasons. First, some studies reported multiple models in the 
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same cohort so incorporating all these data points would skew the plot; second, 

producing funnel plots for individual models would not be informative as there would be 

too few data points; third the sample sizes for all included studies was very large 

making small-study effects less likely. The vast majority of studies were at high risk of 

bias, which is consistent with previous literature on clinical prediction models due to 

limitations in conduct and reporting.246 We restricted our search to studies written in 

English, though this has not been found to lead to significant bias.247  Finally, routinely-

collected databases are associated with a number of potential biases relating to their 

retrospective, observational nature. 

  

2.8 Conclusions 

In this systematic review with meta-analysis, we identified nine multivariable prediction 

models relevant to screening for incident AF using community-based EHR. On meta-

analysis three models produced a summary c-statistic with statistically significant 95% 

PI, but discriminative performance was only moderate. At present, due to a 

combination of high risk of bias and inconsistency, there is no high performing 

prediction model for incident AF using primary care EHR. Future research could aim to 

develop models in primary care EHR using machine learning, but must better handle 

missing data, report calibration and provide external validation.  
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Chapter 3 Risk of atrial fibrillation and association with other 

diseases: protocol of the derivation and international external 

validation of a prediction model using nationwide population-

based electronic health records  

Ramesh Nadarajah, Jianhua Wu, Ronen Arbel, Moti Haim, Doron Zahger, Talish Razi 

Benita, Lior Rokach, Campbell Cowan, Chris P Gale 

 

3.1 Summary of the publication 

 This paper presents the approach that has been used to develop prediction 

models for incident AF, as well as understand the association between 

predicted AF risk and non-AF outcomes, during my PhD studies. 

 The approach comprises 3 methodological steps within the UK dataset: 

o Develop a model for predicting short-term AF risk from data routinely 

available in community-based EHRs, comparing the performance of a 

random forest classifier with a multivariable logistic regression model 

and currently available models. 

o Quantify the association of predicted AF risk with a range of non-AF 

diseases and death. 

o Develop a parsimonious prediction model using logistic regression and 

clinically-recognised risk factors for AF.  

 

3.2 Publication status 

 Published 9 December 2023 

 BMJ Open. 2023 Oct 4. 

 

3.3 Abstract 

3.3.1 Introduction 

Atrial fibrillation (AF) is a major public health issue and there is rationale for the early 

diagnosis of AF, before the first complication occurs. Previous AF screening research 

is limited by low yields of new cases and strokes prevented in the screened 

populations. For AF screening to be clinically and cost-effective, the efficiency of 
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identification of newly diagnosed AF needs to be improved and the intervention offered 

may have to extend beyond oral anticoagulation for stroke prophylaxis. Previous 

prediction models for incident AF have been limited by their data sources and 

methodologies.  

 

3.3.2 Methods and analysis 

We will investigate the application of Random Forest and multivariable logistic 

regression to predict incident AF within a 6 months prediction horizon, that is a time-

window consistent with conducting investigation for AF. The Clinical Practice Research 

Datalink (CPRD)-GOLD dataset will be used for derivation, and the Clalit Health 

Services dataset will be used for international external geographical validation. 

Analyses will include metrics of prediction performance and clinical utility. We will 

create Kaplan-Meier plots for individuals identified as higher and lower predicted risk of 

AF and derive the cumulative incidence rate for non-AF cardio-renal-metabolic 

diseases and death over the longer term to establish how predicted AF risk is 

associated with a range of new non-AF disease states. 

 

3.3.3 Ethics and dissemination 

Permission for CPRD-GOLD was obtained from CPRD (ref no: 19_076). The CPRD 

ethical approval committee approved the study. CHS Helsinki committee approval 21-

0169 and data utilization committee approval 901. The results will be submitted as a 

research paper for publication to a peer-reviewed journal and presented at peer-

reviewed conferences. 

 

3.3.4 Trial registration details 

A systematic review to guide the overall project was registered on PROSPERO 

(registration number CRD42021245093). The study was registered on Clinical 

Trials.gov (NCT05837364). 

 

3.4 Introduction 

Atrial fibrillation (AF) is the most common sustained cardiac arrhythmia. Over the last 

20 years the number of new cases of AF diagnosed each year has risen by 72%, and 

now surpasses the four most common causes of cancer combined.11 Moreover, it is 
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estimated that up to 35% of disease burden remains undiagnosed,67 and 15% of 

strokes occur in the context of undiagnosed AF.248  

 

Oral anticoagulants can reduce the risk of stroke by up to two thirds in those with AF at 

higher risk of stroke,35 and international guidelines recommend their use in patients 

with AF at elevated thromboembolic risk.1 Early detection of AF may permit the 

initiation of oral anticoagulation to reduce embolic stroke risk,35 and early 

antiarrhythmic therapy to reduce the risk of death and stroke.249 Accordingly early AF 

detection is a key cardiovascular priority in the UK NHS Long Term Plan,98 and the 

European Society of Cardiology recommends opportunistic screening by pulse 

palpation or electrocardiogram (ECG) rhythm strip in persons aged ≥65 years and 

systematic ECG screening in those aged ≥75 years.1 

 

Furthermore, AF frequently develops due to, and in parallel with, other cardiovascular, 

renal and metabolic conditions,250 and individuals with AF are at an increased risk of 

major cardiovascular events in excess of stroke including ischemic heart disease, heart 

failure, chronic kidney disease, peripheral vascular disease and death.32 Thus, AF 

screening, with or without AF diagnosis, may be a key opportunity for holistic 

management of cardiometabolic risk factors and unhealthy lifestyle behaviours to 

reduce an individual’s risk of later adverse events beyond that of stroke prophylaxis 

alone.  

 

Several studies have shown that serial or continuous non-invasive electrocardiogram 

(ECG) monitoring in older people with stroke risk factors / elevated N-terminal pro B-

type natriuretic peptide (NT-proBNP), leads to a higher detection rate of previously 

undiagnosed AF compared with routine standard of care, though yields remain 

relatively low (3.0%-4.4%).68, 87, 88, 251 The STROKESTOP randomised controlled trial, 

where AF screening was offered to individuals aged 75 and 76 years without 

exclusions, achieved only a 3% yield of new AF cases with a modest benefit in a 

composite outcome of ischaemic or haemorrhagic stroke, systemic embolism, bleeding 

leading to hospitalisation and all-cause death; and not for each of ischaemic stroke, 

haemorrhagic stroke, or hospitalisation for major bleeding.70 Accordingly, for AF 

screening to be effective the yield of newly diagnosed AF amongst participants needs 

to be improved and the intervention offered may have to extend beyond only oral 

anticoagulation for stroke prophylaxis (Figure 1).
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Figure 1 A schematic representation comparing current atrial fibrillation screening approaches, which focus on stroke prevention, with a broader 

approach to atrial fibrillation screening that considers that individuals eligible for screening will be at risk of multiple outcomes beyond stroke 

 

Abbreviations: AF, atrial fibrillation; ECG, electrocardiogram
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A large proportion of the population are registered in primary care with a routinely-

collected electronic health record (EHR).202, 252 A prediction model that utilises data 

available in the community to calculate AF risk could discriminate patients into risk 

categories, with screening offered only to higher risk individuals,253 enabling scalable 

and efficient targeted AF screening. To date, several multivariable prediction models 

have been created or tested for prediction of incident AF in community-based 

electronic health records, but are of limited clinical utility for AF screening on account of 

moderate discriminative performance, long prediction horizons and limited scalability 

due to missing data.197 None have yet reached widespread clinical practice. Moreover, 

reports of prediction models have yet to quantify the association between AF risk and 

new disease states outside that of AF and stroke.  

 

3.5 Research aim 

The aims of this study are to: 

 Develop a model for predicting short-term AF risk from data routinely available 

in  community-based EHRs. 

 Quantify the association of predicted AF risk with a range of non-AF diseases. 

 Externally validate the prediction model in an international context to assess 

transportability. 

 Produce a calculator derived from a parsimonious prediction model. 

 

3.6 Methods and analysis 

3.6.1 Data sources and permissions 

The derivation dataset will be the Clinical Practice Research Datalink-GOLD (CPRD-

GOLD) dataset. This is an ongoing primary care database, established in 1987, that 

comprises anonymised medical records and prescribing data contributed by general 

practices using Vision® software. It contains data for approximately 17.5 million 

patients, with 30% of contributing practices in England, and represents the United 

Kingdom (UK) population in terms of age, sex and ethnicity.202 In order to contribute to 

the database, general practices and other health centres must meet prespecified 

standards for research-quality data (‘up-to-standard’).202, 254 

 

Recorded information includes patients’ demography, clinical symptoms, signs, 

investigations, diagnoses, prescriptions, referrals, behavioural factors and test results 

entered by clinicians and other practice staff. All clinical information is coded using 
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Read Codes.255 Extracted patients will have patient-level data linked to Hospital 

Episode Statistics (HES) Admitted Patient Care (APC) and Office for National Statistics 

(ONS) Death Registration. The CPRD dataset has been used to develop or validate a 

range of risk prediction models, including in cardiovascular disease.256 

 

The extracted dataset, including linked data, comprises all patients for the period 

between 2nd January 1998 and 30th November 2018 from the snapshot of CPRD-

GOLD in October 2019. Over this study period, the CPRD-GOLD dataset comprises 

approximately 2 million patients eligible for data linkage at an up-to-standard practice, 

with over 200,000 patients having a record of AF during follow-up.  

 

To ascertain whether the prediction model is transportable to geographies outside of 

the UK, we will externally validate its performance in the Clalit Health Services 

database in Israel. As a result of the National Health Insurance Law, Israeli citizens are 

required to enrol in 1 of 4 payer-provider health funds and receive free basic health 

care. Clalit Health Services (CHS) provides health insurance coverage to 4.8 million 

insured members, and about two thirds of the population aged >65 years. CHS is 

recognised globally as the primary source of evaluation of Covid-19 vaccinations and 

therapies.257-260 All clinical information is coded in International Classifications of 

Diseases, Ninth Revision (ICD-9). Receipt of vital status from the Ministry of the Interior 

ensures 100% follow-up of mortality. We will include participants insured by Clalit with 

continuous membership for at least 1 year before 01/01/2019: 2,159,663 patients with 

4,330 of them having a new incident of AF (Atrial fibrillation and/or atrial flutter) in the 

first half of 2019. 

 

3.6.2 Patient and public involvement 

The Arrhythmia Alliance and AF association provided input on the FIND-AF scientific 

advisory board. The FIND-AF patient and public involvement group have given input to 

reporting and dissemination plans of the research.  

 

3.6.3 Inclusion and exclusion criteria 

The study population for derivation and internal validation will comprise all available 

patients in CPRD-GOLD eligible for data linkage and with at least 1-year follow-up in the 

period between 2nd January 1998 and 30th November 2018. For the external validation 

the study population will comprise participants insured by CHS, including those with 
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continuous membership for at least 1 year, before 01/01/2019 . Patients will be excluded 

if they were ≤30 years of age, or diagnosed with AF or atrial flutter (AFl) at the point of 

study entry, registered for less than 1 year or, in CPRD, ineligible for data linkage. 

Patients younger than 30 years of age are not included in the cohort for AF prediction 

because the incidence of AF over even a 10-year horizon is very low in this group.11  

 

3.6.4 Prediction model outcome ascertainment 

The outcome of interest is first diagnosed AF or AFl after baseline. We have included 

AFl as an outcome since it has similar clinical relevance, including thromboembolic risk 

and anticoagulation guidelines, as AF.261 These will be identified using Read codes in 

CPRD dataset. For HES APC events and underlying cause of death variable in the 

ONS Death Registration data file, ICD-10 codes will be used. For CHS events will be 

identified using ICD-9 codes.  

 

3.6.5 Sample size  

To develop a prognostic prediction model, the required sample size may be determined 

by three criteria suggested by Riley et al.262 For example, suppose a maximum of 200 

parameters will be included in the prediction model and the Cox-Snell generalised R2 is 

assumed to be 0.01. A total of 377,996 patients will be required to meet Riley’s 

criterion (i) with global shrinkage factor of 0.95; this sample size also ensures a small 

absolute difference ( < 0.05) in the apparent and adjusted Nagelkerke R2 (Riley’s 

criterion (ii)) and ensures precise estimate of overall risk with a margin of error < 0.001 

(Riley’s criterion (iii)). According to the Quality and Outcomes Framework (QOF), the 

prevalence of AF in England is 1.7%.263, 264 Given an AF prevalence of 1.7%, only 

6,425 patients will be expected to develop AF from 377,996 patients. Within the Clalit 

Health Services database there are 2,159,663 patients. Therefore, the number of 

patients in the CPRD and Clalit health services datasets with AF will provide sufficient 

statistical power to develop and validate a prediction model with the predefined 

precision and accuracy. 

 

3.6.6 Predictor Variables 

A systematic review has been conducted to establish predictor variables included in 

varying combinations by preceding prediction models developed to detect incident AF 



107 
 

 

in community-based EHRs (Table 1),183 and supplemented with  a literature search for 

variables associated with incident AF.  

 

Table 1 Baseline demographic and comorbidity variables used in prediction models 
derived and/or validated for predicting incident atrial fibrillation in community-based 
electronic health records 

Algorithm Demographics Comorbidities 

CHADS2
187 Age Hypertension, CHF, diabetes mellitus, 

CVA 

CHA2DS2-

VASc188 

Age, sex Hypertension, CHF, 

stroke/TIA/thromboembolism, vascular 

disease 

CHARGE-AF205 Age, race, smoking 

status 

Anti-hypertensive medication, MI, CHF, 

DM 

C2HEST199 Age Hypertension, ischaemic heart disease, 

CHF, COPD, thyroid disease 

HATCH189 Age Hypertension, CHF, stroke/TIA, COPD 

InGef265 Age, sex Anti-hypertension medication, heart 

failure medication, chronic kidney 

disease, disorderd of lipoprotein 

metabolism and other lipidaemias, 

pulmonary heart diseases cardiac 

arrhythmias, other cerebrovascular 

disease, diverticular disease of intestine, 

dorsalgia, breathing abnormalities 

 

MHS234 Age, sex Anti-hypertensive medication, MI, CHF, 

peripheral vascular disease, inflammatory 

disease in a female, COPD 

 

NHIRD236 Age (years), age 

group, sex 

Hypertension, CHF, COPD, 

rheumatological disease, dyslipidaemia, 

DM, CVA or TIA, sleep disorder, cancer, 

hyperthyroidism, vascular disease, gout, 

CKD or ESRD, anaemia 
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NHIS-NSC241* Age, sex, smoking 

(pack-year), alcohol 

Hypertension, CHF, MI, vascular disease, 

stroke/TIA, COPD 

PuLSE-AI194^ Age, sex, race, 

smoking status 

Hypertension, anti-hypertensive 

medication, CHF, congenital heart 

disease, MI, LVH, type 1 DM, type 2 DM 

 

Taiwan AF266  Age, sex, alcohol 

excess 

Hypertension, CHF, IHD, ESRD 

Abbreviations: AF, Atrial Fibrillation; CHADS2, Congestive heart failure, Hypertension, 

Age >75, Diabetes mellitus, prior Stroke or transient ischemic attack [2 points]; 

CHA2DS2-VASc, Congestive heart failure, Hypertension, Age >75 [2 points], 

Stroke/transient ischemic attack/thromboembolism [2 points]; CHARGE-AF, Cohorts for 

Heart and Aging Research in Genomic Epidemiology; C2HEST, Coronary artery 

disease / Chronic obstructive pulmonary disease [1 point each], Hypertension, Elderly 

(Age ≥75, 2 points), Systolic heart failure, Thyroid disease (hyperthyroidism); CHF, 

chronic heart failure; CKD, chronic kidney disease; COPD, chronic obstructive 

pulmonary disease; CPRD, Clinical Practice Research Datalink; CVA, cerebrovascular 

accident; DM, diabetes mellitus; ESRD, end-stage renal disease; HATCH, 

Hypertension, Age, stroke or Transient ischemic attack, Chronic obstructive pulmonary 

disease, Heart failure; IHD, ischaemic heart disease; LVH, left ventricular hypertrophy;  

MHS, Maccabi Healthcare Services; MI, myocardial infarction; NHIRD, National Health 

Insurance Research Database; NHIS-HEALS, National Health Insurance Service - 

Health screening Cohort; NHIS-NSC, National Health Insurance Service-based 

National Sample Cohort; TIA, transient ischaemic attack 

N.B. * In Kim 2020 prediction model development using machine learning was 

completed both with and without the predictor PM2.5 - which is fine particular matter air 

pollution. In this analysis we have only included the model without PM2.5 as it is judged 

not to be a predictor that would be routinely available in primary care or population 

EHR. ^PuLSE-AI was also referred to as CPRD in Chapter 2.  

 

 

 

 

 Candidate variables include  
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 Sociodemographic variables including age, sex and ethnicity (SocioEconomic 

Score and  population sector will serve as surrogate for ethnicity in CHS). 

 All disease conditions during follow-up, including hospitalised diseases and 

procedures, such as other cardiovascular diseases, diabetes mellitus, chronic 

lung disease, renal disease, inflammatory disease, cancer, hypothyroidism and 

surgical procedures. 

 Lifestyle factors including smoking status and alcohol consumption that are 

coded in structured Read codes. 

 

Predictive factors will be identified using the appropriate codes, with Read codes for 

diagnoses and lifestyle factors. Code lists for predictors will be used from publications if 

available, otherwise the CPRD code browser will be used and codes checked by at 

least two clinicians. The code lists for predictors in CPRD-GOLD will be adapted from 

CALIBER and Health Data Research UK repositories or publications. If none are 

available from these sources then new code lists developed using the OpenCodelists 

and checked by at least two clinicians. Diagnostic code lists will comprise the primary 

care coding system (Read codes), to ensure that only information readily available 

within a primary care EHR could be incorporated within the prediction model. Within 

CHS, the code lists for predictors will be developed using similar methods based on the 

medical records and coding of CHS, which also includes a validated chronic diseases 

registry. 

 

Candidate variable data types are deliberately limited to ensure widespread 

applicability of the model given the reality of ‘missing’ data in routinely-collected 

electronic health records.252 Observations and laboratory results are not included. 

Ethnicity information is routinely collected in the UK NHS and so has increasingly high 

completeness,267 and we will include an ‘ethnicity unrecorded’ category where it is 

unavailable because missingness is considered informative.268 Ethicity in a UK context 

does not directly translate to an Israeli context so sociodemographic surrogates will be 

used: i) .population sectors- General Jewish, ultra-orthodox Jewish and Arab ii). 

Socioeconomic score on a scale of 1-10. For diagnoses, if medical codes are absent in 

a patient record we will assume that the patient does not have that diagnosis, or that 

the diagnosis was not considered sufficiently important to have been recorded by the 

general practitioner in case of symptoms.35 Concordantly, the analytical cohorts are not 

expected to have missing data for any of the predictor variables.  

 

3.6.7 Data analysis plan 
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3.6.7.1 Data pre-processing 

The CPRD-GOLD and Clalit Health Services data will be cleaned and preprocessed for 

model development, internal validation and external validation. Specifically, for patient 

features with binary values, 0 and 1 will be mapped to the binary values. Variables with 

multiple categories (ethnicity) will be split into their component categories, and each 

given a binary value to indicate the presence or not of the variable for each patient. 

Continuous variables (age) will be kept as continuous.  

 

3.6.7.2 Descriptive analysis 

Continuous variables will be reported as mean ± standard deviation (SD) and 

categorical variables as frequencies with corresponding percentages. 

 

3.6.7.3 Prediction model development 

We will compare a machine learning and logistic regression approach to prediction 

model development for incident AF in CPRD-GOLD. Logistic regression model offers a 

more manageable approach for implementation, interpretation and training compared 

to machine learning algorithms, but machine learning methods can better handle non-

linearities and interactions among variables and may lead to better discriminative 

performance.197 

 

We will investigate the use of a Random Forest classifier for AF prediction in the 

CPRD-GOLD dataset. In our systematic review of AF prediction in EHRs it had the 

most evidence for use and showed robust performance in different datasets and 

geographies.197 Random Forest (RF) is an ensemble technique that combines a large 

number of decision trees using a bagging approach to improve the overall performance 

(Figure 2).269 In brief, the bagging approach grows multiple classification trees in 

parallel where each tree gives a classification which are called votes. These votes are 

then aggregated to provide a more accurate and stable prediction. Furthermore the 

degree of variation of each feature in a RF classifier for the prediction task can be 

calculated using the mean decrease in the Gini coefficient, a measure of how each 

variable contributes to the homogeneity of nodes and leaves in the resulting RF. 

Showing the importance of variables used in prediction (explainability) is considered 

important for clinical uptake of prediction models,270 and a limitation of using deep 

learning techniques. 
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Figure 2 A schematic representation of a multivariable logistic regression model or 
random forest model using data from electronic health records to provide risk 
prediction for incident atrial fibrillation 

 

Abbreviations: AF, atrial fibrillation 

 

 

Preprocessed patient-level data in CPRD-GOLD will be randomly split into an 80:20 

ratio to create derivation and internal validation (or training and testing) samples. The 

split ratio is not a significant factor, given the volume of the sample size. The model 

parameters and dropout rate, will be chosen through a grid search and 10-fold cross-

validation will be used (i.e. 10% of the training data will be randomly selected as the 

cross-validation set). The multivariable logistic regression model will be developed with 

backward model selection with Akaike information criterion.271 The prediction window 

will be set at 6 months, as this is considered in keeping with the logistical time frames 

for organising AF investigation at scale.37 

 

3.6.7.4 Internal validation  

We will evaluate the model performance using a validation cohort with internal 

bootstrap validation with 200 samples. The AUROC will be used to evaluate predictive 

ability (concordance index) with 95% confidence intervals calculated using the DeLong 

method.38 Youden’s index will be established for the outcome measure as a method of 
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empirically identifying the optimal dichotomous cut-off to assess sensitivity, specificity, 

positive predictive value and negative predictive value. We will calculate the Brier 

score, a measure of both discrimination and calibration, by taking the mean squared 

difference between predicted probabilities and the observed outcome. To assess the 

clinical impact of utilising FIND-AF as opposed to other risk prediction scores, we will 

calculate the net reclassification index at the risk threshold that equates to the average 

6 months incidence rate in the cohort and conduct a decision curve analysis, which 

assesses across threshold probabilities whether the predictive model would do more 

benefit than harm. Calibration will be assessed graphically by plotting predicted AF risk 

against observed AF incidence and quantified using a calibration slope.  

 

The same methods will be employed in subgroups by age (<65 years, ≥65 years, <75 

years, ≥75 years), sex (women, men) and ethnicity (White, Black, Asian, others and 

unspecified) to assess the model’s predictive performance across clinically relevant 

groups. 

 

Performance of the prediction model will be compared with the CHA2DS2-VASc and 

C2HEST scores. The CHA2DS2-VASc score was originally developed to predict stroke 

risk in individuals with AF, and the C2HEST score for Asian people without structural 

heart disease.197 These algorithms are robust to missing data in routinely-collected 

primary care EHRs and have been tested for AF risk prediction in European cohorts.197 

Other algorithms that can only be applied to a minority of European primary care EHRs 

(Pfizer-AI, CHARGE-AF) will not be considered as they cannot be implemented at 

scale to inform AF screening.52, 252 

 

3.6.7.5 Quantification of the association between short-term predicted 

atrial fibrillation risk and long-term atrial fibrillation and other 

diseases 

We will include all patients randomly assigned to the testing dataset in CPRD-GOLD by 

the Mersenne twister pseudorandom number generator, categorized as lower or higher 

predicted AF risk by the developed prediction model. For long-term AF risk we will plot 

Kaplan-Meier plots for individuals identified as higher and lower predicted risk of AF to 

assess the event rate for AF censored at 10 years, and calculate the hazard ratio for 

AF between higher and lower predicted risk of AF using the Cox proportional hazard 

model with adjustment for the competing risk of death. This will inform us of whether 

short-term AF risk is also associated with long-term AF risk, and whether an individual 
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who undergoes risk-guided AF screening should be considered for repeated AF 

screening at a later time point (e.g. 1 or 5-years). 

 

For non-AF disease states we will consider the initial presentation of a cardiovascular, 

renal, or metabolic disease or death. This is because AF is not a disease in isolation 

and is known to be associated with high risk of adverse clinical outcomes. To best 

characterise highly prevalent and morbid diseases, associated with the development or 

consequence of AF and that may be appropriate for prevention or targeted diagnostic 

pathways subsequent to AF screening,250 we will individually examine the following 

nine conditions: heart failure, valvular heart disease (and specifically aortic stenosis), 

myocardial infarction, stroke (ischaemic and haemorrhagic) or transient ischaemic 

attack, peripheral vascular disease, chronic kidney disease, diabetes mellitus, as well 

as chronic obstructive pulmonary disease (COPD). These disease states have been 

further selected for investigation because interventions could be implemented and / or 

tested to reduce their clinical progression. We will also quantify the occurrence of death 

by any cause recorded in primary care or by death certification from the UK Death 

Register of the Office for National Statistics, which will be mapped on to 9 disease 

categories (Table 2). For each condition, a list of diagnostic codes from the CALIBER 

code repository, including from International Classification of Diseases 10th revision 

(used in secondary care) and Read coding schemes (used in primary care) will be 

defined to comprehensively identify diagnoses from EHRs. Incident diagnoses will be 

defined as the first record of that condition in primary or secondary care records from 

any diagnostic position. For definition of new cases, we will exclude individuals for the 

analysis of each condition who had a diagnosis of that condition before the patient’s 

entry to the study. If no indication of a specific disease is recorded, then the patient will 

be assumed to be free from the disease. CPRD is a positive recording dataset, which 

reduces the likelihood of the non-recording of a clinically identified disease state. 
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Table 2 Definition of disease categories for causes of deaths 

Causes of death Code 

Cardiovascular disorders ICD chapter ‘Diseases of the circulatory 

system’ (code range: I00–I99), excluding 

codes relating to infections or 

cerebrovascular disease. 

Cerebrovascular disorders ICD chapter ‘Diseases of the circulatory 

system’ (I60-I69) 

Neoplasms ICD chapter ‘Neoplasms’ (C00–D48). 

Infections Infectious and parasitic diseases, respiratory 

infections, urinary tract infections, and 

cellulitis, as defined by individual codes as 

Conrad et al. 

Chronic respiratory diseases Individual codes from Conrad et al.* 

Digestive diseases 

 

ICD chapter ‘Diseases of the digestive 

system’ (K00–K93), excepting selected 

codes categorized as infections. 

Mental and neurological disorders  

 

ICD chapter ‘Mental and behavioral 

disorders’ (F00–F99) and ICD chapter 

‘Diseases of the nervous system’ (G00–G99) 

Injuries 

 

ICD chapters ‘Injury, poisoning and certain 

other consequences of external causes’ (S00–

T98) and ‘External causes of morbidity and 

mortality’ (V01–Y98) 

Kidney diseases  

 

ICD sub-chapters ‘Renal failure’ (N17-N19), 

‘Glomerular diseases’ (N00-N08), ‘Renal 

tubulo-interstitial diseases’ (N10-N16), 

‘Other disorders of kidney and ureter’ (N25-

N29) 

Abbreviations: ICD, international classification of diseases 

*N.B. To categorise cause of death as infections or chronic respiratory diseases we 

used the same codelists as previously published by Conrad et al.272  
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We will create Kaplan-Meier plots for individuals identified as higher and lower 

predicted risk of AF and derive the cumulative incidence rate for each outcome at 1, 5 

and 10 years considering the competing risk of death, as well as death at 5 and 10 

years. For each specified outcome, we will calculate the hazard ratio (HR) between 

higher and lower predicted risk of AF using the Fine and Gray’s model with adjustment 

for the competing risk of death. We will also report adjusted HR where the model is 

adjusted for age, sex, ethnicity and the presence of any of the other outcomes at 

baseline. As some of the outcomes have incidence rates that are strongly associated 

with age (e.g. aortic stenosis) or differ by sex (e.g. heart failure),273, 274 we will conduct 

sub-group analyses of incidence rates for higher and lower risk individuals for each 

outcome by age group (30 to 64 years and ≥65 years) and sex. As some of the non-AF 

outcomes are more likely to occur in the setting of prevalent AF (e.g. stroke or heart 

failure),250 we will also conduct a sensitivity analysis whereby people with incident AF 

during follow-up are excluded.  

 

3.6.7.6 External validation 

The CHS dataset will then be used to externally validate the model performance to 

assess transportability. A lack of external validation hampers the implementation of 

prediction models in routine clinical practice.275 The prediction model will be applied to 

each individual in the external validation cohort to give the predicted probabilities of 

experiencing AF at 6 months. Prediction performance will be quantified by calculating 

the AUROC, Brier score, and by using calibration plots, and the same aforementioned 

clinical utility and subgroup analysis will be conducted. Performance of the prediction 

model will be compared with the CHA2DS2-VASc, C2HEST scores. 

 

3.6.7.7 Prediction model calculator 

The full models are developed to take advantage of rich longitudinal community-based 

EHRs present in many high income countries. However there are other geographies 

(low-lower middle income countries) and care setting (emergency care, secondary care 

clinics) where searching for AF may be desired and an easy-to-use, simple model is 

preferable. From the derived prediction model, we will generate a parsimonious model 

based on factors with clinical rationale to predict new-onset AF over a 6 months time 

horizon.250 This will be based upon the same core principles as detail above, but use 

logistic regression to ensure transparency in how prediction results are calculated. We 

will aim to develop a user-friendly version of a model that may be applied as a 

calculator in a clinical and public setting, yet have good model performance indices. 
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3.6.7.8 Software 

All analysis will be conducted through R. 

 

3.7 Ethics and dissemination 

The study has been approved by CPRD (ref no: 19_076). Those handling data have 

completed University of Leeds information security training. All analyses will be 

conducted in concordance with the CPRD study dataset agreement between the 

Secretary of State for Health and Social Care and the University of Leeds.  

 

The Clalit Health Services (CHS) Community Helsinki Committee and the CHS Data 

Utilization Committee approved the study. The study was exempt from the requirement 

to obtain informed consent. 

 

The study has been registered at clinical trials.gov (NCT05837364). The study is 

informed by the Prognosis Research Strategy (PROGRESS) framework and 

recommendations.275 The subsequent research papers will be submitted for publication 

in a peer-reviewed journal and will be written following TRIPOD: transparent reporting 

of a multivariable prediction model for individual prognosis or diagnosis and RECORD: 

reporting of studies conducted using observational routinely-collected health data 

guidelines,276, 277 as well as the CODE-EHR best-practice framework for using 

structured electronic healthcare records in clinical research.278 

 

If the model shows better prediction performance than previous models and evidence 

for clinical utility in analysis, it could be made readily available through EHR platforms. 

The model will be designed to be amenable to in-situ updating with new information so 

that prediction of an individual’s AF risk is updated contemporaneously. If the 

parsimonious model shows good prediction performance, the user friendly version 

could be accessible through the internet. Future research would be needed to assess 

the clinical impact of this risk model. At the point when utilisation in clinical practice is 

possible the applicable regulation on medicine devices will be adhered to.279 When in 

clinical use, the model itself could also be reviewed and updated by a pre-specified 

expert consensus group on an annual basis after incorporating evidence from post-

service utilization and the curation of more data.  
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3.8 Conclusions 

Atrial fibrillation is a common clinical problem with important clinical sequelae that 

extend beyond stroke. A prediction model that may identify in a community-based EHR 

which individuals will develop AF could enable targeted screening. This British Heart 

Foundation funded study is designed to fill a knowledge gap and enable the leveraging 

of EHRs to provide risk prediction and targeted AF screening. By understanding if 

individuals identified as higher risk of new onset AF are also at elevated risk of other 

cardio-renal-metabolic diseases, this study may demonstrate the opportunity to deliver 

a more comprehensive clinical approach to improve patient outcomes from AF 

screening. 
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Chapter 4 Prediction of short-term atrial fibrillation risk using 

primary care electronic health records 

Ramesh Nadarajah, Jianhua Wu, David C Hogg, Keerthenan Raveendra, Yoko M 

Nakao, Kazuhiro Nakao, Ronen Arbel, Moti Haim, Doron Zahger, John Parry, Chris 

Bates, Campbell Cowan, Chris P Gale 

 

4.1 Summary of the publication 

 This analysis was performed using the methodology presented in Chapter 3 to 

develop a prediction model for incident AF within the next 6 months in UK 

primary care EHRs using a random forests (RF) classifier.  

 The study found that the RF classifier (FIND-AF) could be applied to all EHRs in 

the dataset, without hindrance by missing data. 

 Prediction performance of FIND-AF was superior to a multivariable logistic 

regression model, and the C2HEST and CHA2DS2-VASc scores. 

 Prediction performance for FIND-AF was robust in both sexes and across 

ethnic groups, whereas the performance of the C2HEST and CHA2DS2-VASc 

scores varied. 

 

4.2 Publication status 

 Published 9 February 2023 

 Heart. 2023 Jul 1;109(14):1072-9 

 

4.3 Abstract 

4.3.1 Objective 

Atrial fibrillation (AF) screening by age achieves a low yield and misses younger 

individuals. We aimed to develop an algorithm in nationwide routinely-collected primary 

care data to predict the risk of incident AF within 6 months (FIND-AF).  

 

4.3.2 Methods 

We used primary care electronic health record data from individuals aged ≥30 years 

without known AF in the UK Clinical Practice Research Datalink-GOLD dataset 
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between Jan 2, 1998 and Nov 30, 2018; randomly divided into training (80%) and 

testing (20%) datasets. We trained a random forest classifier using age, sex, ethnicity 

and comorbidities. Prediction performance was evaluated in the testing dataset with 

internal bootstrap validation with 200 samples, and compared against the CHA2DS2-

VASc and C2HEST scores, as these algorithms are robust to missing data in routinely-

collected primary care EHRs and have been tested for AF risk prediction in European 

cohorts. Cox proportional hazard models with competing risk of death were fit for 

incident longer-term AF between higher and lower FIND-AF predicted risk. 

 

4.3.3 Results 

Of 2 081 139 individuals in the cohort, 7 386 developed AF within 6 months. FIND-AF 

could be applied to all records. In the testing dataset (n = 416 228), discrimination 

performance was strongest for FIND-AF (AUROC 0·824, 95% CI 0·813-0·829) 

compared with CHA2DS2-VASc (0·784, 0·773-0·794) and C2HEST (0·757, 0·744-

0·770), and robust by sex and ethnic group. The higher predicted risk cohort, 

compared to lower predicted risk, had a 20-fold higher 6-month incidence rate for AF 

and higher long-term hazard for AF (HR 8·75, 95% CI 8·44-9·06). 

 

4.3.4 Conclusions 

FIND-AF, a machine learning algorithm applicable at scale in routinely-collected 

primary care data, identifies people at higher risk of short-term AF.   

 

4.4 Introduction 

Atrial fibrillation (AF) is a major public health issue. There are now more new cases of 

AF diagnosed each year in the English National Health Service (NHS) than the four 

most common causes of cancer combined.11 Moreover, it is estimated that up to 35% 

of disease burden remains undiagnosed,67 and 15% of strokes occur in the context of 

undiagnosed AF.248  

 

Early detection of AF may permit the initiation of oral anticoagulation to reduce embolic 

stroke risk,35 and early antiarrhythmic therapy to reduce the risk of death and stroke.249 

Accordingly early AF detection is a key cardiovascular priority in the UK NHS Long 

Term Plan,98 and the European Society of Cardiology recommends opportunistic 

screening by pulse palpation or electrocardiogram (ECG) rhythm strip in persons aged 
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≥65 years and systematic ECG screening in those aged ≥75 years.1 However, there is 

an increasing cohort of individuals aged younger than 65 years who are being 

diagnosed with AF and are eligible for anticoagulation.11 

 

A large proportion of the population are registered in primary care with a routinely-

collected electronic health record (EHR).202, 252 An algorithm that utilises routinely-

collected EHR data to calculate AF risk could give a scalable, efficient and fair 

approach to targeting AF detection. However, previous algorithms tested in community-

based EHRs have a number of shortcomings (Table 1-2). First, many algorithms 

developed using traditional regression techniques show only moderate discriminative 

performance.197 Second, algorithm prediction horizons are often 5 or 10 years, making 

it difficult to judge the merits of investigating individuals in the short-term.194, 252 Third, 

reports have infrequently investigated for variation in algorithm prediction performance 

by sex and ethnicity.194 Fourth, algorithms often require variables frequently missing 

(absent in more than half of the records) from routinely-collected data such as height, 

weight and blood pressure thereby restricting the population to which they can be 

applied.194, 196  
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Table 1 Prediction models that have been derived and/or validated in community-based electronic health records for predicting atrial fibrillation  

Algorithm 
Study 

Aim 
Study 

EHR cohort 

(country) 

Age 

eligibility  

(years) 

Discrimination 

(c-statistic) 

Follow-

up  

Variable frequently missing in routinely-

collected primary care EHR 

Models originally derived for another purpose but tested for prediction of incident atrial fibrillation 

CHADS2 

EV 
Chao 

2013235 
NHIRD (TW) ≥18 0.713 10 

N/A 

EV 
Saliba 

2016238  
ClalitHS (IL) ≥50  0.728 3 

EV Li 2019199  YMID (CN) ≥18 0.632 11 

EV Li 2019199  
NHIS-HEALS 

(KR) 
≥18 0.637 11 

EV Kim 2020241  
NHIS-NSC 

(KR) 
≥18 0.652 5 

CHA2DS2-

VASc 

EV 
Saliba 

2016238  
ClalitHS (IL) ≥50 0.744 3 

N/A EV Li 2019199  YMID (CN) ≥18 0.687 11 

EV Li 2019199  
NHIS-HEALS 

(KR) 
≥18 0.637 11 
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EV 
Himmelreich 

2020196  

Nivel-PCD 

(NL) 
≥40  0.669 5 

EV Kim 2020241  
NHIS-NSC 

(KR) 
≥18 0.654 5 

HATCH 

EV 
Suenari 

2017240  
NHIRD (TW) ≥20 0.716 9 

N/A 

EV Li 2019199  YMID (CN) ≥18 0.633 11 

EV Li 2019199  
NHIS-HEALS 

(KR) 
≥18 0.646 11 

EV Kim 2020241  
NHIS-NSC 

(KR) 
≥18 0.669 5 

EV 
Hu-WS 

2020237 
NHIRD (TW) ≥18 0.771 14 

Machine Learning models 

PuLSE-AI* 

D Hill 2019194  CPRD (UK) ≥30 0.827 11 
Height, weight, BMI, SBP, DBP 

 EV 
Sekelj 

2020239  

Discover 

(UK) 
≥30 0.870 8 

NHIRD D 
Hu-WS 

2019236  
NHIRD (TW) ≥18 0.948 14 Follow-up duration (years) 
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NHIS-NSC D Kim 2020241  
NHIS-NSC 

(KR) 
≥18 0.845 5 

BMI, SBP, Triglycerides, total cholesterol, 

HDL cholesterol, LDL cholesterol, eGFR, 

GGT, fasting blood glucose, Haemoglobin, 

AST, Socioeconomic status 

Regression Models derived in electronic health records 

C2HEST 

D Li 2019199  YMID (CN) ≥18 0.750 11 

N/A 

EV Li 2019199  
NHIS-HEALS 

(KR) 
≥18 0.654 11 

EV 
Hu-WS 

2020237  

NHIRD (TW) 

 
≥18 0.790 14 

EV Lip 2020200  

DCRS, 

DNPR, DPR 

(DK) 

65 0.588 

5 70 0.594 

75 0.593 

MHS D 
Aronson 

2018234  
MHS (IL) ≥50 0.743 10 BMI, SBP 

Taiwan AF D 
Chao 

2021266 
NHIRD (TW) ≥40 

0.857 1 

N/A 0.825 5 

0.797 10 
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0.756 16 

InGef D 
Schnabel 

2022265 
InGef (G) ≥45 0.829 1 N/A 

Regression model derived in a prospective cohort design 

CHARGE-

AF 
EV Hill 2019194  CPRD (UK) ≥30 0.725 11 Height, weight, SBP, DBP 

Abbreviations: AF, Atrial Fibrillation; CHADS2, Congestive heart failure, Hypertension, Age >75, Diabetes mellitus, prior Stroke or transient ischemic 

attack [2 points]; CHA2DS2-VASc, Congestive heart failure, Hypertension, Age >75 [2 points], Stroke/transient ischemic attack/thromboembolism [2 

points], Vascular disease, Age 65-74, Sex Category; CHARGE-AF, Cohorts for Heart and Aging Research in Genomic Epidemiology; C2HEST, 

Coronary artery disease / Chronic obstructive pulmonary disease [1 point each], Hypertension, Elderly (Age ≥75, 2 points), Systolic heart failure, 

Thyroid disease (hyperthyroidism); ClalitHS, Clalit Health Services; CPRD, Clinical Practice Research Datalink; D, derivation; DCRS, Danish Civil 

Registration system; DK, Denmark; DNPR, Danish National Patient Register; DPR, Danish Prescription Regster;  EHR, electronic health record; EV, 

external validation; G, Germany; HATCH, Hypertension, Age, stroke or Transient ischemic attack, Chronic obstructive pulmonary disease, Heart 

failure; IL, Israel; KR, Republic of Korea; MHS, Maccabi Healthcare Services; NHIRD, National Health Insurance Research Database; NHIS-HEALS, 

National Health Insurance Service - Health screening Cohort; NHIS-NSC, National Health Insurance Service-based National Sample Cohort; Nivel-

PCD, Netherlands Institute for Health Services Research Primary Care Database; NL, Netherlands; TW, Taiwan; UK, United Kingdom; YMID, Yunnan 

Medical Insurance Database 

*N.B. *PuLSE-AI model was previously referred to as CPRD.  
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Table 2 Algorithms that have been derived and/or validated in European community-based electronic health records for predicting incident atrial 
fibrillation 

Algorithm 
Study 

Aim 
Study 

EHR cohort 

(country) 

Age 

eligibility  

(years) 

Discrimination 

(c-statistic) 

Follow-

up  

Variable frequently missing in routinely-

collected primary care EHR 

Models originally derived for another purpose but tested for prediction of incident atrial fibrillation 

CHA2DS2-

VASc 
EV 

Himmelreich 

2020  

Nivel-PCD 

(NL) 
≥40  0.669 5 N/A 

Machine Learning models 

PuLSE-AI* 
D Hill 2019  CPRD (UK) ≥30 0.827 11 Height, weight, BMI, SBP, DBP 

 EV Sekelj 2020  Discover (UK) ≥30 0.870 8 

Regression Models derived in electronic health records 

C2HEST EV Lip 2020  

DCRS, 

DNPR, DPR 

(DK) 

65 0.588 

5 
N/A 

 
70 0.594 

75 0.593 

InGef D 
Schnabel 

2022 
InGef (G) ≥45 0.829 1 N/A 

Regression model derived in a prospective cohort design 
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CHARGE-

AF 
EV Hill 2019  CPRD (UK) ≥30 0.725 11 Height, weight, SBP, DBP 

Abbreviations: AF, Atrial Fibrillation; CHADS2, Congestive heart failure, Hypertension, Age >75, Diabetes mellitus, prior Stroke or transient ischemic 

attack [2 points]; CHA2DS2-VASc, Congestive heart failure, Hypertension, Age >75 [2 points], Stroke/transient ischemic attack/thromboembolism [2 

points], Vascular disease, Age 65-74, Sex Category; CHARGE-AF, Cohorts for Heart and Aging Research in Genomic Epidemiology; C2HEST, 

Coronary artery disease / Chronic obstructive pulmonary disease [1 point each], Hypertension, Elderly (Age ≥75, 2 points), Systolic heart failure, 

Thyroid disease (hyperthyroidism); CPRD, Clinical Practice Research Datalink; D, derivation; DCRS, Danish Civil Registration system; DK, Denmark; 

DNPR, Danish National Patient Register; DPR, Danish Prescription Regster;  EHR, electronic health record; EV, external validation; G, Germany; 

Nivel-PCD, Netherlands Institute for Health Services Research Primary Care Database; NL, Netherlands; UK, United Kingdom 

N.B. *PuLSE-AI model was previously referred to as CPRD 
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Therefore, our objective was to train and test an algorithm (Future Innovations in Novel 

Detection of Atrial Fibrillation, FIND-AF) that predicts an individual’s risk of AF in the 

next 6 months using routinely-recorded data in primary care EHRs. We compared 

performance against other AF prediction algorithms and investigated for variation in 

performance by sex and ethnicity. 

 

4.5 Methods 

4.5.1 Study design and population 

In this population-based study we used primary care EHRs from the UK Clinical 

Practice Research Datalink (CPRD)-GOLD dataset. CPRD is one of the largest 

databases of longitudinal medical records from primary care worldwide and contains 

anonymised patient data from approximately 7% of the UK population.202 CPRD-GOLD 

represents the UK population in terms of age, sex and ethnicity,202 and has been used 

to develop algorithms for predicting AF.194 Data collection happens as part of routine 

clinical care in participating practices and patients are included in the primary care 

dataset from their first until their last contact with a participating practice.202 Diagnostic 

coding for AF in CPRD has been shown to be consistent and valid, with a positive 

predictive value of 98%.280 

 

All individuals in the CPRD dataset were linked to Hospital Episode Statistics (HES) 

Admitted Patient Care (APC) records to obtain comprehensive coverage of AF cases 

diagnosed in secondary care. We included all adults registered at practices within 

CPRD who were ≥30 years of age at entry with no prior history of AF from either data 

source and at least one-year follow-up between January 2, 1998 and November 30, 

2018. This study period enabled the inclusion of a sufficient sample size to have 

enough cases of AF within a 6 month prediction horizon to derive robust statistical 

results. Individuals were censored to a diagnosis of AF (or atrial flutter (AFl), since it 

has similar thromboembolic risk and anticoagulation guidelines),1 withdrawal from 

CPRD, or six months, whichever came first. Diagnoses of AF or AFl in primary care 

were identified using Read codes in CPRD and in secondary care with the tenth 

revision of the International Statistical Classification of Diseases and Related Health 

Problems (ICD-10) codes in HES-APC (Table 3). Individuals were randomly split 4:1 to 

establish a training dataset (80%) and a testing dataset (20%) using the Mersenne 

twister pseudorandom number generator. 
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We followed the Transparent Reporting of a Multivariable Prediction Model for 

Individual Prognosis or Diagnosis (TRIPOD) reporting guideline and the CODE-EHR 

best-practice framework for using structured electronic healthcare records in clinical 

research.276, 278  

 

Table 3 Read codes and ICD-10 codes used to define the outcomes of atrial fibrillation 
or atrial flutter 

Code Description 

Read codes 

G573200 Paroxysmal atrial fibrillation 

G573400 Permanent atrial fibrillation 

G573500 Persistent atrial fibrillation 

3272 ECG: atrial fibrillation 

G573000 Atrial fibrillation 

G573300 Non-rheumatic atrial fibrillation 

G573.00 Atrial fibrillation and flutter 

G573z00 Atrial fibrillation and flutter NOS 

3273 ECG: atrial flutter 

G573100 Atrial flutter 

ICD-10 codes 

I48 Atrial fibrillation and flutter 

Abbreviations: ECG, electrocardiogram; ICD-10, the tenth revision of the International 
Statistical Classification of Diseases and Related Health Problems 

 

 

4.5.2 FIND-AF algorithm development 

A random forest (RF) classifier was trained to predict AF at 6 months. Our systematic 

review evidenced strong discriminative performance for AF prediction using RF across 

different EHR datasets.197 RF is a machine learning method consisting of many 

individual decision trees that operate as an ensemble.269 FIND-AF was trained using 

10-fold cross-validation on the full training set. Each decision tree used Gini impurity, 

commonly used in classification and regression tree (CART) algorithms, to measure 

the split quality.281 The minimum impurity split threshold for each node, above which a 



129 
 

 

node will split into two or more branches, was set to 10-7. The minimum number of 

samples required to split a node was set to two. The minimum samples per leaf was 

set to one. All the algorithm’s hyperparameters were tuned using the grid search 

method, in which all possible combinations were evaluated, resulting in 1000 trees, 

mtry = 8 (the number of random features to consider in each tree) and nodesize = 12 

(number of patients classified at that node).   

 

To create an algorithm that could be implemented at scale in national primary care 

EHRs we restricted candidate variables to age, sex, comorbidities (72 binary variables, 

indicating presence or absence of recorded diagnosis) and ethnicity (6 categories). 

Observations and laboratory results were not included. Ethnicity information is routinely 

collected in the UK NHS and so has increasingly high completeness,267 and we 

included an ‘ethnicity unrecorded’ category where it was unavailable because 

missingness was considered to be informative.268 Predictor variables were selected a 

priori from systematic review of variables included in previous AF risk prediction 

algorithms,197 plus an updated literature review. Predictor variables included in previous 

AF risk prediction algorithms derived and/or validated in community-based EHRs are 

summarised in Chapter 3 Table 1. Additional variables identified from a literature 

review are summarised in Table 4. Candidate variables were categorised (for example 

chronic kidney disease [CKD] into CKD stage 1-2, stage 3, stage 4, stage 5) based on 

how this affected the association of the comorbidity to the incidence of AF in the 

literature but ensuring the prevalence of a categorized variable was greater than 0.1% 

in the CPRD-GOLD dataset. The final list of predictor variables is summarised in Table 

5.  

 

Table 4 Candidate variables added after literature search with accompanying reference 
demonstrating association 

Comorbidity 

associated with / 

predictive of atrial 

fibrillation 

Categorisation Reference demonstrating 

association with AF and rationale 

for categorisation 

Cardiac surgery Valvular,  Greenberg JW, Lancaster TS, 

Schuessler RB, et al. Postoperative 

atrial fibrillation following cardiac 

surgery: a persistent complication. Eur 

J Cardiothorac Surg 2017;52(4):665-

72. 

 Non-valvular 

(including 

coronary artery 

bypass 

grafting) 
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     Within overall cardiac surgical 

procedures incidence of post-operative 

AF is 35%, isolated CABG has an 

incidence of 20—30% and isolated 

valve surgeries have an incidence of 

35-40 

Deep venous thrombosis - Lutsey P, Norby F, Alonso A, et al. 

Atrial fibrillation and venous 

thromboembolism: evidence of 

bidirectionality in the Atherosclerosis 

Risk in Communities Study. J Thromb 

Haemost 2018;16(4):670-79. 

Infective Endocarditis  - Ferrera C, Vilacosta I, Fernández C, et 

al. Usefulness of new-onset atrial 

fibrillation, as a strong predictor of 

heart failure and death in patients with 

native left-sided infective endocarditis. 

The American journal of cardiology 

2016;117(3):427-33. 

Electrophysiology 

procedure affecting the 

atria 

- Strickberger SA, Man KC, Daoud EG, 

et al. Adenosine-induced atrial 

arrhythmia: a prospective analysis. Ann 

Intern Med 1997;127(6):417-22. 

 

Khachab, H., and B. Brembilla-Perrot. 

"Prevalence of atrial fibrillation in 

patients with history of paroxysmal 

supraventricular tachycardia." 

International journal of cardiology 

166.1 (2013): 221-224. 

Hypertrophic 

cardiomyopathy 

- Siontis KC, Geske JB, Ong K, et al. 

Atrial fibrillation in hypertrophic 

cardiomyopathy: prevalence, clinical 

correlations, and mortality in a large 

high‐risk population. Journal of the 
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American Heart Association 

2014;3(3):e001002. 

Inflammatory bowel 

disease 

- Boos CJ. Infection and atrial fibrillation: 

inflammation begets AF. Eur Heart J 

2020 

Intensive care unit 

admission 

- Klein Klouwenberg PM, Frencken JF, 

Kuipers S, et al. Incidence, predictors, 

and outcomes of new-onset atrial 

fibrillation in critically ill patients with 

sepsis. A cohort study. Am J Respir 

Crit Care Med 2017;195(2):205-11. 

Infection Gastrointestinal Gundlund A, Olesen JB, Butt JH, et al. 

One-year outcomes in atrial fibrillation 

presenting during infections: a 

nationwide registry-based study. Eur 

Heart J 2020;41(10):1112-19. 

 

Chang T-Y, Chao T-F, Liu C-J, et al. 

The association between influenza 

infection, vaccination, and atrial 

fibrillation: A nationwide case-control 

study. Heart Rhythm 2016;13(6):1189-

94. 

 

Klein Klouwenberg PM, Frencken JF, 

Kuipers S, et al. Incidence, predictors, 

and outcomes of new-onset atrial 

fibrillation in critically ill patients with 

sepsis. A cohort study. Am J Respir 

Crit Care Med 2017;195(2):205-11. 

 

     In a cohort study among infections 

precipitating AF the order of risk is as 

follows: Pneumonia > sepsis > urinary 

tract infection > gastrointestinal 

infection 

 Influenza 

 Respiratory 

 Sepsis 
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 Urinary  

Myocarditis - Wang Z, Wang Y, Lin H, et al. Early 

characteristics of fulminant myocarditis 

vs non-fulminant myocarditis: a meta-

analysis. Medicine 2019;98(8) 

Pulmonary embolus - Ptaszynska-Kopczynska K, Kiluk I, 

Sobkowicz B. Atrial fibrillation in 

patients with acute pulmonary 

embolism: clinical significance and 

impact on prognosis. BioMed research 

international 2019;2019 

Pericarditis - Imazio M, Lazaros G, Picardi E, et al. 

Incidence and prognostic significance 

of new onset atrial fibrillation/flutter in 

acute pericarditis. Heart 

2015;101(18):1463-67. 

Pulmonary hypertension - Olsson KM, Nickel NP, Tongers J, et 

al. Atrial flutter and fibrillation in 

patients with pulmonary hypertension. 

Int J Cardiol 2013;167(5):2300-05. 

Surgery (non-cardiac) Colorectal Siu CW, Tung HM, Chu KW, et al. 

Prevalence and predictors of new‐

onset atrial fibrillation after elective 

surgery for colorectal cancer. Pacing 

Clin Electrophysiol 2005;28:S120-S23. 

 

Onaitis M, D'Amico T, Zhao Y, et al. 

Risk factors for atrial fibrillation after 

lung cancer surgery: analysis of the 

Society of Thoracic Surgeons general 

thoracic surgery database. The Annals 

of thoracic surgery 2010;90(2):368-74. 

 

Philip I, Berroëta C, Leblanc I. 

Perioperative challenges of atrial 

 Thoracic 

 Vascular 
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fibrillation. Current Opinion in 

Anesthesiology 2014;27(3):344-52. 

 

     Thoracic surgery is associated with 

the greatest risk of post-operative AF 

amongst non-cardiac surgeries 

followed by colorectal then vascular 

surgery 

Valvular heart disease Mitral stenosis / 

rheumatic 

valvular 

disease 

Iung B, Leenhardt A, Extramiana F. 

Management of atrial fibrillation in 

patients with rheumatic mitral stenosis. 

Heart 2018;104(13):1062-68. 

 

Levy S. Factors predisposing to the 

development of atrial fibrillation. Pacing 

Clin Electrophysiol 1997;20(10):2670-

74. 

 

Grigioni F, Avierinos J-F, Ling LH, et al. 

Atrial fibrillation complicating the 

course of degenerative mitral 

regurgitation: determinants and long-

term outcome. J Am Coll Cardiol 

2002;40(1):84-92. 

 

The association of mitral stenosis and 

rheumatic valve disease with AF is 

greater than mitral regurgitation 

followed by diseases of other valves 

 Non-mitral 

valve / other 

valves 

 Mitral 

regurgitation 

Vascular dementia - Ott A, Breteler MM, De Bruyne MC, et 

al. Atrial fibrillation and dementia in a 

population-based study: the Rotterdam 

Study. Stroke 1997;28(2):316-21. 

Weight Obese Lavie CJ, Pandey A, Lau DH, et al. 

Obesity and atrial fibrillation 

prevalence, pathogenesis, and 
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prognosis: effects of weight loss and 

exercise. J Am Coll Cardiol 

2017;70(16):2022-35.  

 

Frost L, Hune LJ, Vestergaard P. 

Overweight and obesity as risk factors 

for atrial fibrillation or flutter: the Danish 

Diet, Cancer, and Health Study. The 

American journal of medicine 

2005;118(5):489-95. 

 

Lee S-R, Choi E-K, Park CS, et al. 

Direct oral anticoagulants in patients 

with nonvalvular atrial fibrillation and 

low body weight. J Am Coll Cardiol 

2019;73(8):919-31. 

 

Obesity is associated with a greater 

risk of AF than being overweight. Low 

body weight is associated with a higher 

risk of AF than normal weight. 

 

 

Table 5 Variable categorisations with rationale 

Comorbidity 

associated with 

/ predictive of 

atrial fibrillation 

Categorisation References and Rationale for 

categorisation 

Demographics 

Age - Hindricks G, Potpara T, Dagres N, et al. 

2020 ESC Guidelines for the diagnosis 

and management of atrial fibrillation 

developed in collaboration with the 

European Association of Cardio-
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Thoracic Surgery (EACTS). Eur Heart J 

2020 

 

     Incidence of AF increases with age 

(therefore included as a continuous 

variable) 

Sex Men Hindricks G, Potpara T, Dagres N, et al. 

2020 ESC Guidelines for the diagnosis 

and management of atrial fibrillation 

developed in collaboration with the 

European Association of Cardio-

Thoracic Surgery (EACTS). Eur Heart J 

2020 

 

     AF is more common in men 

 Women 

Ethnicity Asian Shen AY-J, Contreras R, Sobnosky S, 

et al. Racial/ethnic differences in the 

prevalence of atrial fibrillation among 

older adults—a cross-sectional study. J 

Natl Med Assoc 2010;102(10):906-14. 

 

Chiang C-E, Zhang S, Tse HF, et al. 

Atrial fibrillation management in Asia: 

from the Asian expert forum on atrial 

fibrillation. Int J Cardiol 2013;164(1):21-

32. 

 

     White, Asian, pacific Asian, and 

black ethnicities have different odds 

ratios of development of AF 

 Black 

 Mixed 

 Other 

 Pacific Asian 

 White 

Alcohol use  Ex- Samokhvalov AV, Irving HM, Rehm J. 

Alcohol consumption as a risk factor for 

atrial fibrillation: a systematic review 

and meta-analysis. European Journal of 

 Light, 

 Moderate 

 Excess 
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 Unspecified Preventive Cardiology 2010;17(6):706-

12. 

  

     There is a monotonic dose-response 

relationship between alcohol 

consumption and AF incidence  

Smoking Current Heeringa J, Kors JA, Hofman A, et al. 

Cigarette smoking and risk of atrial 

fibrillation: the Rotterdam Study. Am 

Heart J 2008;156(6):1163-69. 

 

Watanabe I. Smoking and risk of atrial 

fibrillation: Elsevier, 2018. 

 

     Current and ex-smokers are at 

increased risk of AF, with a higher risk 

in current smokers.  

 Ex 

Weight Obese See Table 4 

 Overweight 

 Under-weight 

Comorbidities 

Adult congenital 

heart disease 

- See Chapter 3 Table 1 

Anaemia - See Chapter 3 Table 1 

Cancer  Leukaemia Thompson PA, Lévy V, Tam CS, et al. 

Atrial fibrillation in CLL patients treated 

with ibrutinib. An international 

retrospective study. Br J Haematol 

2016;175(3):462-66. 

 

Sorigue M, Gual-Capllonch F, Garcia O, 

et al. Incidence, predictive factors, 

management, and survival impact of 

atrial fibrillation in non-Hodgkin 

 Lymphoma 

 Metastasis 

 Skin cancers other 

than melanoma 

 Solid organ 
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lymphoma. Ann Hematol 

2018;97(9):1633-40. 

 

Han H, Chen L, Lin Z, et al. Prevalence, 

trends, and outcomes of atrial fibrillation 

in hospitalized patients with metastatic 

cancer: findings from a national sample. 

Cancer medicine 2021;10(16):5661-70. 

 

    AF risk is higher in patients with 

leukaemia and lymphoma, especially 

treated with iritunib. Solid organ cancers 

(such as lung and colorectal cancer) are 

more likely to undergo surgery. 

Metastatic disease is associated with 

higher risk of AF compared to non-

metastatic disease. Skin cancers other 

than melanoma have a lower risk of 

metastasis and hence AF.  

Cardiac surgery Valvular,  See Table 4 

 Non-valvular 

(including coronary 

artery bypass grafting) 

Chronic kidney 

disease 

Stage 1-2  Alonso A, Lopez FL, Matsushita K, et al. 

Chronic kidney disease is associated 

with the incidence of atrial fibrillation: 

the Atherosclerosis Risk in 

Communities (ARIC) study. Circulation 

2011;123(25):2946-53. 

 

    Risk of AF increases as CKD stage 

worsens and if there is proteinuria  

 Stage 3 

 Stage 4 

 Stage 5 

 Unspecified 

 Other 

COPD - See Chapter 3 Table 1 

Cerebro-vascular 

accident 

Intracerebral 

haemorrhage 

    Hindricks G, Potpara T, Dagres N, et 

al. 2020 ESC Guidelines for the 
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 Subarachnoid 

haemorrhage 

diagnosis and management of atrial 

fibrillation developed in collaboration 

with the European Association of 

Cardio-Thoracic Surgery (EACTS). Eur 

Heart J 2020  

 

    Association with AF is higher for 

ischaemic strokes than haemorrhagic 

strokes 

 Unspecified 

Diabetes Mellitus Good control Dublin S, Glazer NL, Smith NL, et al. 

Diabetes mellitus, glycemic control, and 

risk of atrial fibrillation. J Gen Intern 

Med 2010;25(8):853-58. 

 

Poorer glycaemic control is associated 

with a higher risk of AF compared to 

better glycaemic control or no diabetes 

 Poor control 

 Unspecified / 

secondary 

Deep venous 

thrombosis 

- See Table 4 

Dyslipidaemia - See Chapter 3 Table 1 

Infective 

Endocarditis  

- See Table 4 

Electrophysiology 

procedure 

affecting the atria 

- See Table 4 

Gout - See Chapter 3 Table 1 

Hypertrophic 

cardiomyopathy 

- See Table 4 

Heart failure - See Chapter 3 Table 1 

Hypertension Poor control Dzeshka MS, Shantsila A, Shantsila E, 

et al. Atrial fibrillation and hypertension. 

Hypertension 2017;70(5):854-61. 

 

 Unspecified / 

secondary 
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     Poorer control of hypertension and 

end organ damage is associated with a 

higher risk of developing AF 

Hyperthyroidism - See Chapter 3 Table 1 

Inflammatory 

bowel disease 

- See Table 4 

Intensive care 

unit admission 

- See Table 4 

Ischaemic heart 

disease 

Chronic Huxley RR, Lopez FL, Folsom AR, et al. 

Absolute and attributable risks of atrial 

fibrillation in relation to optimal and 

borderline risk factors: the 

Atherosclerosis Risk in Communities 

(ARIC) study. Circulation 

2011;123(14):1501-08. 

 

Pizzetti F, Turazza F, Franzosi M, et al. 

Incidence and prognostic significance of 

atrial fibrillation in acute myocardial 

infarction: the GISSI-3 data. Heart 

2001;86(5):527-32. 

 

    There is a high risk of AF in the acute 

setting of myocardial infarction as well 

as evidence in the context of underlying 

chronic coronary syndromes. 

 Myocardial infarction 

 Percutaneous 

coronary intervention 

Infection Gastrointestinal See Table 4 

 Influenza 

 Respiratory 

 Sepsis 

 Urinary 

Left ventricular 

hypertrophy 

- See Chapter 3 Table 1 

Myocarditis - See Chapter 3 Table 1 
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Obstructive sleep 

apnoea 

- See Chapter 3 Table 1 

Pulmonary 

embolus 

- See Table 4 

Pericarditis - See Table 4 

Pulmonary 

hypertension 

- See Table 4 

Peripheral 

vascular disease 

- See Chapter 3 Table 1 

Rheumatological 

condition 

Autoimmune 

connective tissue 

diseases 

Lee E, Choi E-K, Jung J-H, et al. 

Increased risk of atrial fibrillation in 

patients with Behçet's disease: a 

nationwide population-based study. Int 

J Cardiol 2019;292:106-11. 

 

Moon I, Choi E-K, Jung J-H, et al. 

Ankylosing spondylitis: a novel risk 

factor for atrial fibrillation—a nationwide 

population-based study. Int J Cardiol 

2019;275:77-82. 

 

Melduni RM, Cooper LT, Gersh BJ, et 

al. Association of Autoimmune 

Vasculitis and Incident Atrial Fibrillation: 

A Population‐Based Case‐Control 

Study. Journal of the American Heart 

Association 2020;9(18):e015977. 

 

Naaraayan A, Meredith A, Nimkar A, et 

al. Arrhythmia prevalence among 

patients with Polymyositis-

Dermatomyositis in the United States: 

an observational study. Heart Rhythm 

2021 

 

 Rheumatoid arthritis 

 Spondyloarthropathies 

 Vasculitides 
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Songnan W, Shengma C. GW24-e2483 

Catheter ablation of atrial fibrillation in 

patients with autoimmune rheumatic 

diseases. Heart 2013;99(Suppl 

3):A197-A97. 

 

Giallafos I, Triposkiadis F, Oikonomou 

E, et al. Incident atrial fibrillation in 

systemic sclerosis: the predictive role of 

B-type natriuretic peptide. Hellenic J 

Cardiol 2014;55:313-21. 

 

Pugnet G, Gouya H, Puéchal X, et al. 

Cardiac involvement in granulomatosis 

with polyangiitis: a magnetic resonance 

imaging study of 31 consecutive 

patients. Rheumatology 

2017;56(6):947-56. 

 

Lindhardsen J, Ahlehoff O, Gislason 

GH, et al. Risk of atrial fibrillation and 

stroke in rheumatoid arthritis: Danish 

nationwide cohort study. BMJ 2012;344 

 

     Each of the subtypes of 

rheumatological disease are associated 

with differing risks of development of 

AF. Here they have been categorised in 

clinical sub-type.  

Smoking Current See Table 4 

 Ex 

Surgery (non-

cardiac) 

Colorectal See Table 4 

 Thoracic 

 Vascular 
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Systemic 

Embolism 

- See Chapter 3 Table 1 

Valvular heart 

disease 

Mitral stenosis / 

rheumatic valvular 

disease 

See Table 6 

 Non-mitral valve / 

other valves 

 Mitral regurgitation 

Vascular 

dementia 

- See Table 4 

 

 

Diagnostic code lists only included the primary care coding system (Read codes), 

ensuring that only information readily available within a primary care EHR could be 

incorporated within the algorithm. Concordantly, our entire analytical cohort had no 

missing data for any of the predictor variables and the algorithm could be applied to all 

records. 

 

4.5.3 Statistical analyses 

The baseline characteristics are summarised by incident AF status. Continuous 

variables were reported as mean ± standard deviation (SD). Categorical variables were 

reported as frequencies with corresponding percentages.  

 

The degree of variation of each feature in FIND-AF to classification was calculated 

using the mean decrease in the Gini coefficient, a measure of how each variable 

contributes to the homogeneity of nodes and leaves in the resulting random forest.  

 

Model performance of FIND-AF was determined using the full holdout test set with 

internal bootstrap validation with 200 samples and compared to a multivariable logistic 

regression (MLR) model developed with backward model selection with Akaike 

information criterion.271 Performance was compared with the CHA2DS2-VASc and 

C2HEST scores. The CHA2DS2-VASc score was originally developed to predict stroke 

risk in individuals with AF, and the C2HEST score for Asian people without structural 

heart disease.197 These algorithms are robust to missing data in routinely-collected 
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primary care EHRs and have been tested for AF risk prediction in European cohorts 

(Table 2).197 Other algorithms that can only be applied to a minority of European 

primary care EHRs (PuLSE-AI, CHARGE-AF) were not considered.52, 252 The area 

under the receiver operating characteristic curve (AUROC) was used to evaluate 

predictive ability (concordance index) with 95% confidence intervals (CIs) calculated 

using the DeLong method. Youden’s index was established for the outcome measure 

as a method of empirically identifying the optimal dichotomous cut-off to assess 

sensitivity, specificity, positive predictive value (PPV) and negative predictive value 

(NPV). Youden’s index was calculated and optimised for each test set for each score to 

derive the optimal cut-off threshold. Calibration was assessed by plotting predicted AF 

risk against observed AF incidence and by the calibration slope. We calculated the 

Brier score, a measure of both discrimination and calibration, by taking the mean 

squared difference between predicted probabilities and the observed outcome. To 

assess the clinical impact of utilising FIND-AF as opposed to other risk prediction 

scores, we calculated the net reclassification index at 0.4% AF risk threshold (the 

average 6-month incidence rate in the cohort) and conducted a decision curve 

analysis.  

 

We investigated the performance of FIND-AF, CHA2DS2-VASc and C2HEST within 

relevant subgroups defined by sex, ethnicity (White vs. Black vs. Asian vs. other Non-

White ethnic minorities) and age (≥65 years and ≥75 years). We plotted Kaplan-Meier 

plots for individuals identified as higher and lower FIND-AF predicted risk of AF to 

assess the event rate for AF censored at 10 years, and calculated the hazard ratio for 

AF between higher and lower FIND-AF predicted risk of AF using the Cox proportional 

hazard model with adjustment for the competing risk of death. We used R version 4·1·0 

for all analyses. 

 

4.5.4 Patient and public involvement 

The Arrhythmia Alliance an AF association provided input on the FIND-AF scientific 

advisory board. The FIND-AF patient and public involvement group have given input to 

reporting and dissemination plans of the research.   

 

4.6 Results 

4.6.1 Patient population 
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There were 2 081 139 individuals registered in our UK primary care cohort (1 664 911 

in the training dataset, 416 228 in testing dataset), with average age 49.9 (SD 15.4), 

50.7% women, and 86.7% white. Baseline characteristics and clinical outcomes were 

similar in the training and testing datasets (Table 6).   
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Table 6 Baseline characteristics of training and testing datasets 

 Training set 

n (%) 

Testing set 

n (%) 

 1 664 911 416 228 

Demographics 

Age, years 49.90 (15.43) 49.90 (15.42) 

Sex (women) 844 083 (50.7) 211 478 (50.8) 

Comorbidities 

Diabetes mellitus 58 513 (3.5) 14 268 (3.4) 

Stroke or TIA 30 871 (1.9) 7 794 (1.9) 

Ischaemic heart disease 62 980 (3.8) 15 622 (3.8) 

Hypertension 200 217 (12.0) 50 106 (12.0) 

Heart failure 11 577 (0.7) 2 790 (0.7) 

Dyslipidaemia 48 719 (2.9) 12 170 (2.9) 

Hyperthyroidism 13 069 (0.8) 3 233 (0.8) 

COPD 20 294 (1.2) 5 129 (1.2) 

Chronic kidney disease 23 794 (1.4) 6 014 (1.4) 

Anaemia 53 962 (3.2) 13 383 (3.2) 

Cancer 58 725 (3.5) 14 783 (3.6) 

Valvular heart disease 7 946 (0.5) 1 927 (0.5) 

Mean CHA2DS2-VASc score 0.98 (1.04) 0.98 (1.04) 

Abbreviations: AF, atrial fibrillation; CHA2DS2-VASc, Congestive heart failure, 

Hypertension, Age >75 years [2 points], Stroke/transient ischemic 

attack/thromboembolism [2 points], Vascular disease, Age 65-74 years, Sex Category; 

COPD, chronic obstructive pulmonary disease; SD, standard deviation; TIA, transient 

ischaemic attack 

 

 

Within 6 months, 7 386 individuals (0.4%) were recorded as having AF. Those who 

developed AF were older and had a higher prevalence of baseline comorbidities than 
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individuals who did not develop AF (Table 7). Of new cases, 1 546 (20.9%) were 

younger than 65 years old.   

 

Table 7 Baseline characteristics of analytical cohort with and without atrial fibrillation 

 Incident AF 

 No AF  

n (%) 

AF 

n (%) 

 2 073 753 7 386 

Demographics 

Age, years 49·82 (15.37) 73·72 (12.62) 

Sex (women) 1 051 942 (50.7) 3 619 (49.0) 

Comorbidities 

Diabetes mellitus 71 966 (3.5) 815 (11.0) 

Stroke or TIA 37 773 (1.8) 892 (12.1) 

Ischaemic heart disease 77 060 (3.7) 1 542 (20.9) 

Hypertension 247 436 (11.9) 2 887 (39.1) 

Heart failure 13 717 (0.7) 650 (8.8) 

Dyslipidaemia 60 357 (2.9) 532 (7.2) 

Hyperthyroidism 16 147 (0.8) 155 (2.1) 

COPD 24 962 (1.2) 461 (6.2) 

Chronic kidney disease 29 359 (1.4) 449 (6.1) 

Anaemia 66 844 (3.2) 501 (6.8) 

Cancer 72 621 (3.5) 887 (12.0) 

Valvular heart disease 9 497 (0.5) 376 (5.1) 

Mean CHA2DS2-VASc score (SD) 0·97 (1.03) 2·72 (1.42) 

Abbreviations: AF, atrial fibrillation; CHA2DS2-VASc, Congestive heart failure, 

Hypertension, Age >75 years [2 points], Stroke/transient ischemic 

attack/thromboembolism [2 points], Vascular disease, Age 65-74 years, Sex Category; 

COPD, chronic obstructive pulmonary disease; SD, standard deviation; TIA, transient 

ischaemic attack 
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4.6.2 Prediction factors and model accuracy 

According to mean decrease in the Gini coefficient, age contributed the most to the 

prediction, followed by ethnicity and history of heart failure (Figure 1).  
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Figure 1 The top 10 most important variables for FIND-AF prediction in individuals aged ≥30 years quantified by mean decrease in Gini coefficient 

 

COPD, chronic obstructive pulmonary disease; EP, electrophysiology; IHD, ischaemic heart disease 
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AF discrimination and accuracy of predictions, by AUROC and Brier scores, were 

better using FIND-AF than the MLR, CHA2DS2-VASc and C2HEST algorithms (Table 8, 

Figure 2). Sensitivity was highest for the CHA2DS2-VASc algorithm, but specificity 

lowest. 

 

Table 8 Performance for 6-month incident atrial fibrillation with optimal threshold 
determined by Youden Index 

 FIND-AF MLR CHA2DS2-

VASc 

C2HEST 

AUROC (95% 

CI) 

0.824  

(0.814-0.834) 

0.765  

(0.755-0.769) 

0.784  

(0.773-0.794) 

0.757  

(0.744-0.770) 

Sensitivity 

(95% CI) 

0.781 

(0.731-0.829) 

0.760 

(0.653-0.814) 

0.847  

(0.829-0.866) 

0.642  

(0.619-0.791) 

Specificity 

(95% CI) 

0.731  

(0.693-0.771) 

0.679  

(0.635-0.776) 

0.611  

(0.608-0.612) 

0.790  

(0.622-0.792) 

PPV (% [95% 

CI]) 

2.5%  

(2.3-2.7) 

2.0%  

(1.8-2.6) 

2.2%  

(2.1-2.3) 

2.0%  

(1.5-2.2) 

NPV (% [95% 

CI]) 

99.8%  

(99.8-99.8) 

99.7%  

(99.6-99.7) 

99.8%  

(99.8-99.8) 

99.7%  

(99.7-99.8) 

Calibration 

slope* (95% 

CI) 

0.782  

(0.743-0.824) 

0.698  

(0.654-0.735) 

0.621  

(0.589-0.652) 

0.608  

(0.576-0.648) 

Brier score 0.069 0.097 0.093 0.102 

Abbreviations: AF, atrial fibrillation; AUROC, area under received operating 

characteristic; CHA2DS2-VASc, Congestive heart failure, Hypertension, Age >75 [2 

points], Stroke/transient ischemic attack/thromboembolism [2 points], Vascular disease, 

Age 65-74, Sex Category; C2HEST, Coronary artery disease / Chronic obstructive 

pulmonary disease [1 point each], Hypertension, Elderly (Age ≥75, 2 points), Systolic 

heart failure, Thyroid disease (hyperthyroidism); CI, confidence interval; FIND-AF, 

Future Innovations in Novel detection of Atrial Fibrillation; MLR, Multivariable logistic 

regression; NPV, negative predictive value; PPV, positive predictive value  

N.B. *calibration slope was derived from linear regression models by forcing the 

intercept through origin (0,0).  
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Figure 2 Receiver operating characteristic curves for FIND-AF, multivariable logistic 
regression, CHA2DS2-VASc, and C2HEST algorithms 

 

Abbreviations: CHA2DS2-VASc, Congestive heart failure, Hypertension, Age > 75 [2 

points], Stroke/transient ischemic attack/thromboembolism [2 points], Vascular disease, 

Age 65-74, Sex category; CI, confidence interval; C2HEST, Coronary artery disease / 

Chronic obstructive pulmonary disease [1 point each], Hypertension, Elderly (Age ≥ 75, 

2 points), Systolic heart failure, Thyroid disease (hyperthyroidism); FIND-AF, Future 

Innovations in Novel detection of Atrial Fibrillation; MLR, multivariable logistic 

regression; Multivariable logistic regression. 

 

 

According to the Youden index, the optimal cut-off was 0.0032, leading to a sensitivity 

of 78% and a specificity of 73%, with a PPV of 2.5% and NPV of 99.8%. The low 

incidence of AF over 6 months led to similar values for PPV and NPV across the 

algorithms. Of the algorithms, FIND-AF was the best calibrated (calibration slope 0.782 

[95% CI 0.743 – 0.824], Table 2, Figure 3), yet showed underestimation of risk in the 

mid-risk strata and over-estimation in the highest risk strata.   
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Figure 3 Calibration plots for FIND-AF, multivariable logistic regression, CHA2DS2-
VASc, and C2HEST algorithms 

FIND-AF 
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Multivariable logistic regression  

 

 

CHA2DS2VASc 
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C2HEST 

 

Abbreviations: CHA2DS2-VASc, Congestive heart failure, Hypertension, Age >75 [2 

points], Stroke/transient ischemic attack/thromboembolism [2 points], Vascular disease, 

Age 65-74, Sex Category; CHARGE-AF, Cohorts for Heart and Aging Research in 

Genomic Epidemiology; C2HEST, Coronary artery disease / Chronic obstructive 

pulmonary disease [1 point each], Hypertension, Elderly (Age ≥75, 2 points), Systolic 

heart failure, Thyroid disease (hyperthyroidism); FIND-AF, Future Innovations in Novel 

detection of Atrial Fibrillation 

 

 

4.6.3 Risk classification 

Of the 416 228 individuals in the testing set, 82 942 (19.9%) were classified as higher 

risk using FIND-AF, 84 282 (20.2%) using the CHA2DS2-VASc score and 84 542 

(20.3%) using the C2HEST score, respectively. Net reclassification analyses at the 

0.4% risk threshold demonstrated modestly favourable reclassification using FIND-AF 

as opposed to using CHA2DS2-VASc (net reclassification 0.032, 95% CI 0.029-0.051) 

and strong favourable reclassification using FIND-AF as opposed to using C2HEST (net 

reclassification 0.113, 95% CI 0.098-0.135; Table 9).  
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Table 9 Net reclassification using FIND-AF 

AF cases 

 
FIND-AF 

  
FIND-AF 

 

CHA2DS2-VASc ≥0.4% <0.4% C2HEST ≥0.4% <0.4% 

≥0.4% 1 121 37 ≥0.4% 893 10 

<0.4% 82 191 <0.4% 310 218 

 

  Appropriate upclassification 

  Inappropriate downclassification 

 

Non-AF cases 

 
FIND-AF 

  
FIND-AF 

 

CHA2DS2-VASc ≥0.4% <0.4% C2HEST ≥0.4% <0.4% 

≥0.4% 65 322 17 511 ≥0.4% 38 640 3 053 

<0.4% 16 417 315 547 <0.4% 43 099 330 005 

 

  Appropriate downclassification 

  Inappropriate upclassification 

 

Net reclassification indices 

Index CHA2DS2-VASc C2HEST 

Case reclassification (NRI+ 

[95% CI]) 

0.031 (0.026-0.048) 0.021 (0.19-0.23) 

Non-case reclassification 

(NRI- [95% CI]) 

0.0026 (0.0015-0.0032) -0.096 (-0.098 - -0.095) 

Net reclassification (NRI 

[95% CI]) 

0.032 (0.029-0.051) 0.113 (0.098-0.135) 

Abbreviations: CHA2DS2-VASc, Congestive heart failure, Hypertension, Age >75 [2 

points], Stroke/transient ischemic attack/thromboembolism [2 points], Vascular disease, 

Age 65-74, Sex Category; CHARGE-AF, Cohorts for Heart and Aging Research in 

Genomic Epidemiology; C2HEST, Coronary artery disease / Chronic obstructive 

pulmonary disease [1 point each], Hypertension, Elderly (Age ≥75, 2 points), Systolic 
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heart failure, Thyroid disease (hyperthyroidism); CI, confidence interval; FIND-AF, 

Future Innovations in Novel detection of Atrial Fibrillation; NRI, net reclassification 

index 

 

 

In a decision curve analysis, FIND-AF had a superior net benefit compared to the 

CHA2DS2-VASc and C2HEST risk scores across all threshold probabilities (Figure 4). 

 

Figure 4 Decision curve analysis for FIND-AF versus CHA2DS2-VASc and C2HEST 

 

Abbreviations: CHA2DS2-VASc, Congestive heart failure, Hypertension, Age >75 [2 

points], Stroke/transient ischemic attack/thromboembolism [2 points], Vascular disease, 

Age 65-74, Sex Category; CHARGE-AF, Cohorts for Heart and Aging Research in 

Genomic Epidemiology; C2HEST, Coronary artery disease / Chronic obstructive 

pulmonary disease [1 point each], Hypertension, Elderly (Age ≥75, 2 points), Systolic 

heart failure, Thyroid disease (hyperthyroidism); FIND-AF, Future Innovations in Novel 

detection of Atrial Fibrillation 
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Of the 82 942 individuals identified as higher risk by FIND-AF, 3 483 were <65 years of 

age, of whom 3 448 had a CHA2DS2-VASc score of at least 1. The incidence rate of AF 

in routine clinical practice at 6 months was 20-fold higher amongst individuals identified 

as a higher predicted risk of AF by FIND-AF compared with individuals identified as 

lower risk (2.0% vs 0.1%). In routine clinical practice, 1 in every 71 individuals aged 

≥65 years were diagnosed with AF within 6 months, 1 in every 58 individuals aged ≥75 

years and 1 in every 40 individuals identified at higher predicted AF risk.  

 

Higher predicted AF risk was also associated with increased long-term AF occurrence. 

Within 5 and 10 years, respectively, 5.1% and 11.9% of the higher predicted risk cohort 

had been diagnosed with AF; with an 8.75-fold increased hazard (95% CI 8.44-9.06) 

relative to individuals at lower predicted risk (Figure 5). 

 

Figure 5 Kaplan-Meier plots for atrial fibrillation occurrence, by predicted risk from 
FIND-AF 

 

Abbreviations: FIND-AF, Future Innovations in Novel Detection of Atrial Fibrillation. 
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4.6.4 Model performance in clinically relevant subgroups 

FIND-AF discrimination performance remained strong in both sexes, whereas for the 

CHA2DS2-VASc and C2HEST scores performance was better in men than women 

(Table 10). The scores performed differently across ethnic groups. In Black individuals 

AF discrimination was highest for CHA2DS2-VASc, and in White and Asian individuals 

FIND-AF had the strongest discrimination performance.  

 

Table 10 Discrimination performance of FIND-AF, CHA2DS2-VASc, and C2HEST by 
sex, age and ethnicity 

 FIND-AF CHA2DS2-VASc C2HEST 

 AUROC  

(95% CI) 

AUROC  

(95% CI) 

AUROC  

(95% CI) 

Overall 0.824  

(0.814-0.834) 

0.784  

(0.773-0.794) 

0.757  

(0.744-0.770) 

Sex 

Men 0.819  

(0.809-0.829) 

0.807  

(0.793-0.821) 

0.793  

(0.777-0.810) 

Women 0.821  

(0.810-0.831) 

0.776  

(0.760-0.793) 

0.746  

(0.727-0.765) 

Age 

≥65 years 0.712  

(0.698-0.727) 

0.669  

(0.654-0.684) 

0.675  

(0.661-0.690) 

≥75 years 0.657  

(0.638-0.675) 

0.612  

(0.593-0.632) 

0.589  

(0.570-0.608) 

Ethnicity 

White 0.810  

(0.799-0.821) 

0.781  

(0.769-0.792) 

0.756  

(0.743-0.770) 

Asian 0.796  

(0.693-0.899) 

0.758  

(0.639-0.876) 

0.731  

(0.611-0.850) 

Black 0.801  

(0.680-0.923) 

0.843  

(0.764-0.923) 

0.707  

(0.511-0.902) 
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Oher non-white ethnic minority 0.805  

(0.765-0.845) 

0.768  

(0.729-0.807) 

0.805  

(0.765-0.846) 

Ethnicity unrecorded 0.823  

(0.770-0.875) 

0.838 

(0.777-0.900) 

0.788  

(0.705-0.870) 

 

Abbreviations: AUROC, area under receiver operating characteristic; CHA2DS2-VASc, 

Congestive heart failure, Hypertension, Age >75 [2 points], Stroke/transient ischemic 

attack/thromboembolism [2 points], Vascular disease, Age 65-74, Sex Category; 

C2HEST, Coronary artery disease / Chronic obstructive pulmonary disease [1 point 

each], Hypertension, Elderly (Age ≥75, 2 points), Systolic heart failure, Thyroid disease 

(hyperthyroidism); CI, confidence interval; FIND-AF, Future Innovations in Novel 

detection of Atrial Fibrillation  

N.B. The total number of individuals in each subgroup and number of incident AF 

cases is as follows: Men (N = 211 378, AF = 720), Women (N = 204 850, AF = 753), 

Age ≥65 years (N = 81 258, AF = 1 168), Age ≥75 years (N = 36 358, AF = 796), White 

(N = 279 027, AF = 1 301), Asian (N = 8 422, AF = 16), Black (N = 6478, AF = 11), 

Other non-white ethnic minority (N = 28 303, AF = 96), Ethnicity unrecorded (N = 93 

998, AF = 49).  

 

 

4.7 Discussion 

In this population-based study, we trained a machine learning algorithm (FIND-AF) on 

more than 1.5 million individuals registered in UK primary care to predict the risk of 

incident AF within the next 6 months. When tested in over 400 000 individuals, FIND-

AF demonstrated good predictive accuracy, which was superior to other risk scores 

and robust in both sexes and across ethnic groups. FIND-AF identified a cohort of 

younger people at higher risk of AF and more efficiently identified individuals diagnosed 

with AF within 6 months compared with age-based risk stratification. Finally, short-term 

predicted AF risk also translated to long-term AF occurrence.  

 

Current approaches to targeting investigation for undiagnosed AF are based on age.1 

Our analysis demonstrated that a fifth of newly detected AF cases within 6 months 

occur in people aged ≤65 years, emphasising the opportunity lost when enhanced AF 

investigation is restricted to older populations. Electrocardiograms can be used to 

accurately predict AF risk,270 but they are not widely available in the community 
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whereas 98% of the UK population are registered in primary care with an 

accompanying EHR.202 Our meta-analysis of AF prediction algorithms using EHRs 

demonstrated that algorithms developed using traditional regression techniques 

provided only moderate discrimination performance.197 In our study a machine learning 

prediction algorithm (FIND-AF) outperformed the C2HEST and CHA2DS2-VASc scores. 

 

For a machine learning prediction algorithm to be useful in clinical practice it must be 

implementable within the clinical workflow, provide prediction that meaningfully informs 

decision making, and engender confidence in how outputs were arrived at.282 FIND-AF 

has been designed to be implemented and displayed through EHR systems, so will be 

available in a platform that healthcare professionals are interacting with as part of 

routine care. By design, FIND-AF provides AF risk prediction over a short time-frame 

and so could assist clinicians at point of care in identifying patients for targeted 

diagnostics such as ECG monitoring. Finally, the most important predictors in FIND-AF 

are already well-recognised risk factors for AF (for example age, heart failure, valvular 

heart disease), which provides reassurance in the associations being made by the 

algorithm.1  

 

Fairness is a critical characteristic when considering the impact of prediction algorithms 

in healthcare. The CHARGE-AF and PuLSE-AI algorithms have strong AF prediction 

performance,194, 196 yet incorporate variables that are frequently missing (height, weight 

and systolic and diastolic blood pressure).197 Consequently, their applicability is limited 

to 17% and 35% of primary care EHRs, respectively.194, 196 Often health data poverty 

disproportionately affects individuals from minority ethnicities and deprived 

backgrounds, so the application of these algorithms could reinforce health inequities.283 

Furthermore, whether their performance varies by sex and in minority ethnic groups in 

European populations is unknown. In our study the C2HEST and CHA2DS2-VASc 

scores were less accurate in women compared with men, and their performance varied 

substantially across different ethnic groups. FIND-AF’s design enabled its application to 

every single patient record in a nationally representative dataset of routinely-collected 

primary care EHRs; and performance was robust in both sexes and across minority 

ethnic groups. 

 

Three barriers need to be overcome for FIND-AF to be accepted into clinical practice. 

First, it requires external validation, which is planned to be conducted in the TPP UK 

primary care EHR system (ResearchOne) and the Israeli Clalit Health Services. 

Second, prospective validation of FIND-AF is critical before implementation into clinical 

practice. We are launching a pilot implementation study across primary care sites 
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where individuals identified at higher risk will be offered rhythm monitoring (The BHF 

Bristol Myers Squibb Cardiovascular Catalyst Award – CC/22/250026). Third, a cost 

utility analysis and budget impact analysis of the use of FIND-AF will need to be 

conducted. 

 

Primary care EHRs in the UK are nationwide and held centrally, so FIND-AF could be 

activated at scale across geographically disparate sites to identify a subpopulation at 

elevated AF risk. The cohort identified as higher risk in this study included younger 

people who would currently be excluded from screening pathways, and higher 

predicted AF risk was associated with elevated AF occurrence both in the short- and 

long-term. Therefore, FIND-AF could facilitate efficient population-based AF screening 

or comprehensive programs designed to improve risk factor profiles (including targeted 

weight loss and optimisation of blood pressure control).284  

 

Screening for AF would adhere to many of the Wilson & Junger principles for a 

screening programme.45 Opportunistic screening guided by age has not been 

demonstrated to increase AF detection rates,285 but this may change in a more 

precisely defined higher risk cohort. Systematic screening of older patients with 

intermittent or continuous (invasive or non-invasive) rhythm monitors is associated with 

increased AF detection rates, compared to routine care.45 However, the yield of new 

cases is low (3% in the STROKESTOP trial)70 and in our study FIND-AF more 

efficiently identified a cohort with a higher rate of clinically detected AF than age-based 

approaches. Accurate risk assessment would be an integral component of a systematic 

screening process but ongoing research is needed to address the issues of the 

effectiveness and safety of treatment of screen-detected AF, and the costs of 

widespread use of ECG monitoring and prescription of oral anticoagulation, after the 

mixed results of the recently published LOOP and STROKESTOP trials.70, 72  

 

There are some limitations to our study. First, the CPRD database is routinely-

collected, retrospective primary care data. Underestimation of AF incidence is possible 

since there will have been individuals with unrecorded asymptomatic AF. Second, 

important predictor variables may have been ‘missing by design’; nonetheless, we 

aimed to develop an algorithm that used routinely recorded data. Third, our choice of a 

random forest classifier was based on a systematic review of AF prediction in EHRs,197 

and it is possible other machine learning methods may have performed differently in 

our study. Fourth, the algorithm will need to be updated as population characteristics 

change, data quality of EHRs improves and new or additional risk factors emerge. Fifth, 

electrophysiology procedures not specified as treating atrial fibrillation (including 
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pacemaker implantations and percutaneous ablations) were a strong predictor of AF 

risk, and this may be a result of detection bias. 

 

4.8 Conclusions 

We trained and tested a novel machine learning algorithm (FIND-AF) that was 

applicable at scale within a nationwide routinely-collected primary care EHR dataset. 

FIND-AF was able to accurately predict AF risk within 6 months and identify a cohort at 

elevated risk of AF in the longer-term. 
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Chapter 5 Incident cardiovascular, renal, metabolic diseases 

and death in individuals identified for risk-guided atrial 

fibrillation screening: a nationwide cohort study 

 

Jianhua Wu*, Ramesh Nadarajah*, Yoko M Nakao, Kazuhiro Nakao, David C Hogg, 

Keerthenan Raveendra, Ronen Arbel, Moti Haim, Doron Zahger, Campbell Cowan, 

Chris P Gale 

 

*Jianhua Wu and Ramesh Nadarajah are joint first authors 

 

5.1 Summary of the publication 

 This analysis was performed using the methodology presented in Chapter 3 to 

quantify the association of predicted AF risk with non-AF outcomes. 

 The study found that higher predicted AF risk, compared with lower predicted 

AF risk, was associated with higher risk and shorter median time to event for a 

range of incident cardio-renal-metabolic diseases and death. 

 

5.2 Publication status 

 Published July 10 2023 

 Open Heart 2023;10:e002357  

 

5.3 Abstract 

5.3.1 Objective 

Risk-guided AF screening may be an opportunity to prevent adverse events in addition 

to stroke. We compared events rates for new diagnoses of cardio-renal-metabolic 

diseases and death in individuals identified at higher versus lower predicted AF risk. 

 

5.3.2 Methods 

From the UK Clinical Practice Research Datalink-GOLD dataset, Jan 2, 1998 to Nov 

30, 2018, we identified individuals aged ≥30 years without known AF. The risk of AF 
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was estimated using the FIND-AF risk score. We calculated cumulative incidence rates 

and fitted Fine and Gray’s models at 1, 5, and 10 years for nine diseases and death 

adjusting for competing risks.  

 

5.3.3 Results 

Of 416 228 individuals in the cohort, 82 942 were identified as higher risk for AF. 

Higher predicted risk, compared with lower predicted risk, was associated with incident 

chronic kidney disease (cumulative incidence per 1000 persons at 10 years 245.2; HR 

6.85, 95% CI 6.70-7.00; median time to event 5.44 years), heart failure (cumulative 

incidence per 1000 persons at 10 years 124.7; HR 12.54, 95% CI 12.08-13.01; median 

time to event 4.06), diabetes mellitus (cumulative incidence per 1000 persons at 10 

years 123.3; HR 2.05, 95% CI 2.00-2.10; median time to event 3.45), stroke/transient 

ischaemic attack (cumulative incidence per 1000 persons at 10 years 118.9; HR 8.07, 

95% CI 7.80-8.34; median time to event 4.27), myocardial infarction (cumulative 

incidence per 1000 persons at 10 years 69.6; HR 5.02, 95% CI 4.82-5.22; median time 

to event 4.32), peripheral vascular disease (cumulative incidence per 1000 persons at 

10 years 44.6; HR 6.62, 95% CI 6.28-6.98; median time to event 4.28), valvular heart 

disease (cumulative incidence per 1000 persons at 10 years 37.8; HR 6.49, 95% CI 

6.14-6.85; median time to event 4.54), aortic stenosis (cumulative incidence per 1000 

persons at 10 years 18.7; HR 9.98, 95% CI 9.16-10.87; median time to event 4.41) and 

death from any cause (cumulative incidence per 1000 persons at 10 years 273.9; HR 

10.45, 95% CI 10.23-10.68; median time to event 4.75). The higher risk group 

constituted 74% of deaths from cardiovascular or cerebrovascular causes (8 582/11 

676).  

 

5.3.4 Conclusions 

Individuals identified for risk-guided AF screening are at risk of new diseases across 

the cardio-renal-metabolic spectrum and death, and may benefit from interventions 

beyond ECG monitoring. 

 

5.4 Introduction 

Atrial fibrillation (AF) screening research has hitherto primarily focused on stroke 

prophylaxis through early detection of AF and initiation of oral anticoagulation. 

Randomised controlled trials have demonstrated that non-invasive electrocardiogram 

(ECG) monitoring in older people with or without stroke risk factors increases detection 
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rates of previously undiagnosed AF compared with routine standard of care,68, 87, 88 but 

yields are relatively low (<5%) and the net benefit small.70     

 

Atrial fibrillation (AF) frequently develops due to, and in parallel with, other 

cardiovascular, renal and metabolic conditions.250 Over 70% of new diagnoses have at 

least two concomitant, chronic comorbidities,211 and thereafter are at an increased risk 

of major cardiovascular events beyond stroke, including ischemic heart disease, heart 

failure, chronic kidney disease, peripheral vascular disease and death.32  

 

Risk-guided AF screening has the potential to achieve a higher yield of AF detection 

than age-guided screening.286 Furthermore, individuals identified at elevated risk of AF 

may have an age and comorbidity profile similar to individuals with diagnosed AF, and 

thus also be at risk of subsequent adverse events. If so, a risk-guided AF screening 

strategy may provide an opportunity for the identification and management of 

concomitant diseases and cardiometabolic risk factors to prevent a range of adverse 

events beyond stroke.250 

 

To determine whether individuals identified for risk-guided AF screening are at 

increased risk of adverse events we used a large nationwide longitudinal database of 

linked primary and secondary care records to study event rates in the subpopulation at 

higher predicted AF risk for a range of new-onset cardio-renal-metabolic diseases and 

death. 

 

5.5 Methods 

5.5.1 Data source 

We used EHRs from the Clinical Practice Research Datalink (CPRD). The CPRD 

database contains anonymised patient data from approximately 7% of the UK 

population and is broadly representative in terms of age, sex, and ethnicity.202 CPRD is 

one of the world’s largest databases of longitudinal medical records from primary care. 

The dataset used for this analysis was primary care records from CPRD that had been 

linked to secondary care admission records from Hospital Episodes Statistics Admitted 

Patient Care (HES-APC) data and death certificates from the Office for National 

Statistics (ONS). Linkage is available for a subset of English practices from Jan 3, 1998 

to Nov 30, 2018, covering approximately 50% of all CPRD records. Previous research 

has demonstrated the representativeness of patients eligible for linkage in terms of 
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age, sex and geography.287 More than 200 independent studies have investigated the 

validity of diagnoses recorded in CPRD, which reported an average positive predictive 

value of about 90% for a broad range of conditions.254  

 

5.5.2 Study population 

We included adults registered at practices within CPRD who were ≥30 years of age at 

entry with no prior history of AF and at least one-year follow-up, between January 2, 

1998 and November 30, 2018. All individuals were categorized as lower or higher 

predicted AF risk by the FIND-AF risk score,286 with the higher risk cohort reflecting 

individuals who would be identified for risk-guided AF screening. 

 

The FIND-AF risk score predicts incident AF at 6 months for individuals ≥30 years of 

age without a preceding diagnosis of AF.286 The risk score is scalable through 

community-based EHRs because it only requires data for age, sex, comorbidities and 

ethnicity (included an ‘ethnicity unrecorded’ category where it was unavailable because 

missingness was considered to be informative)268. The risk score was found to have 

stronger discriminative performance, reclassification and net benefit for short-term 

incident AF than the CHA2DS2-VASc and C2HEST scores, and more efficiently identify 

individuals who develop AF than an age-guided approach.286  

 

5.5.3 Outcomes 

The primary endpoint for the analysis was the initial presentation of a cardiovascular, 

renal, or metabolic disease or death. To best characterise highly prevalent and morbid 

diseases, associated with the development or consequence of AF (Figure 1),32, 250 we 

individually examined the following nine conditions: heart failure, valvular heart disease 

(and specifically aortic stenosis), myocardial infarction, stroke (ischaemic and 

haemorrhagic) or transient ischaemic attack, peripheral vascular disease, chronic 

kidney disease, diabetes mellitus, as well as chronic obstructive pulmonary disease 

(COPD). Aortic stenosis was further specified in addition to valvular heart disease 

given the increasing availability and randomised controlled trial evidence for earlier 

treatment, and increasing therapeutic options across operative risk profiles.274  
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Figure 1. Study design process leading to selection of study outcomes 

 

Abbreviations: AF, atrial fibrillation 

N.B. * Aortic stenosis was further specified in addition to valvular heart disease given 

the increasing availability and randomised controlled trial evidence for earlier treatment, 

and increasing therapeutic options across operative risk profiles.274 

 

 

We also investigated for occurrence of death by any cause recorded in primary care or 

by death certification from the UK Death Register of the ONS, which was mapped on to 

9 disease categories following previously established methods, as summarised in 

Chapter 3 Table 2.272  

 

For each condition, a list of diagnostic codes from the CALIBER code repository, 

including from International Classification of Diseases 10th revision (used in secondary 

care) and Read coding schemes (used in primary care) was defined to 

comprehensively identify diagnoses from EHRs. Incident diagnoses were defined as 

the first record of that condition in primary or secondary care records from any 

diagnostic position. For definition of new cases, we excluded individuals for the 

analysis of each condition who had a diagnosis of that condition before the patient’s 

entry to the study. If no indication of a specific disease was recorded, then the patient 

was assumed to be free from the disease.  
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5.5.4 Statistical analysis 

The baseline characteristics are summarised by predicted AF status. Continuous 

variables were reported as mean ± standard deviation (SD). Categorical variables were 

reported as frequencies with corresponding percentages. 

 

We created Kaplan-Meier plots for individuals identified as higher and lower predicted 

risk of AF and derived the cumulative incidence rate for each outcome at 1, 5 and 10 

years considering the competing risk of death, as well as death at 5 and 10 years. For 

each specified outcome, we calculated the hazard ratio (HR) between higher and lower 

predicted risk of AF using the Fine and Gray’s model with adjustment for the competing 

risk of death. We reported unadjusted HR and adjusted HR where the model was 

adjusted for age, sex, ethnicity and the presence of any of the other outcomes at 

baseline.  

 

Given that age and sex were two key variables in the FIND-AF algorithm,286 and some 

of the outcomes have incidence rates that are strongly associated with age (e.g. aortic 

stenosis) or differ by sex (e.g. heart failure),273, 274 we conducted sub-group analyses of 

incidence rates for higher and lower risk individuals for each outcome by age group 

(30-64 years and ≥65 years) and sex. As some of the outcomes are more likely to 

occur in the setting of prevalent AF (e.g. stroke or heart failure),250 we also conducted a 

sensitivity analysis where people with incident AF during follow-up were excluded.  

 

Study findings are reported in accordance with the Reporting of studies Conducted 

using Observational Routinely-collected health Data (RECORD) recommendations,288 

and the CODE-EHR best-practice framework for using structured electronic healthcare 

records in clinical research.278 We used R version 4·1·0 for all analyses. 

 

5.5.5 Patient and public involvement 

The Arrhythmia Alliance an AF association provided input on the FIND-AF scientific 

advisory board. The FIND-AF patient and public involvement group have given input to 

reporting and dissemination plans of the research.   
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5.6 Results 

5.6.1 Patient population 

In the cohort of 416 228 individuals (average age 49.9 [SD 15.4] years, 50.8% women, 

86.8% white), 82 942 (19.9%) were identified as higher predicted risk of AF, 3 483 of 

whom were <65 years of age, with 1 203 and 8 876 diagnosed with AF over 6 months 

and 10 years of follow up, respectively. At point of risk prediction, those at higher 

compared with lower predicted AF risk had a higher average age and prevalence of 

baseline comorbidities (Table 1).  

 

Table 1 Baseline characteristics of analytical cohort stratified by predicted atrial 
fibrillation risk 

 FIND-AF predicted risk 

 Lower risk 

n (%) 

Higher risk 

n (%) 

 333 286 82 942 

Demographics 

Age, years 44.1 (10.40) 73.2 (8.75) 

Sex (women) 170 568 (51.2) 41 210 (49.7) 

Ethnicity   

   Asian 7 385 (2.2) 894 (1.1) 

   Black 5 786 (1.7) 613 (0.7) 

   Other 22 033 (6.6) 5 878 (7.1) 

   Unknown 91 505 (27.5) 2 161 (2.6) 

   White 206 577 (62.0) 73 396 (88.5) 

Comorbidities 

Anaemia 9 118 (2.7) 4 251 (5.1) 

Aortic stenosis 63 (<0.1) 316 (0.4) 

Cancer 6 120 (1.8) 8 303 (10.0) 

COPD 1 111 (0.3) 4 019 (4.8) 

Chronic kidney disease 2 938 (0.9) 2 990 (3.6) 
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Diabetes mellitus 6 328 (1.9) 8 072 (9.7) 

Dyslipidaemia 6 095 (1.8) 5 984 (7.2) 

Ischaemic heart disease 3 299 (1.0) 12 486 (15.1) 

Heart failure 163 (<0.1) 2 748 (3.3) 

Hypertension 20 139 (6.0) 29 594 (35.7) 

Hyperthyroidism 1 883 (0.6) 1 370 (1.7) 

Stroke/TIA 1 376 (0.4) 6 375 (7.7) 

Valvular heart disease 562 (0·2) 1 414 (1·7) 

Abbreviations: AF, atrial fibrillation; COPD, chronic obstructive pulmonary disease; TIA, 

transient ischaemic attack  

 

 

The cohort with higher predicted AF risk had similar baseline characteristics and mean 

CHA2D22-VASc score to the cohort who developed AF during follow up, but a lower 

prevalence of ischaemic heart disease (15.1% vs 20.2%), prior stroke or transient 

ischaemic attack (7.7% vs 12.2%), hypertension (35.7 % vs 40.0%), valvular heart 

disease (1.7% vs 5.4%) and chronic kidney disease (3.6% vs 6.4%) (Table 2). 



170 
 

 

Table 2 Baseline characteristics of testing set, stratified by incident atrial fibrillation and predicted atrial fibrillation risk 

 Incident atrial fibrillation FIND-AF predicted risk 

 no AF  

n (%) 

AF 

n (%) 

Lower risk 

n (%) 

Higher risk 

n (%) 

 414 676 1 552 333 286 82 942 

Demographics 

Age, years 49·82 (15·38) 73·87 (12·47) 44·11 (10·40) 73·24 (8·75) 

Sex (women) 210 646 (50·8) 755 (48·6) 170 568 (51·2) 41 210 (49·7) 

Ethnicity     

   Asian 8 258 (2·0) 21 (1·5) 7 385 (2·2) 894 (1·1) 

   Black 6 390 (1·5) 9 (0·6) 5 786 (1·7) 613 (0·7) 

   Other 27 805 (6·7) 106 (7·4) 22 033 (6·6) 5 878 (7·1) 

   Unknown 93 630 (22·6) 36 (2·5) 91 505 (27·5) 2 161 (2·6) 

   White 278 714 (67·2) 1 259 (88·0) 206 577 (62·0) 73 396 (88·5) 

Comorbidities 

Diabetes mellitus 14 649 (3·5) 171 (11·0) 6328 (1·9) 8072 (9·7) 

Stroke or TIA 7 467 (1·8) 189 (12·2) 1376 (0·4) 6375 (7·7) 



171 
 

 

Ischaemic heart disease 15 483 (3·7) 314 (20·2) 3299 (1·0) 12486 (15·1) 

Hypertension 49 494 (11·9) 621 (40·0) 20139 (6·0) 29594 (35·7) 

Heart failure 2 745 (0·7) 132 (8·5) 163 (0·0) 2748 (3·3) 

Dyslipidaemia 12 122 (2·9) 121 (7·8) 6095 (1·8) 5984 (7·2) 

Hyperthyroidism 3 203 (0·8) 44 (2·8) 1883 (0·6) 1370 (1·7) 

COPD 4 987 (1·2) 106 (6·8) 1111 (0·3) 4019 (4·8) 

Chronic kidney disease 5 839 (1·4) 99 (6·4) 2938 (0·9) 2990 (3·6) 

Anaemia 13 165 (3·2) 106 (6·8) 9118 (2·7) 4251 (5·1) 

Cancer 14 710 (3·5) 186 (12·0) 6120 (1·8) 8303 (10·0) 

Valvular heart disease 1 881 (0·5) 84 (5·4) 562 (0·2) 1414 (1·7) 

Mean CHA2DS2-VASc score (SD) 0·97 (1·03) 2·74 (1·40) 0·62 (0·62) 2·42 (1·14) 

Abbreviations: AF, atrial fibrillation; CHA2DS2-VASc, Congestive heart failure, Hypertension, Age >75 years [2 points], Stroke/transient ischemic 

attack/thromboembolism [2 points], Vascular disease, Age 65-74 years, Sex Category; COPD, chronic obstructive pulmonary disease; TIA, transient 

ischaemic attack 
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5.6.2 Outcomes 

Higher predicted AF risk, compared with lower predicted AF risk was associated with 

increased occurrence for each pre-specified condition at 1, 5 and 10 years of follow-up 

(Figure 2; Table 3). 
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Figure 2 Kaplan-Meier plots for the ten outcomes 1 

  2 
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Table 3 Cumulative incidence rate for the 10 outcomes stratified by predicted atrial fibrillation risk  1 

 
Median time to event (years, 

IQR) 

Cumulative incidence (per 1000 persons) 

Outcome 
Predicted 

lower risk 

Predicted 

higher risk 

Predicted 

lower risk 

  Predicted 

higher risk 

  

 
  1-year 5-year 10-year 1-year 5-year 10-year 

Aortic 

stenosis 

5.23  

(2.45-7.81) 

4.41  

(1.98-7.18) 

0.1  

(0.1-0.2) 

0.5  

(0.4-0.6) 

1.5  

(1.3-1.7) 

1.6  

(1.4-1.9) 

8.2  

(7.5-8.9) 

18.7  

(17.5-19.9) 

COPD 3.12  

(1.28-5.84) 

2.68 

(1.11-5.31) 

32.2  

(31.6-32.8) 

127.4  

(126.2-128.6) 

222.2  

(220.4-223.9) 

68.4  

(66.6-70.2) 

244.6  

(241.4-247.8) 

395.8  

(391.5-400.0) 

Chronic 

kidney 

disease 

5.95  

(3.03-7.83) 

5.44   

(2.76-7.60) 

2.3  

(2.1-2.4) 

10.6  

(10.2-11.0) 

35.3  

(34.5-36.1) 

17.4  

(16.5-18.4) 

82.9  

(80.8-85.0) 

245.2  

(241.3-249.1) 
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Diabetes 

mellitus 

4.24  

(1.62-7.10) 

3.45  

(1.30-6.33) 

7.2  

(6.9-7.4) 

26.1  

(25.5-26.7) 

57.9  

(56.9-58.9) 

17.9  

(16.9-18.8) 

64.4  

(62.5-66.3) 

123.3  

(120.4-126.3) 

Heart failure 5.49 

(2.71-7.89) 

4.06  

(1.82-6.84) 

0.6  

(0.5-0.6) 

3.1  

(2.9-3.3) 

9.0  

(8.6-9.4) 

11.9  

(11.2-12.7) 

58.3  

(56.5-60.1) 

124.7  

(121.7-127.6) 

Myocardial 

infarction 

4.95  

(2.54-7.50) 

4.32  

(2.03-6.88) 

0.9  

(0.8-1.0) 

5.4  

(5.1-5.7) 

13.6  

(13.1-14.1) 

5.5  

(5.0-6.1) 

31.4  

(30.0-32.8) 

69.6  

(67.2-72.0) 

Peripheral 

vascular 

disease 

5.59  

(2.83-7.83) 

4.28  

(2.05-6.96) 

0.4  

(0.3-0.4) 

2.0  

(1.8-2.1) 

5.8  

(5.5-6.2) 

3.7  

(3.3-4.2) 

20.1  

(19.1-21.2) 

44.6  

(42.8-46.4) 

Stroke/TIA 5.17  

(2.63-7.79) 

4.27  

(2.01-6.92) 

0.8  

(0.7-0.9) 

5.0  

(4.7-5.2) 

13.3  

(12.8-13.8) 

9.2  

(8.6-9.9) 

54.1  

(52.4-55.9) 

118.9  

(116.0-121.8) 

Valvular heart 

disease 

4.89  

(2.25-7.72) 

4.54  

(2.12-7.11) 

0.5  

(0.4-0.5) 

2.0  

(1.9-2.2) 

5.2  

(4.8-5.5) 

3.0  

(2.6-3.4) 

16.3  

(15.4-17.3) 

37.8  

(36.1-39.5) 
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All-cause 

mortality 

5.72  

(3.24-8.06) 

4.75  

(2.66-7.27) 

 
9.2  

(8.8-9.6) 

27.9  

(27.2-28.6) 

 121.6  

(119.2-124.0) 

273.9  

(270.2-277.5) 

Abbreviations: COPD, chronic obstructive pulmonary disease; IQR, interquartile range; TIA, transient ischaemic attack 1 
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A quarter of individuals in the higher predicted AF risk cohort were diagnosed with 

COPD within 5 years and with chronic kidney disease within 10 years. Furthermore, 

within 10 years each of heart failure, diabetes mellitus and stroke or transient 

ischaemic attack were diagnosed in more than 10% of individuals at higher predicted 

AF risk. Relative to individuals at lower predicted AF risk, those with higher predicted 

AF risk were at 12.54-fold (95% CI 12.08-13.01) increased risk for heart failure, 9.98-

fold increased risk for aortic stenosis (95% CI 9.16-10.87) and 8.07-fold increased risk 

for stroke/transient ischaemic attack (95% CI 7.80-8.34) (Table 4).  

 

Table 4 Hazard ratios for incident outcomes comparing individuals at higher and lower 
predicted atrial fibrillation risk 
 

Events/Cohorts    

Outcome Lower risk Higher risk Unadjusted 

hazard ratio 

(95% CI) 

Adjusted 

hazard ratio 

(95% CI) 

Aortic stenosis 851/ 

333 223 

1 557/ 

82 626 

9.98  

(9.16-10.87) 

1.64  

(1.43-1.87) 

COPD 66 941/ 

332 175 

27 110/ 

78 923 

2.02  

(2.00-2.05) 

1.17  

(1.14-1.20) 

Chronic kidney 

disease 

15 077/ 

33 0348 

17 494/ 

79 952 

6.85  

(6.70-7.00) 

1.46  

(1.41-1.51) 

Diabetes mellitus 21 627/ 

326 958 

8 338/ 

74 870 

2.05  

(2.00-2.10) 

1.06  

(1.02-1.10) 

Heart failure 4 135/ 

333 123 

9 453/ 

80 194 

12.54  

(12.08-13.01) 

1.63  

(1.54-1.73) 

Myocardial 

infarction 

5 111/ 

329 987 

4 483/ 

70 456 

5.02  

(4.82-5.22) 

1.09  

(1.03-1.17) 

Peripheral 

vascular disease 

2 470/ 

331 398 

3 176/ 

79 009 

6.62  

(6.28-6.98) 

1.30  

(1.19-1.42) 

Stroke/TIA 5 884/ 

331 910 

8 573/ 

76 567 

8.07  

(7.80-8.34) 

1.40  

(1.33-1.48) 
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Valvular heart 

disease 

2 426/ 

332 724 

2 946/ 

81 528 

6.49  

(6.14-6.85) 

1.56  

(1.43-1.71) 

All-cause 

mortality 

12 804/ 

333 286 

25 814/ 

82 942 

10.45  

(10.23-10.68) 

1.06  

(1.02-1.09) 

Abbreviations: COPD, chronic obstructive pulmonary disease; CI, confidence interval; 

TIA, transient ischaemic attack 

N.B. Model was adjusted for age, sex, ethnicity, and the presence of any of the other 

outcomes at baseline. 

 

 

The higher predicted AF risk cohort were also more than five times more likely to be 

diagnosed with chronic kidney disease, valvular heart disease, myocardial infarction 

and peripheral vascular disease; and twice as likely to experience COPD or diabetes 

mellitus. Furthermore, the median time to event was shorter for each outcome in the 

higher predicted risk cohort compared with the lower predicted risk cohort, with a 

difference of over a year for heart failure (4.06 vs 5.49) and peripheral vascular disease 

(4.28 vs 5.59). 

 

Death was common amongst persons identified as higher predicted AF risk, with over a 

quarter of patients having died by 10 years (Table 3). On unadjusted analysis 

individuals at higher predicted AF risk were at 10.5-fold increased hazard for death 

compared with individuals at lower predicted AF risk (95% CI 10.23-10.68; Table 4). Of 

the 25 814 deaths during 10 years follow-up in the higher predicted AF risk cohort, 8 

582 (33%) were as a result of cardiovascular disease or cerebrovascular disease, with 

5 931 (23%) attributed to cancer (Table 5).  

 

Table 5 Cause of death stratified by FIND-AF risk classification 
 

Predicted AF risk 

Cause of death Lower risk 

n = 333 286 

Higher risk 

n = 82 942 

   Cardiovascular disease 2 506 (0.8) 6 006 (7.2) 

   Cerebrovascular disease 588 (0.2) 2 576 (3.1) 

   Chronic respiratory disease 751 (0.2) 1 952 (2.4) 
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   Digestive disease 701 (0.2) 1 125 (1.4) 

   Infection 573 (0.2) 2 531 (3.1) 

   Injuries 494 (0.1) 471 (0.6) 

   Kidney disease 43 (0.0) 233 (0.3) 

   Mental and neurological disease 546 (0.2) 2 144 (2.6) 

   Neoplasms 4 889 (1.5) 5 931 (7.2) 

Abbreviations: AF, atrial fibrillation 

 

During the 10-year follow up, 70% of incident heart failure cases (9 453/13 588), and 

65% of incident aortic stenosis diagnoses (1 557/2 408) occurred in individuals at 

higher predicted AF risk, even though they only accounted for less than a fifth of the 

total cohort. Of the 38 618 deaths that occurred during follow-up, two-thirds occurred in 

the higher predicted AF risk cohort (25 814; 67%). Specifically, individuals in the higher 

predicted AF risk cohort constituted three quarters of the deaths related to 

cardiovascular or cerebrovascular disease (8 582/11676; 74%), whereas the burden of 

death from neoplasm was more evenly distributed between individuals at lower and 

higher predicted AF risk (total deaths attributed to neoplasm 10 820; deaths in lower 

predicted AF risk cohort 4889 [45%]; deaths in higher predicted AF risk cohort 5931 

[55%]).    

 

5.6.3 Subgroup analysis 

On subgroup analysis, higher predicted AF risk, compared with lower predicted AF risk, 

was associated with increased incidence for each of the outcomes in both men and 

women and in younger (age 30-64 years) and older (age ≥65 years) individuals (Figure 

3-6).  

 

Excluding patients with incident AF during follow up did not change the direction or 

magnitude of events (Table 6).  
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Figure 3 Kaplan-Meier plots for the ten outcomes in individuals aged 30-64 years at baseline  
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Figure 4 Kaplan-Meier plots for the ten outcomes in individuals aged ≥65 years at baseline  
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Figure 5 Kaplan-Meier plots for the ten outcomes in men 
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Figure 6 Kaplan-Meier plots for the ten outcomes in women 
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Table 6 Cumulative incidence rate for the 10 outcomes at 1, 5, and 10 years of follow up stratified by predicted atrial fibrillation risk, when incident 
atrial fibrillation cases are excluded 

 Cumulative incidence (per 1000 persons) 

Outcome Predicted lower risk Predicted higher risk 
 

1-year 5-year 10-year 1-year 5-year 10-year 

Aortic stenosis 0.1  

(0.1-0.1) 

0.5  

(0.4-0.5) 

1.2  

(1.1-1.4) 

1.5  

(1.2-1.7) 

7.2  

(6.5-7.8) 

16.4  

(15.2-17.7) 

COPD 31.8  

(31.2-32.4) 

125.8  

(124.6-127.1) 

219.3 

(217.5-221.0) 

67.7  

(65.8-69.5) 

241.4  

(237.9-244.8) 

389.9  

(385.3-394.4) 

Chronic kidney disease 2.3  

(2.1-2.4) 

10.5  

(10.1-10.9) 

34.1  

(33.3-34.9) 

17.8  

(16.8-18.8) 

82.2  

(80.0-84.4) 

236.4  

(232.2-240.5) 

Diabetes mellitus 7.1  

(6.8-7.4) 

25.8  

(25.2-26.4) 

57.0  

(56.0-58.1) 

18.3  

(17.2-19.3) 

64.8  

(62.7-66.8) 

121.4  

(118.2-124.5) 

Heart failure 0.4  

(0.4-0.5) 

2.6  

(2.4-2.7) 

7.2  

(6.8-7.6) 

9.9  

(9.2-10.6) 

49.3  

(47.5-51.0) 

102.3  

(99.4-105.1) 

Myocardial infarction 0.8  

(0.7-0.9) 

5.1  

(4.8-5.4) 

12.9  

(12.4-13.4) 

5.3  

(4.7-5.8) 

30.2  

(28.7-31.7) 

66.6  

(64.0-69.1) 
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Peripheral vascular 

disease 

0.4 (0.3-0.4) 1.9 (1.7-2.1) 5.6 (5.2-5.9) 3.8  

(3.3-4.2) 

19.7  

(18.6-20.9) 

42.5  

(40.6-44.5) 

Stroke/TIA 0.8 (0.7-0.9) 4.7 (4.4-4.9) 12.2 (11.8-12.7) 8.8  

(8.1-9.5) 

51.9  

(50.0-53.7) 

111.4  

(108.3-114.4) 

Valvular heart disease 0.4 (0.3-0.5) 1.6 (1.5-1.8) 4.0 (3.7-4.3) 2.5  

(2.2-2.9) 

13.0  

(12.1-13.9) 

29.8  

(28.2-31.5) 

All-cause mortality 

 

9.2 (8.8-9.6) 27.9 (27.2-28.6)  130.3  

(127.6-132.9) 

287.1  

(283.1-291.1) 

Abbreviations: TIA, transient ischaemic attack
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After adjustment for age, sex, ethnicity and presence of any other outcomes at 

baseline, higher predicted AF risk remained associated with excess risk for all-cause 

death and each condition (Figure 7, Table 4). The magnitude of independent 

associations was greater in older compared to younger individuals. It was highest for 

aortic stenosis, followed in descending order by peripheral vascular disease, valvular 

heart disease, myocardial infarction, chronic kidney disease, heart failure, stroke or 

transient ischaemic attack, diabetes mellitus, COPD and death. 

 

Figure 7 Adjusted hazard ratios for the ten outcomes, stratified by age  
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Abbreviations: COPD, chronic obstructive pulmonary disease; TIA, transient ischaemic 

attack 

N.B. Hazard ratios among individuals at higher predicted AF risk compared with 

individuals at lower predicted AF risk for the 10 outcomes when adjusted for age, sex, 

ethnicity and the presence of any of the other outcomes at baseline.  

 

 

5.7 Discussion 

In this population-based study, we found that individuals identified for risk-guided AF 

screening had a similar age and comorbidity profile to individuals who develop AF, and 

were at increased risk for a range of cardiovascular, renal, and metabolic diseases and 

death. Over a decade follow-up, more than a quarter of individuals at higher predicted 

AF risk received a new diagnosis of chronic kidney disease, with heart failure and 

diabetes mellitus diagnosed in more than one in 10. Although the higher predicted AF 

risk cohort only made up a fifth of the total population, it constituted 70% of new heart 

failure diagnoses and 65% of new aortic stenosis diagnoses. The risk of death from 

any cause was 10-fold greater for individuals at higher predicted AF risk, who 

accounted for two-thirds of deaths observed during follow-up, and three-quarters of the 

deaths attributed to cardiovascular or cerebrovascular disease. Adjusted analysis 

demonstrated that AF risk was associated with incident diseases and death beyond 

advanced age, which has been the predominant approach hitherto used in AF 

screening research and advocated in guidelines.70, 250  

 

Elevated AF risk portended incident diseases across the cardio-renal-metabolic axis, 

including when incident AF cases during follow up were excluded. Structural and 

electric remodelling of the atrium, which increase AF susceptibility, is contributed to by 

a continuum of unhealthy lifestyle, risk factors and comorbidities;20 and systemic 

inflammation, myocardial ischaemia and autonomic dysfunction are implicated in AF 

genesis.20 Age, smoking, obesity, inflammatory diseases and hypertension are shared 

risk factors between AF, vascular disease, aortic stenosis, heart failure, diabetes 

mellitus and chronic kidney disease.213-215 Aortic stenosis and heart failure share 

neurohormonal and proinflammatory pathways with AF which induce myocardial 

inflammation and fibrosis.20, 289 Thus, AF is not a disease process in isolation, but a 

manifestation of multi-system pathology - and AF risk may be considered a precursor 

stage for an AF ‘syndrome’ of clustered disease states.  
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Previous studies of AF risk have only investigated for occurrences of AF and stroke 

during follow-up, reflecting a narrower focus on stroke prevention through early AF 

detection and treatment.290 Increasingly it is recognised that the majority of individuals 

with AF are older and/or have a higher burden of concomitant diseases, 

cardiometabolic risk factors and unhealthy lifestyle behaviours.250 Accordingly, lifestyle 

interventions and management of specific cardiovascular risk factors/comorbidities are 

recommended in contemporary guidelines for patients with newly diagnosed AF.250 

People identified for risk-guided AF screening share the same characteristics as those 

with AF, so they may also benefit from equivalent interventions.  

 

Our findings suggest that a risk-guided approach to AF screening may present an 

opportunity to intervene beyond AF detection and prescription of oral anticoagulation 

for stroke prophylaxis. The UK National Health Service (NHS) Health Check aims to 

prevent stroke and cardiovascular disease at a cost £165 million per year,291 but 

includes a population comprising only 20% of all strokes and myocardial infarction.292 

By contrast, the higher predicted AF risk subpopulation experience the majority of 

incident heart failure and vascular events, as well as cardiovascular and 

cerebrovascular deaths. Based on our findings, risk-guided AF screening would be 

offered to a subpopulation of 339,000 people aged ≤65 years in the UK, and of this 

cohort 20% and 15% developed new chronic kidney disease and diabetes mellitus, 

respectively, over the next 10 years (Figure 3). The median time to event for these 

outcomes was in excess of three years, so it may be appropriate to offer this ‘targeted’ 

group comprehensive programmes designed to improve risk factor profiles,202 as well 

as early initiation of therapeutics such as sodium-glucose cotransporter 2 inhibitors to 

reduce the risk of disease progression and cardiovascular morbidity.293-295 Furthermore, 

older persons identified for AF screening were more than twice as likely to be 

diagnosed with aortic stenosis as their lower risk counterparts. Thus this cohort may 

benefit from targeted early diagnostics, which may not be effective and cost-effective in 

a purely age-guided AF screening cohort. Elevated natriuretic peptide levels may 

similarly uncover the presence of underlying multi-systemic or structural cardiac 

changes, and has been demonstrated to increase the yield of AF screening,251 but 

employing wide-scale natriuretic peptide testing would be resource-intensive. 

Biomarker testing may be more efficiently employed as part of a step-wise approach 

after risk assessment.  

 

Treatment for individuals at risk of heart failure has been demonstrated to improve 

outcomes,296 and accordingly collaborative care for individuals at risk of AF may reduce 

the subsequent incidence of AF and other adverse events. To prospectively determine 
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the burden of undiagnosed or under-treated cardiovascular, renal and metabolic 

conditions and risk factors in individuals identified for risk-guided AF screening, 

participants enrolled in the FIND-AF pilot implementation study (The BHF Bristol Myers 

Squibb Cardiovascular Catalyst Award – CC/22/250026) could undergo biomarker and 

imaging characterisation and cardiologist review, with long-term digital follow-up for the 

outcomes investigated here.  

 

There are some limitations to our study. First, the CPRD database is routinely-

collected, retrospective primary care data and underestimation of incidence of 

outcomes in this study is possible since there will have been individuals with 

unrecorded diagnoses. Second, incomplete clinical information is contained in available 

structured data from EHRs. In particular, echocardiographic reports were unavailable 

for left ventricular ejection fraction or valve disease severity. Consequently, we could 

not differentiate types of heart failure, though all are associated with increased risk of 

death and hospitalisation.273 We were also unable to evidence the proportion of aortic 

stenosis cases that were eligible for intervention. However, aortic stenosis is a 

progressive condition, so we considered an increased risk of clinical diagnosis as 

important.274 Third, it is possible that AF risk is associated with increased risk of 

diseases outside of those we investigated (for example, different cancers). Here we 

sought to assess association with diseases where there was an underlying 

pathophysiological rationale and available treatment options,250 rather than take a data-

driven approach. Fourth, our cohort was risk stratified at a single time point, in keeping 

with how AF screening would be implemented in practice, and we did not address 

changes in risk profile over time. Fifth, this study included a UK-based cohort and the 

association between predicted AF risk and incident diseases and death in other 

geographies may vary. Sixth, individuals for risk-guided AF screening were identified 

by the FIND-AF risk score, which is scalable in European community-based EHRs and 

has demonstrated better prediction performance for incident AF than other scalable risk 

scores.286 It seems likely that elevated AF risk calculated from other AF risk scores 

would be associated with incident cardio-renal-metabolic diseases and death but the 

magnitude of association may vary.  

 

5.8 Conclusions 

Individuals identified for risk-guided AF screening are also at higher risk of new 

diseases across the cardio-renal-metabolic spectrum and death. Participants in risk-

guided AF screening may benefit from targeted diagnostics and prevention strategies 

in excess of ECG monitoring for AF detection. 
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Chapter 6 Future Innovations in Novel Detection for Atrial 

Fibrillation (FIND-AF): Pilot study of an electronic health record 

machine learning algorithm-guided intervention to identify 

undiagnosed atrial fibrillation 

 

Ramesh Nadarajah, Ali Wahab, Catherine Reynolds, Keerthenan Raveendra, Deborah 

Askham, Richard Dawson, John Keene, Sagar Shanghavi, Gregory Y H Lip, David C 

Hogg, Campbell Cowan, Jianhua Wu, Chris P Gale 

 

6.1 Summary of the publication 

 This paper presents the protocol for a prospective clinical validation of the 

FIND-AF algorithm which was developed in Chapter 4. 

 This is an interventional, non-randomised, single-arm, open-label study where 

eligible participants will have their AF risk estimated using FIND-AF and 

classified as higher or lower risk based on the threshold from the original 

development and validation paper. All participants will undergo intermittent ECG 

monitoring for AF detection. The hypothesis is that detection of AF during ECG 

monitoring will be higher in the group at higher predicted AF risk, compared with 

the group at lower predicted AF risk.  

 The study is possible because of successful funding applications to the British 

Heart Foundation (grant reference CC/22/250026), Leeds Hospital Charity 

(grant reference A2002295), and Daiichi Sankyo (NHS Joint Working 

Partnership, JTW/22/0029). 

 Ethical approval for the study was granted by the North West – Greater 

Manchester South Research Ethics Committee, and the study was approved by 

the Health research Authority (IRAS project ID: 318197). 

 

6.2 Publication status 

 Published September 1 2023  

 Open Heart. 2023 Sep 1;10(2):e002447 

 

6.3 Abstract 

6.3.1 Introduction 
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Atrial fibrillation (AF) is associated with a five-fold increased risk of stroke. Oral 

anticoagulation reduces the risk of stroke, but AF is elusive. A machine learning 

algorithm (Future Innovations in Novel Detection of Atrial Fibrillation [FIND-AF]) 

developed to predict incident AF within six months using data in primary care electronic 

health records (EHRs) could be used to guide AF screening. The objectives of the 

FIND-AF Pilot study are to determine yields of AF during electrocardiogram (ECG) 

monitoring across AF risk estimates and establish rates of recruitment and protocol 

adherence in a remote AF screening pathway. 

 

6.3.2 Methods and analysis 

The FIND-AF Pilot is an interventional, non-randomised, single arm, open label study 

that will recruit 1955 participants aged 30 years or older, without a history of AF and 

eligible for oral anticoagulation, identified as higher risk and lower risk by the FIND-AF 

risk score from their primary care EHRs in a 1:1 ratio, to a period of remote ECG 

monitoring with a Zenicor-ECG device. The primary outcome is AF diagnosis during 

ECG monitoring, and secondary outcomes include recruitment rates, withdrawal rates, 

adherence to ECG monitoring, and prescription of oral anticoagulation to participants 

diagnosed with AF during ECG monitoring. 

 

6.3.3 Ethics and dissemination 

The study has ethical approval (the North West – Greater Manchester South Research 

Ethics Committee reference 23/NW/0180). Findings will be announced at relevant 

conferences and published in peer-reviewed journals in line with the Funder’s open 

access policy.  

 

6.3.4 Trial registration details 

The study has been registered at Clinical Trials.gov (NCT05898165). 

 

6.4 Introduction 

Atrial fibrillation (AF) is the most common sustained cardiac arrhythmia worldwide, and 

confers a five-fold increased risk of stroke.1 It is estimated that up to 35% of AF 

disease burden remains undiagnosed,67 and 15% of strokes occur in the context of 

undiagnosed AF.248 Early detection of AF may allow the initiation of oral anticoagulation 

to reduce the risk of AF-related stroke.35  
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Systematic population screening for AF guided by age with or without the presence of 

additional stroke risk factors with non-invasive electrocardiogram (ECG) devices has 

been shown to be feasible, increase detection rates for AF compared to routine care, 

and increase initiation of oral anticoagulation. However, yields of new AF diagnosed 

are low at between 2.6 and 5.3%.68, 70, 87, 88 Population screening of 75 and 76 year olds 

with an intermittent hand-held ECG recorder demonstrated a small net benefit in a 

composite outcome of ischaemic or haemorrhagic stroke, systemic embolism, bleeding 

leading to hospitalisation and all-cause death compared to routine care, but was limited 

by a yield of new of AF of only 3.0%, 70 which hampers clinical and cost-

effectiveness.297  

 

A targeted screening approach toward a reliably identified subpopulation at higher risk 

of AF may be more effective and cost-effective. Guiding AF screening by predicted AF 

risk based on artificial intelligence analysis of ECGs in sinus rhythm has been 

demonstrated to improve yield of new AF,298 but ECGs are not widely available in the 

community which limits the scalability of this approach in the general population. By 

contrast, a large proportion of the population - 98% in the United Kingdom (UK) - are 

registered in primary care with a routinely-collected electronic health record (EHR).202, 

252 Thus establishing AF risk from data in primary care EHRs may be a more 

appropriate approach to guide population AF screening.  

 

A previous randomised clinical trial (RCT) of intermittent non-invasive ECG monitoring 

compared to routine care for individuals identified as higher risk by a EHR-based risk 

prediction algorithm (PuLSE-AI) did not find a higher yield of AF detection from ECG 

monitoring.299 However that algorithm had a number of shortcomings – it could only be 

applied to a minority of the population (35%) due to the variables it required for 

prediction,52 and it predicted 10 year AF-risk,194 which may not be relevant to 

investigating for AF in the short term.  

 

The Future Innovations in Novel Detection of Atrial Fibrillation (FIND-AF) machine 

learning algorithm was developed and validated in routinely-collected EHRs from over 

two million UK patients for prediction of incident AF within the next six months. It 

demonstrates an area under the receiver operating characteristic (AUROC) curve of 

0.824 (95% CI 0.814-0.834), with robust prediction performance across both sexes and 

different ethnic groups.286 Notably, it was designed to be applicable to 100% of UK 

primary care EHRs.  
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FIND-AF was developed and validated in retrospective cohorts of patients where AF 

was diagnosed during routine care. The objectives of the FIND-AF pilot study are to 

determine yields of AF during non-invasive ECG monitoring across AF risk estimates 

and to establish recruitment and protocol adherence rates for a remote AF screening 

intervention. 

 

6.5 Methods and Analysis  

6.5.1 Study design 

This publication describes V1.0 of the FIND-AF Pilot study protocol, dated 9th May 

2023. The FIND-AF Pilot study is an interventional, non-randomised, single arm, open 

label study in UK primary care.  

 

6.5.2 Study population 

The study will enrol 1955 participants aged ≥30 years with a primary care EHR at 

General Practices in the NIHR Clinical Research Network Yorkshire and Humber 

region, who do not have known AF or atrial flutter and are eligible for oral 

anticoagulation.  

 

Individuals aged ≥30 years are included because this age group were included in the 

development of the FIND-AF algorithm.286 Eligibility for oral anticoagulation is 

determined as men with a CHA2DS2-VASc score ≥2 or women with a CHA2DS2-VASc 

score ≥3.250 We will exclude individuals receiving any form of anticoagulation and those 

on the palliative care register. Eligibility for oral anticoagulation is required because the 

aim of the intervention is to diagnose AF in those who would be considered for 

anticoagulation, thereby minimising the unnecessary care, cost, and anxiety for 

patients for whom a new diagnosis of AF would not change their management. The 

inclusion and exclusion criteria are summarised in Table 1. 

 

Table 1 Inclusion and exclusion criteria 

Inclusion criteria 

Age at enrolment ≥30 years 

Men with CHA2DS2-VASC ≥ 2 and women with a CHA2DS2-VASC ≥ 3 
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Exclusion criteria 

Known diagnosis of AF or atrial flutter 

Currently receiving anticoagulation 

On the palliative care register 

Unable to give written informed consent for participation in the study 

Unable to adhere to the study requirements 

Abbreviations: AF, atrial fibrillation; CHA2DS2-VASc, Congestive heart failure, 

Hypertension, Age >75 [2 points], Stroke/transient ischemic attack/thromboembolism [2 

points], Vascular disease, Age 65-74, Sex Category 

 

 

The eligible population will have their AF risk estimated using FIND-AF and classified 

as higher or lower risk based on the threshold from the original development and 

validation paper (Figure 1).286   
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Figure 1 Remote consent with eligibility based on information recorded in electronic 
health records 

 

Abbreviations: EHR, electronic health record; FIND-AF, Future Innovations in Novel 

detection of Atrial Fibrillation; GP, general practice 

 

 

The study will enrol participants with higher and lower predicted AF risk in a 1:1 ratio. 

Study invitations will be sent to a random sample of eligible participants in each risk 

category in batches until the target sample size is reached. As participants are enrolled 
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in the study, the number of invitations for each risk category will be adjusted in the 

subsequent batches (Figure 2).   

 

Figure 2 Batch enrolment, study intervention, and follow-up procedures 

 

Abbreviations: ECG, electrocardiogram; GP, general practice 

 

 

6.5.3 Enrolment method 

Eligible participants will be identified by the primary care team via an electronic search 

of General Practice data (Figure 1). The EHRs for potential participants will be checked 

to ensure they meet study inclusion and exclusion criteria. Eligibility will be confirmed 

by a medical practitioner who will ensure it is appropriate to contact the potential 

participant.  
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All invitations to targeted screening will occur on site by members of the primary care 

site team. The invitation process consists of a text message followed by an information 

pack in the post including a participant information sheet, consent form, data protection 

leaflet and freepost return envelope (Figure 1). Potential participants will be supplied 

with a telephone number and email address to contact the study team if they wish to 

discuss the study and ask any questions they might have prior to providing written 

consent. All participants will be required to provide written informed consent by 

returning a completed consent form to the coordinating centre.  

 

6.5.4 Intervention 

All participants will undergo non-invasive ECG monitoring (Figure 2). Participants will 

receive a handheld Zenicor-ECG recorder via the mail with which they will be asked to 

record their ECG four times daily (morning, noon, afternoon and evening), or whenever 

they have palpitations, for three weeks.251, 300 The Zenicor-ECG recorder is a single-

lead ECG recorder that is CE-marked as a diagnostic device for AF.301-303 ECG 

recordings from the Zenicor-ECG are not displayed on the recorder, but will be 

automatically and securely transmitted digitally via a 2G mobile network to a central 

secure Zenicor database.  

 

The Zenicor database has an algorithm that classifies and tags each ECG trace as ‘no 

tag’, ‘possible AF’ or ‘poor quality’. The algorithm has been tested in 80,149 ECGs and 

the negative predictive value for ECGs classified as normal is 99.9%.304 ECGs tagged 

as ‘possible AF’ will be reviewed by the research team on a weekly basis and a 

cardiologist will diagnose AF or any other important rhythm disturbances.  

 

Once ECG monitoring reports have been reviewed, a standardised results letter will be 

sent to the participant and the General Practitioner. Results letters will be sent for all 

participants, irrespective of whether AF is diagnosed or not. The management of AF 

will be at the discretion of the GP, allowing doctor and participant to discuss the 

management strategy, including anticoagulation, independently and in line with how 

new cases of AF diagnosed in the community are managed in routine clinical practice. 

A diagnosis of AF does not require immediate action, but if there is a finding meeting 

the criteria for an emergent event per current clinical practice standards according to 

the National Institute of Health and Care Excellence, participants and appropriate 

clinicians will be notified. Actions will be taken following the same procedures as the 

established clinical workflow. 
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6.5.5 Baseline characteristics 

Baseline participant characteristics will be drawn from their primary care EHRs (Table 

2). 

 

Table 2 Participant baseline characteristics 

Participant characteristics 

Age 

Sex 

Ethnicity 

Medical History 

Coronary artery disease 

Chronic kidney disease 

Heart Failure 

Hypertension 

Diabetes mellitus 

Stroke / transient ischaemic attack 

Valvular heart disease 

CHA2DS2-VASC score 

Medications 

Aspirin  

Angiotensin converting enzyme inhibitor or angiotensin receptor blocker 

Beta blocker 

Oral anticoagulant 

Statin 

Abbreviations: CHA2DS2-VASc, Congestive heart failure, Hypertension, Age >75 [2 

points], Stroke/transient ischemic attack/thromboembolism [2 points], Vascular 

disease, Age 65-74, Sex Category 
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6.5.6 Outcomes 

The primary outcome will be a new diagnosis of AF defined as at least one episode of 

completely irregular rhythm with no organised or regular atrial activity and a duration of 

30 seconds on one-lead ECG during the Zenicor monitoring period.251, 261 Enrolling 

participants at both higher and lower predicted risk of AF will provide data for the yield 

of AF across risk estimates, and allow the testing of the hypothesis that individuals 

identified at higher predicted AF risk are more likely to have AF diagnosed during ECG 

monitoring than individuals identified as lower predicted AF risk. Such a comparison 

will allow the assessment of whether predicted AF risk contributes to AF detection 

yield. 

 

Secondary outcomes include: 

 Number (%) of people who consent to participate compared to number of 

people who are invited. 

 Characteristics of those who consent to participate and do not consent to 

participate. 

 Number (%) of people who consent to participate but subsequently withdraw 

consent or decline ECG monitoring. 

 Characteristics of those who participate and those that withdraw. 

 Of those who conduct ECG monitoring, the number (%) of participants who 

record less than 50% of the stipulated amount of ECG recordings. 

 Of those who conduct ECG monitoring, the day of first detection of AF.  

 Number (%) of participants who are diagnosed with other arrhythmias during 

ECG monitoring in participants. 

 Number (%) of participants who are diagnosed with AF during ECG monitoring 

who then receive a prescription of oral anticoagulation within 6 months. 

 Number (%) of diagnoses of AF during routine practice outside of ECG 

monitoring (presence of an AF diagnostic code in their primary care EHR at 6 

months after enrolment). 

 

6.5.7 Sample size 

For 977 participants completing the study protocol in each of the higher and lower risk 

groups, assuming 1.5% of the participants in the lower risk group have newly 

diagnosed AF,67, 88 we will have 80% power to detect a significant difference if 6% of 

the higher risk group have newly diagnosed AF.298, 299  
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6.5.8 Statistical analysis 

We will calculate the incidence rate ratio of AF detection during ECG monitoring 

between higher predicted AF risk and lower predicted AF risk participants. We will 

calculate positive predictive value, negative predictive value, sensitivity, specificity and 

area under the receiver operating characteristic curve (AUROC) for FIND-AF. We will 

explore other thresholds and report corresponding performance measures, which will 

inform whether the FIND-AF threshold to classify higher and lower risk should be 

altered for optimal yield.  

 

6.5.9 Patient and public involvement 

The FIND-AF patient and public involvement (PPI) group co-designed the study and 

co-drafted the consent forms and participant information sheets. Importantly, they 

designed the multi-modal invitation (text followed by letter) to screening as they 

concluded that the usual invitation approach, a letter alone, may lead to poorer 

participation from people of minority ethnicities and lower socioeconomic 

classifications.70  The Arrhythmia Alliance will support dissemination activities. 

 

6.6 Limitations 

The FIND-AF Pilot is not a RCT. The Zenicor-ECG device is the only AF detection 

device that will be used in the study. Other studies have used a skin patch that can 

monitor the ECG rhythm continuously, for between 14 and 30 days.298, 305 As the 

Zenicor device records a 30-second ECG and is being used only four times a day, it is 

possible that some cases of AF that would be diagnosed using continuous monitoring 

will be missed when using an intermittent monitoring approach. However the Zenicor-

ECG was used for AF detection in the STROKESTOP RCT where treatment of screen-

detected AF was associated with a 4% reduction in combined endpoint of ischaemic or 

haemorrhagic stroke, systemic embolism, bleeding leading to hospitalisation, and all-

cause death.70 Accordingly, we are reassured that treatment of AF detected during this 

study is clinically appropriate, whereas the optimal threshold of AF duration to be 

treated in continuous monitoring screen-detected AF is still to be established.72 This 

pilot study is examining AF detection through targeted AF screening, but the effect of 

AF screening on clinical outcomes is subject to a conflicting evidence base,92, 306 with 

further RCTs ongoing.71 

 

6.7 Ethics and dissemination 
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The study will be performed in compliance with the articles of the Declaration of 

Helsinki (revised in October 2013). The study was approved by the North West – 

Greater Manchester South Research Ethics Committee, and the study was approved 

by the Health research Authority (IRAS project ID: 318197), and registered on Clinical 

Trials.gov (NCT05898165). Study results will be disseminated at relevant conferences 

and published in peer-reviewed journals. Authorship will be decided according to 

ICMJE guidelines as to qualifying contributions, and the primary results manuscript 

jointly drafted by the Co-Chief Investigators and the trial methodologists before 

circulating to remaining co-authors. 

  

6.8 Discussion 

Primary care EHRs provide a scalable approach to guide AF screening across a 

nation. Hitherto, AF screening interventions with non-invasive ECG devices have been 

hindered by low yields of newly detected AF. This pilot study will provide data for 

whether higher predicted AF risk identified by the FIND-AF machine learning algorithm 

using primary care EHRs is associated with higher yields of AF during ECG monitoring 

amongst a population eligible for oral anticoagulation.  
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Chapter 7 Risk calculator for incident atrial fibrillation across a 

range of prediction horizons 

 

Jianhua Wu, Ramesh Nadarajah, Yoko M Nakao, Kazuhiro Nakao, Ronen Arbel, Moti 

Haim, Doron Zahger, Gregory Y H Lip, Campbell Cowan, Chris P Gale 

 

*Jianhua Wu and Ramesh Nadarajah are joint first authors 

 

7.1 Summary of the publication 

 This analysis was performed using the methodology presented in Chapter 3 to 

develop and internally validate a parsimonious prediction model for incident AF 

using traditional regression and clinically-recognised risk factors for AF. 

 This study developed models for incident AF at different prediction horizons 

using the same variables, so that the models could be used to predict both 

short and long-term AF risk and guide AF screening or primary prevention.  

 This study showed that the association between known risk factors for AF and 

incident AF varies with different lengths of prediction horizon. 

 The study found that the simple risk score showed stronger prediction 

performance at all prediction horizons than the the C2HEST and CHA2DS2-

VASc scores, and had excellent calibration performance.  

 

7.2 Publication status 

 Submitted, under review with JAMA Network Open 

 

7.3 Abstract 

7.3.1 Importance 

The increasing burden of atrial fibrillation emphasizes the need to identify high-risk 

individuals for enrolment in clinical trials of AF screening and primary prevention. 

  

7.3.2 Objective 
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To develop prediction models to identify individuals at high-risk of AF across prediction 

horizons from 6-months to 10-years. 

 

7.3.3 Design 

Retrospective cohort study between Jan 2, 1998 and Nov 30, 2018.  

 

7.3.4 Setting 

Anonymized secondary care-linked primary care electronic health records from Clinical 

Practice Research Datalink from a subset of the UK population.  

 

7.3.5 Participants 

Individuals aged ≥30 years without known AF, randomly divided into derivation (80%) 

and validation (20%) datasets. 

 

7.3.6 Exposures 

Demographics and clinical factors. 

 

7.3.7 Main outcome and measures 

AF and/or atrial flutter. Models were derived using logistic regression from known AF 

risk factors for incident AF in prediction periods of 6 months, 1-year, 2-years, 5-years 

and 10-years. Performance was evaluated using internal bootstrap validation with 200 

samples, and compared against the CHA2DS2-VASc and C2HEST scores. 

 

7.3.8 Results 

Of 2 081 139 individuals in the cohort (1 664 911 in the training dataset, 416 228 in 

testing dataset), the mean age was 49.9 (SD 15.4), 50.7% were women, and 86.7% 

were white. New cases of AF were 7 386 (0.4%) within 6 months, 15 349 (0.7%) in 1 

year, 38 487 (1.8%) in 5 years, and 79 997 (3.8%) by 10 years. Valvular heart disease 

and heart failure were the strongest predictors, and association of hypertension with AF 

increased at longer prediction horizons. The optimal risk models incorporated age, sex, 

ethnicity and eight comorbidities. The models demonstrated good-to-excellent 
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discrimination and strong calibration across prediction horizons (AUROC, 95% CI, 

calibration slope: 6-months, 0.803, 0.789-0.821, 0.952; 1-year, 0.807, 0.794-0.819, 

0.962; 2-years, 0.815, 0.807-0.823, 0.973; 5-years, 0.807, 0.803-0.812, 1.000; 10-

years 0.780, 0.777-0.784, 1.010), and superior to the CHA2DS2-VASc and C2HEST 

scores. The models are available as a web-based FIND-AF calculator. 

 

7.3.9 Conclusions and relevance 

The FIND-AF models demonstrate high discrimination and calibration across short- and 

long-term prediction horizons in 2 million individuals. Their utility to inform trial 

enrolment and clinical decisions for AF screening and primary prevention requires 

further study. 

 

7.4 Introduction 

Atrial fibrillation (AF) is a global epidemic affecting more than 37 million people 

worldwide,9 and confers an increased risk of stroke, heart failure, cognitive decline and 

death.1 It is estimated that up to 35% of disease burden remains undiagnosed,67 and 

15% of strokes occur in the context of undiagnosed AF.248 Accordingly broader 

population-wide screening for AF has been the subject of randomised clinical trials 

(RCTs), but these are limited by low yields for newly detected AF.67, 68, 88 Moreover, the 

number of new cases of AF diagnosed each year has risen by 72% over the last two 

decades,307 which emphasises the need to consider primary prevention strategies.38 

However difficulties in identifying a group at sufficiently high risk impedes the conduct 

of primary prevention trials for AF.151  

 

Comprehensive risk assessment will more reliably identify individuals at-risk of AF 

compared with any single risk factor,183 but existing AF prediction models only predict 

either short- or long-term incident AF.183, 197, 286 How multiple risk factors interact to 

confer AF risk may vary over different prediction horizons, emphasising the need to 

derive independent models for prediction of short- and long-term incident AF to be able 

optimise the targeting of AF screening and primary prevention interventions.  

 

Thus, using a nationwide cohort we sought to i) quantify how the association of AF risk 

factors with incident AF varies at different prediction horizons; ii) develop models to 

estimate risk of incident AF in the general population at different prediction horizons 

utilising readily available data routinely recorded in primary care; iii) compare the new 
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prediction models against existing AF risk prediction models; and iv) develop a web-

based tool (Future Innovations in Novel Detection of Atrial Fibrillation [FIND-AF] 

calculator) to enable individual-level estimation of AF risk over multiple prediction 

horizons.  

 

7.5 Methods 

7.5.1 Study design and population 

We used primary care EHRs from the UK Clinical Practice Research Datalink (CPRD)-

GOLD dataset. CPRD is one of the largest databases of longitudinal medical records 

from primary care worldwide and contains anonymised patient data from approximately 

7% of the UK population,202 and has been used to develop prediction models for AF.286  

 

We included all adults registered at practices within CPRD who were ≥30 years of age 

at entry with no prior history of AF and at least one-year follow-up between January 2, 

1998 and November 30, 2018. Individuals were censored to a diagnosis of AF (or atrial 

flutter [AFl], since it has similar thromboembolic risk and anticoagulation guidelines),1 

withdrawal from CPRD, or the prediction horizon over which the model was developed 

for (6-months through to 10 years), whichever came first. Individuals were randomly 

split 4:1 to establish a derivation dataset (80%) and validation dataset (20%) using the 

Mersenne twister pseudorandom number generator.  

 

The sample size was calculated to be sufficient to develop prediction models (Chapter 

3, Section 3.6.5). We followed the Transparent Reporting of a Multivariable Prediction 

Model for Individual Prognosis or Diagnosis (TRIPOD) reporting guideline and the 

CODE-EHR best-practice framework for using structured electronic healthcare records 

in clinical research.276, 278  

 

7.5.2 Outcomes 

The primary outcome was a diagnosis of AF or AFl. All individuals in the CPRD dataset 

were linked to Hospital Episode Statistics (HES) Admitted Patient Care (APC) records 

to obtain comprehensive coverage of AF cases diagnosed in secondary care. 

Diagnoses of AF or AFl in primary care were identified using Read codes in CPRD and 

secondary care with the tenth revision of the International Statistical Classification of 

Diseases and Related Health Problems (ICD-10) codes in HES-APC (Chapter 4, Table 
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3). Diagnostic coding for AF in CPRD has been shown to be consistent and valid, with 

a positive predictive value of 98%.280 

 

7.5.3 Candidate predictors 

To prioritise scalability of the prediction models, we restricted candidate variables to 

age, sex, comorbidities and ethnicity. We did not include observations and laboratory 

results were not included (such as systolic blood pressure, body mass index, and lipid 

profile) as these are often missing in primary care medical records.252 Candidate 

predictor variables were selected a priori from known risk factors/associations as 

described in ESC guidelines: age, sex, heart failure, hypertension, diabetes mellitus, 

stroke/transient ischaemic attack (TIA)/systemic embolism, vascular disease (angina, 

myocardial infarction, peripheral arterial disease), chronic obstructive pulmonary 

disease (COPD), chronic kidney disease (CKD), valvular heart disease, rheumatoid 

arthritis, hyperthyroidism, and ethnicity.1 Variables with low prevalence (< 2.0%) were 

not included as predictors in our model (obstructive sleep apnoea). Dyslipidaemia is 

associated with AF through vascular diseases, so it was excluded from this model. 

Ethnicity was treated as a dichotomous variable because non-white individuals 

comprised only a small proportion of the population (individuals with unrecorded or 

unknown ethnicity were included in the non-white group).290 Diagnostic code lists only 

included the primary care coding system (Read codes), ensuring that only information 

readily available at point of care in a community setting could be incorporated within 

the models. Our entire analytical cohort had no missing data for any of the predictor 

variables and the models could be applied to all records.  

 

7.5.4 Risk score derivation 

Logistic regression models were fitted with a backward elimination approach to retain 

predictors of incident AF within distinct prediction horizons of 6 months, 1 year, 2 years, 

5 years and 10 years to optimise model fit as assessed by minimising the Akaike 

information criterion and Bayesian information criterion. Age (the only continuous 

variables) was modelled with restricted cubic splines with 4 knots.  
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7.5.5 Statistical analyses 

The baseline characteristics are summarised for the derivation and validation datasets. 

Continuous variables were reported as mean ± standard deviation (SD). Categorical 

variables were reported as frequencies with corresponding percentages.  

 

The best fitting models from the derivation set were applied to the validation set by 

using the parameter coefficients obtained from the derivation sample to derive a 

weighted score for each individual. Model performance was determined using the full 

holdout validation set with internal bootstrap validation with 200 samples. We 

compared the best fitting prediction models to the CHA2DS2-VASc and C2HEST scores 

over each prediction horizon. Both the CHA2DS2-VASc and C2HEST scores have been 

tested in general population cohorts for AF risk prediction,197 but the former was 

originally developed to predict stroke risk in individuals with AF, while the latter was 

developed as a simple clinical score for incident AF in a population without structural 

heart disease.197, 198 For each of the FIND-AF prediction models and the CHA2DS2-

VASc and C2HEST scores, dichotomous covariates were assumed to persist and 

therefore carried forward if present during or prior to the ascertainment period, and 

were assumed to be absent if they were not present at the beginning of follow-up. The 

presence of variables was defined based on the presence of Read codes. The 6-

month, 1 year, 2 year, 5 year and 10 year risk of AF based on the C2HEST and 

CHA2DS2-VASc scores was estimated by using the baseline hazard and mean 

covariate estimates from the validation sample. 

 

The area under the receiver operating characteristic curve (AUROC) was used to 

evaluate predictive ability (concordance index) with 95% confidence intervals (CIs) 

calculated using the DeLong method. AUROC values of <0.60, 0.60-0.70, 0.70-0.80, 

and >0.80 were defined a priori as inadequate, adequate, good and excellent based on 

prior publications.195 Calibration was assessed by plotting predicted AF risk against 

observed AF incidence and the calibration slope. We calculated the Brier score, a 

measure of both discrimination and calibration, by taking the mean squared difference 

between predicted probabilities and the observed outcome. To assess the clinical 

impact of utilising the risk scores we conducted a decision curve analysis. We also 

investigated the performance of each risk score within relevant subgroups defined by 

sex (men vs women) and ethnicity (White vs. Non-White ethnic minorities), and 

conducted a sensitivity analysis where individuals with unrecorded or unknown 

ethnicity were excluded. We used R version 4·1·0 for all analyses.  

 



208 
 

 

Other AF risk prediction models were not selected for comparison, as they were not 

considered to implementable at scale in the community (Table 1).
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Table 1 Prediction models for incident atrial fibrillation in the general population not selected for comparison in this study due to requirement for 
observations, examination findings or laboratory measurements, which may not be available at scale in the community 

Prediction model Study Variable frequently missing/unavailable in community records 

  Observations 
ECG/echocardiogram 

parameters 
Examination findings 

Laboratory 

measurements 

ARIC-AF Chamberlain 2011 Height, SBP LAE, LVH Significant murmur  

CHARGE-AF Alonso 2013 Height, weight, SBP, DBP    

FHS-AF Schnabel 2009 BMI, SBP PR interval Significant murmur  

HARMS2-AF Segan 2023 
BMI, alcohol consumption in 

units, smoking status 
  

 

Maccabi Health 

System 
Aronson 2018 BMI, SBP   

 

Mayo Linker 2018   Significant murmur  

PuLSE-AI Hill 2019 Height, weight, BMI, SBP, DBP    

PREVEND Rienstra 2016 
HR, BMI, height, weight, SBP, 

DBP  
PR interval  

eGFR, urine albumin 

secretion, serum lipids  

Seirei Hamada 2019 Waist circumference, DBP, HR  Significant murmur  

Suita Kokubo 2017 SBP, BMI  Significant murmur Serum lipids 
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Woman’s health 

study 
Everett 2013 Height, weight, SBP   

 

Abbreviations: AF, Atrial Fibrillation; AI, artificial intelligence; ARIC-AF, Atherosclerosis Risk In Communities score for Atrial Fibrillation; BMI, body 

mass index CHARGE-AF, Cohorts for Heart and Aging Research in Genomic Epidemiology; DBP, diastolic blood pressure; ECG, electrocardiogram; 

eGFR, estimated glomerular filtration rate; FHS-AF, Framingham Heart Study score for Atrial Fibrillation; HARMS2-AF, Hypertension, Age, Raised 

BMI, Male sex, Sleep apnoea, Smoking, Alcohol-AF score; HR, heart rate; LAE, left atrial enlargement; LVH, left ventricular hypertophy; MHS, 

Maccabi Healthcare Services; PREVEND, Prevention of Renal and Vascular End-stage Disease; SBP, systolic blood pressure
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7.5.6 Clinical applicability 

We developed a web-based FIND-AF calculator incorporating the prediction models for 

each prediction horizon (6-months, 1-year, 2-years, 5-years, 10 years) using RShiny. 

We also generated a FIND-AF risk score for 10-year AF risk by assigning points to 

each variable proportional to its regression coefficients rounded to the nearest integer. 

For age, a LOESS smoothing curve was fitted to incident AF against age to identify cut 

points of age that are associated with remarkable changes in the risk of incident AF.308 

These cut points divide age into several intervals, and a score was assigned to each 

interval. 

 

7.6 Results 

7.6.1 Patient population 

There were 2 081 139 individuals registered in our UK primary care cohort (1 664 911 

in the training dataset, 416 228 in testing dataset), with average age 49.9 (SD 15.4), 

50.7% women, and 86.7% white. Baseline characteristics and clinical outcomes were 

similar in the development and validation datasets (Chapter 4, Table 6). 7 386 (0.4%) 

developed AF within 6 months, 15 349 (0.7%) in 1 year, 38 487 (1.8%) in 5 years, and 

79 997 (3.8%) in 10 years. 

 

7.6.2 Model development 

The association of each candidate variable with incident AF in each prediction horizon 

are reported in Table 2. The strongest predictors in each prediction horizon were 

valvular heart disease and heart failure. The magnitude of association between 

predictors and AF decreased or remained the same as the prediction horizon 

lengthened, except for hypertension where the magnitude of the association increased 

(odds ratio: 6 months, 1.38, 95% CI 1.27-1.49; 10-years, 1.58, 95% CI 1.55-1.61). To 

ensure parsimonious final models, of the candidate predictors CKD and rheumatoid 

arthritis were excluded from the model owing to little association with incident AF in 

most of the prediction horizons. Accordingly, the final models included age, sex, 

ethnicity (white vs non-white), diabetes mellitus, heart failure, hypertension, 

stroke/TIA/systemic embolism, vascular disease, COPD, valvular heart disease and 

hyperthyroidism with varying coefficients across prediction horizons. 
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Table 2 Multivariate associations of candidate predictors with risk of incident atrial fibrillation in the derivation sample (n = 1 664 911) according to 
prediction horizon 

Prediction horizon 6-months 1-year 2-years 5-years 10-years 

Predictors Odds ratio (95% 

CI) 

Odds ratio (95% 

CI) 

Odds ratio (95% CI) Odds ratio (95% 

CI) 

Odds ratio (95% 

CI) 

Age per year 1.08 (1.08-1.09) 1.09 (1.08-1.09) 1.09 (1.09-1.09) 1.09 (1.08-1.09) 1.08 (1.08-1.08) 

Sex (woman vs man) 0.61 (0.56-0.65) 0.61 (0.58-0.65) 0.62 (0.60-0.65) 0.62 (0.61-0.64) 0.63 (0.62-0.64) 

Ethnicity (won-White vs White) 0.47 (0.42-0.53) 0.46 (0.42-0.50) 0.44 (0.41-0.46) 0.39 (0.37-0.40) 0.30 (0.29-0.31) 

Diabetes mellitus 1.31 (1.17-1.48) 1.31 (1.20-1.42) 1.32 (1.24-1.40) 1.30 (1.25-1.35) 1.20 (1.17-1.24) 

Heart failure 2.37 (2.08-2.70) 2.13 (1.93-2.35) 2.27 (2.11-2.44) 2.14 (2.03-2.26) 1.82 (1.74-1.91) 

Hypertension 1.38 (1.27-1.49) 1.45 (1.37-1.54) 1.46 (1.40-1.52) 1.54 (1.50-1.58) 1.58 (1.55-1.61) 

Stroke / TIA / systemic embolism 1.49 (1.34-1.67) 1.43 (1.31-1.55) 1.40 (1.32-1.49) 1.29 (1.23-1.34) 1.12 (1.08-1.15) 

Vascular disease (angina, myocardial 

infarction, peripheral arterial disease) 1.39 (1.26-1.53) 1.48 (1.38-1.59) 1.45 (1.38-1.53) 1.51 (1.46-1.56) 1.54 (1.50-1.58) 

Chronic obstructive pulmonary disease  1.25 (1.07-1.46) 1.39 (1.25-1.56) 1.47 (1.36-1.59) 1.50 (1.43-1.58) 1.36 (1.30-1.42) 

Valvular heart disease 3.62 (3.09-4.24) 3.23 (2.85-3.66) 3.23 (2.94-3.54) 3.24 (3.02-3.48) 3.19 (3.01-3.39) 

Chronic kidney disease 0.82 (0.69-0.97) 1.02 (0.91-1.14) 1.04 (0.96-1.13) 0.94 (0.89-1.00) 0.76 (0.72-0.79) 

Rheumatoid arthritis 1.07 (0.89-1.28) 1.16 (1.02-1.31) 1.10 (1.00-1.20) 1.10 (1.04-1.17) 1.12 (1.07-1.17) 

Hyperthyroidism 1.64 (1.28-2.10) 1.67 (1.39-2.00) 1.60 (1.40-1.83) 1.45 (1.32-1.59) 1.34 (1.25-1.44) 

Abbreviations: TIA, transient ischaemic attack 
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7.6.3 Model validation 

The FIND-AF prediction models had good-to-excellent discrimination in the internal 

validation cohorts across each prediction horizon (Table 3, Figure 1-4), with the highest 

performance at 2 years (AUROC 0.815, 95% CI 0.807-0.823) and the lowest 

performance at 10 years (AUROC 0.780, 95% CI 0.777-0.784).   

 

Figure 1 Receiver operating characteristic curves for FIND-AF multivariable logistic 
regression model, CHA2DS2-VASc, and C2HEST risk scores for prediction of incident 
AF in a 6-month prediction horizon 

 

Abbreviations: AF, atrial fibrillation; AUROC, area under the receiver operating 

characteristic curve; CHA2DS2-VASc, Congestive heart failure, Hypertension, Age >75 

[2 points], Stroke/transient ischemic attack/thromboembolism [2 points], Vascular 

disease, Age 65-74, Sex Category; C2HEST, Coronary artery disease / Chronic 

obstructive pulmonary disease [1 point each], Hypertension, Elderly (Age ≥75, 2 

points), Systolic heart failure, Thyroid disease (hyperthyroidism); CI, confidence 

interval. MLR, multivariable logistic regression 
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Figure 2 Receiver operating characteristic curves for FIND-AF, CHA2DS2-VASc, and 
C2HEST risk scores for prediction of incident AF in a 2-year prediction horizon 

 

Abbreviations: AF, atrial fibrillation; AUROC, area under the receiver operating 

characteristic curve; CHA2DS2-VASc, Congestive heart failure, Hypertension, Age >75 

[2 points], Stroke/transient ischemic attack/thromboembolism [2 points], Vascular 

disease, Age 65-74, Sex Category; C2HEST, Coronary artery disease / Chronic 

obstructive pulmonary disease [1 point each], Hypertension, Elderly (Age ≥75, 2 

points), Systolic heart failure, Thyroid disease (hyperthyroidism); CI, confidence 

interval. MLR, multivariable logistic regression 
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Figure 3 Receiver operating characteristic curves for FIND-AF, CHA2DS2-VASc, and 
C2HEST risk scores for prediction of incident AF in a 5-year prediction horizon 

 

Abbreviations: AF, atrial fibrillation; AUROC, area under the receiver operating 

characteristic curve; CHA2DS2-VASc, Congestive heart failure, Hypertension, Age >75 

[2 points], Stroke/transient ischemic attack/thromboembolism [2 points], Vascular 

disease, Age 65-74, Sex Category; C2HEST, Coronary artery disease / Chronic 

obstructive pulmonary disease [1 point each], Hypertension, Elderly (Age ≥75, 2 

points), Systolic heart failure, Thyroid disease (hyperthyroidism); CI, confidence 

interval. MLR, multivariable logistic regression 
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Figure 4 Receiver operating characteristic curves for FIND-AF, CHA2DS2-VASc, and 
C2HEST risk scores for prediction of incident AF in a 10-year prediction horizon  

 

Abbreviations: AF, atrial fibrillation; AUROC, area under the receiver operating 

characteristic curve; CHA2DS2-VASc, Congestive heart failure, Hypertension, Age >75 

[2 points], Stroke/transient ischemic attack/thromboembolism [2 points], Vascular 

disease, Age 65-74, Sex Category; C2HEST, Coronary artery disease / Chronic 

obstructive pulmonary disease [1 point each], Hypertension, Elderly (Age ≥75, 2 

points), Systolic heart failure, Thyroid disease (hyperthyroidism); CI, confidence 

interval. MLR, multivariable logistic regression 
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Table 3 Prediction performance of the FIND-AF, CHA2DS2-VASc, and C2HEST risk scores for 6-months, 1-year, 2-years, 5-years, and 10-years 
incident AF  

Prediction horizon 6-months 1-year 2-years 5-years 10-years 

FIND-AF 

AUROC (95% CI) 0.803 (0.789 - 0.821) 0.807 (0.794 - 0.819) 0.815 (0.807 - 0.823) 0.807 (0.803 - 0.812) 0.780 (0.777 - 0.784) 

Calibration slope* (95% CI) 0.952 (0.899 - 1.017) 0.962 (0.910 - 1.014) 0.973 (0.938 - 1.003) 1.000 (0.976 - 1.021) 1.010 (0.992 - 1.027) 

Brier score 0.004 (0.003 - 0.004) 0.007 (0.007 - 0.007) 0.014 (0.014 - 0.015) 0.033 (0.032 - 0.034) 0.065 (0.064 - 0.066) 

CHA2DS2-VASc 

AUROC (95% CI) 0.781 (0.758 - 0.802) 0.782 (0.769 - 0.794) 0.790 (0.781 - 0.800) 0.781 (0.776 - 0.789) 0.749 (0.745 - 0.754) 

Calibration slope* (95% CI) 0.875 (0.804 - 0.941) 0.860 (0.819 - 0.901) 0.882 (0.849 - 0.916) 0.898 (0.879 - 0.922) 0.885 (0.869 - 0.900) 

Brier score 0.002 (0.002 - 0.002) 0.004 (0.004 - 0.005) 0.009 (0.009 - 0.009) 0.021 (0.021 - 0.022) 0.043 (0.042 - 0.044) 

C2HEST 

AUROC (95% CI) 0.757 (0.739 - 0.775) 0.753 (0.737 - 0.767) 0.765 (0.755 - 0.775) 0.749 (0.743 - 0.756) 0.710 (0.706 - 0.715) 

Calibration slope* (95% CI) 0.760 (0.703 - 0.823) 0.742 (0.694 - 0.789) 0.765 (0.733 - 0.795) 0.756 (0.735 - 0.778) 0.712 (0.696 - 0.727) 

Brier score 0.003 (0.003 - 0.004) 0.007 (0.006 - 0.007) 0.013 (0.013 - 0.014) 0.031 (0.03 - 0.032) 0.062 (0.061 - 0.063) 

Abbreviations: AUROC, area under receiver operating characteristic; CHA2DS2-VASc, Congestive heart failure, Hypertension, Age >75 [2 points], 

Stroke/transient ischemic attack/thromboembolism [2 points], Vascular disease, Age 65-74, Sex Category; C2HEST, Coronary artery disease / 
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Chronic obstructive pulmonary disease [1 point each], Hypertension, Elderly (Age ≥75, 2 points), Systolic heart failure, Thyroid disease 

(hyperthyroidism); CI, confidence interval; FIND-AF, Future Innovations in Novel detection of Atrial Fibrillation 

N.B. *calibration slope was derived from linear regression models by forcing the intercept through origin (0,0).  
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The FIND-AF prediction models were well calibrated across prediction horizons 

(calibration slope ranging from 0.952 to 1.010 across time horizons; Table 3, Figure 5-

6). 

 

Figure 5 Prediction horizon-specific calibration plots in validation sample for the FIND-
AF prediction models. A) 6-months, B) 2-years, C) 5-years, D) 10-years 

 

 

Abbreviations: AF, atrial fibrillation; FIND-AF, Future Innovations in Novel detection of 

Atrial Fibrillation
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Figure 6 Prediction horizon-specific calibration plots in the validation sample of the FIND-AF prediction models, demonstrating observed (red) and 
predicted (blue) mean risk of atrial fibrillation, stratified by predicted risk. A) 6-months, B) 2-years, C) 5-years, D) 10-years 

 

Abbreviations: AF, atrial fibrillation; FIND-AF, Future Innovations in Novel detection of Atrial Fibrillation
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Performance was better in men than women and non-White individuals compared with 

White individuals across prediction horizons (Figure 7).  
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Figure 7 Prediction performance of FIND-AF, CHA2DS2-VASc, and C2HEST prediction models across prediction horizons and clinical subgroups 
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Abbreviations: AUROC, area under receiver operating characteristic; CHA2DS2-VASc, Congestive heart failure, Hypertension, Age >75 [2 points], 
Stroke/transient ischemic attack/thromboembolism [2 points], Vascular disease, Age 65-74, Sex Category; C2HEST, Coronary artery disease / 
Chronic obstructive pulmonary disease [1 point each], Hypertension, Elderly (Age ≥75, 2 points), Systolic heart failure, Thyroid disease 
(hyperthyroidism); FIND-AF, Future Innovations in Novel detection of Atrial Fibrillation 
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In a decision curve analysis there was net benefit from utilisation of the prediction 

models across all threshold probabilities (Figure 8). 

 

Figure 8 Decision curve analysis for the FIND-AF, CHA2DS2-VASc, and C2HEST risk 
scores 

 

Abbreviations: CHA2DS2-VASc, Congestive heart failure, Hypertension, Age >75 [2 

points], Stroke/transient ischemic attack/thromboembolism [2 points], Vascular disease, 

Age 65-74, Sex Category; C2HEST, Coronary artery disease / Chronic obstructive 

pulmonary disease [1 point each], Hypertension, Elderly (Age ≥75, 2 points), Systolic 

heart failure, Thyroid disease (hyperthyroidism); FIND-AF, Future Innovations in Novel 

detection of Atrial Fibrillation  

 

 

Individuals in the highest group of predicted risk were significantly higher risk compared 

with other strata; at 5- and 10-years, 14.2% and 23.7% of these individuals had 

received a diagnosis of AF in routine practice (Figure 6). Varying risk factor profiles 

altered estimated absolute risk of AF. For example, estimated 6-month AF risk is 2.0% 

for both a 59-year-old White man with a high comorbidity burden (hypertension, 

ischaemic heart disease, valvular heart disease, and hyperthyroidism) and an 88-year-
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old White man with hypertension. Furthermore, both an 83-year-old non-White woman 

with diabetes mellitus, COPD and valvular heart disease and a 69-year-old White man 

with heart failure have a 20.0% 10-year AF risk (Figure 9).  

 

Figure 9 Example of predicted 6-month and 10-year atrial fibrillation risk estimates in a 
69-year old White man and an 83-year old non-White woman with different comorbidity 
profiles using the FIND-AF calculator. 

 

Abbreviations: AF, atrial fibrillation, COPD, chronic obstructive pulmonary disease; TIA, 

transient ischaemic attack; FIND-AF, Future Innovations in Novel detection of Atrial 

Fibrillation 

 

 

7.6.4 Comparison with CHA2DS2-VASc and C2HEST scores for risk 

of incident AF 

The CHA2DS2-VASc and C2HEST scores showed good discrimination performance 

across all prediction horizons (AUROC ≥0.70), but were inferior in their performance to 

the FIND-AF prediction models (Table 3, Figure 1-4). Calibration was poorer for both 

the CHA2DS2-VASc and C2HEST scores than the FIND-AF prediction models (Table 

3). Both showed too much variation in predicted risk with underestimation of risk in the 

mid-range of predicted values, but over-estimation of risk at the highest range of 

predicted risk (Figure 10-13).  
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Figure 10 Prediction horizon-specific calibration plots in the validation sample of the 
CHA2DS2-VASc risk score. A) 6-months, B) 2-years, C) 5-years, D) 10-years 

 

Abbreviations: AF, atrial fibrillation; CHA2DS2-VASc, Congestive heart failure, 

Hypertension, Age >75 [2 points], Stroke/transient ischemic attack/thromboembolism [2 

points], Vascular disease, Age 65-74, Sex Category  
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Figure 11 Prediction horizon-specific calibration plots in the validation sample of the CHA2DS2-VASc risk score, demonstrating observed (red) and 
predicted (blue) mean risk of AF, stratified by predicted risk. A) 6-months, B) 2-years, C) 5-years, D) 10-years 

 

Abbreviations: AF, atrial fibrillation; CHA2DS2-VASc, Congestive heart failure, Hypertension, Age >75 [2 points], Stroke/transient ischemic 

attack/thromboembolism [2 points], Vascular disease, Age 65-74, Sex Category 
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Figure 12 Prediction horizon-specific calibration plots in the validation sample of the 
C2HEST risk score. A) 6-months, B) 2-years, C) 5-years, D) 10-years 

 

Abbreviations: AF, atrial fibrillation; C2HEST, Coronary artery disease / Chronic 

obstructive pulmonary disease [1 point each], Hypertension, Elderly (Age ≥75, 2 

points), Systolic heart failure, Thyroid disease (hyperthyroidism)  
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Figure 13 Prediction horizon-specific calibration plots in the validation sample of the C2HEST risk score, demonstrating observed (red) and predicted 
(blue) mean risk of AF, stratified by predicted risk. A) 6-months, B) 2-years, C) 5-years, D) 10-years 

 

Abbreviations: AF, atrial fibrillation; C2HEST, Coronary artery disease / Chronic obstructive pulmonary disease [1 point each], Hypertension, Elderly 

(Age ≥75, 2 points), Systolic heart failure, Thyroid disease (hyperthyroidism); CI, confidence interval.
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Both the CHA2DS2-VASc and C2HEST scores showed better performance in men than 

women, and non-White individuals compared with White individuals across all 

prediction horizons (Figure 7). Across all prediction horizons, in both sexes and in 

White and non-White individuals, the FIND-AF prediction models had better 

discrimination performance for incident AF than the CHA2DS2-VASc and C2HEST 

scores (Figure 7). The results were not altered when excluding individuals where 

ethnicity was unrecorded or unknown (Figure 14). 
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Figure 14 Prediction performance of FIND-AF prediction models, CHA2DS2-VASc, and C2HEST risk scores across prediction horizons and clinical 
subgroups when individuals with unrecorded or unknown ethnicity are excluded 
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Abbreviations: AUROC, area under receiver operating characteristic; CHA2DS2-VASc, Congestive heart failure, Hypertension, Age >75 [2 points], 
Stroke/transient ischemic attack/thromboembolism [2 points], Vascular disease, Age 65-74, Sex Category; C2HEST, Coronary artery disease / 
Chronic obstructive pulmonary disease [1 point each], Hypertension, Elderly (Age ≥75, 2 points), Systolic heart failure, Thyroid disease 
(hyperthyroidism); FIND-AF, Future Innovations in Novel detection of Atrial Fibrillation
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7.6.5 Clinical application 

7.6.5.1 Web-based tool 

To facilitate clinical application of the FIND-AF prediction models, a web-based FIND-

AF calculator was developed to provide an estimated risk of AF for adults aged 30 

years and older over 6-months, 1-year, 2-years, 5-years and 10-years depending on 

the user’s requirements (https://minimization.shinyapps.io/FIND-AF-MLR/).  

 

7.6.5.2 Risk score 

We also developed a FIND-AF risk score to enable calculation of 10-year AF risk 

(Table 4). The total risk score ranged from a minimum value of 0 (lowest risk) to a 

maximum value of 14 (highest risk). Patients may be categorised into 3 risk groups 

based on their risk score (0-3: low, 4-6: high, 7-14: very high).  

 

Table 4 Points assigned to atrial fibrillation risk factors in the FIND-AF 10-year atrial 
fibrillation risk score 

Variable Score 

Demographics 

Age (years)  

<50  0 

50-59 1 

60-69 2 

70-75 3 

>75 4 

Woman 1 

White ethnicity 1 

Comorbidities 

Heart failure 2 

Hypertension 1 

Diabetes 1 

Stroke/TIA/systemic embolism 2 
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Valvular heart disease 2 

Vascular disease 1 

Hyperthyroidism 1 

Abbreviations: AF, atrial fibrillation; FIND-AF, Future Innovations in Novel detection of 

Atrial Fibrillation; TIA, transient ischaemic attack 

N.B. * All the risk factors included in the risk score were included in the scoring system 

other than COPD, which had the weakest association with incident AF across the 

prediction horizons 

 

 

The very high risk cohort constituted 3.1% of the validation set (13 111/416 228) and 

within 10 years 24.4% (3204/13111; Table 5) had received a diagnosis of AF during 

routine care.  

 

Table 5 Occurrence of atrial fibrillation at 10 years by FIND-AF 10-year AF risk score 
and categorisation 

FIND-AF risk 

category 

FIND-AF risk score % of population % who were 

diagnosed with AF 

at 10 years 

Low 0 8.71% 

(36259/416228) 

0.05%  

(17/36259) 

Low 1 33.04% 

(137527/416228) 

0.25% 

(337/137527) 

Low 2 24.62% 

(102467/416228) 

1.15% 

(1179/102467) 

Low 3 12.14% 

(50548/416228) 

3.88% (1962/50548) 

High 4 8.43% 

(35089/416228) 

8.15% 

(2860/35089) 

High 5 6.13% 

(25510/416228) 

13.80% 

(3520/25510) 
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High 6 3.78% 

(15717/416228) 

18.70% 

(2939/15717) 

Very high 7 1.70% 

(7079/416228) 

22.52% 

(1594/7079) 

Very high 8 0.86% 

(3582/416228) 

24.34%  

(872/3582) 

Very high 9 0.37% 

(1553/416228) 

29.62%  

(460/1553) 

Very high 10-14 0.22% 

(897/416228) 

30.99%  

(278/897) 

Abbreviations: AF, atrial fibrillation; FIND-AF, Future Innovations in Novel detection of 

Atrial Fibrillation; TIA, transient ischaemic attack 

 

  

7.7 Discussion 

In this study we developed and internally validated parsimonious prediction models for 

incident AF (FIND-AF) at varying prediction horizons using clinically recognised risk 

factors in a cohort of over 2 million community-dwelling individuals. We demonstrate 

that the magnitude of association between risk factors and incident AF change over 

different prediction horizons, and so deriving risk scores with different coefficients for 

each prediction horizon is required to optimise prediction. The FIND-AF prediction 

models provide estimates of AF risk from 6-months to 10-years, only include age, sex, 

ethnicity, and eight comorbidities, and are available through a web tool (FIND-AF 

calculator). As such, the FIND-AF calculator could be used to identify potential 

participants for trial recruitment and inform clinical decisions for both screening and 

primary prevention for AF. 

 

To our knowledge, this is the first analysis to demonstrate that the association of known 

risk factors with incident AF varies at different prediction horizons. In contrast to 

geographically distinct prospective cohorts, such as the Framingham Heart Study or 

Atherosclerosis Risk in the Community,244, 309 the size of this nationwide sample 

provided a large enough sample of AF cases at both short- and long-term prediction 

horizons to derive meaningful estimates of association. Valvular heart disease and 

heart failure were the strongest predictors for AF, concordant with previous literature.118 
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However, the association between most comorbidities and incident AF weakened as 

the prediction horizon lengthened, potentially signalling the increasing importance of 

other factors at longer prediction horizons. In contrast to other comorbidities, the 

association between hypertension and AF increased at longer compared with shorter 

prediction horizons. This may be because the underlying pathophysiological 

relationship between hypertension and AF is that of progressive haemodynamic and 

structural changes related to left ventricular hypertrophy, LA remodelling accompanied 

by profibrotic changes, and renin-angiotensin-aldosterone system (RAAS) 

upregulation,310 whereas with valvular heart disease and heart failure the AF substrate 

is already developed.289, 311 By incorporating the variation in association between risk 

factors and incident AF over different prediction horizons through horizon-specific 

coefficients we were able to achieve only a 3% deterioration in prediction performance 

using the same variables at both 6-months and 10-years, whereas the performance of 

previous AF prediction models has been demonstrated to deteriorate by up to 12% 

between short- and long-term prediction.266 

 

The predictive performance of the FIND-AF prediction models was statistically superior 

to the CHA2DS2-VASc score and C2HEST scores for incident AF across different 

prediction horizons in this European population-based cohort. For the CHA2DS2-VASc 

score female compared to male sex gives a higher score but is associated with a lower 

risk of AF,20 and the score does not include valvular heart disease, which was found to 

be the most important variable for incident AF risk in this cohort. The performance of 

the C2HEST score here was similar to that described in its original study (AUROC 

0.749)199 and in a nationwide cohort of French hospital-based post-ischaemic stroke 

patients (0.734).312 As it dichotomises age, and does not incorporate ethnicity and 

valvular heart disease, the ceiling of its performance may be limited. Several other risk 

scores have good discrimination for incident AF in large general population cohorts 

(CHARGE-AF, FHS-AF, ARIC-AF, HARMS2-AF)205, 244, 309, 313 but they require many 

instrumental, examination, and laboratory variables that might not be easily accessed 

in the community (Table 1).183, 286 Accordingly, the FIND-AF prediction models 

represent an advance on previous tools to predict incident AF in being accurate, 

parsimonious, implementable at scale, and optimised for different prediction horizons. 

Importantly, the web-based calculator affords risk estimation to health care providers, 

trialists, and the general community, at a range of prediction horizons to suit their 

requirement. 

 

AF screening at scale with non-invasive devices is feasible and acceptable to patients, 

but defining the eligible population by age- or stroke-risk has resulted in low yields for 
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newly detected AF (3.0-5.3%),67, 68, 87, 88 which limits both the clinical- and cost-

effectiveness of AF screening. The evidence base for primary prevention of AF 

predominantly relies on observational data and post-hoc analyses of clinical trial data 

where AF was not pre-specified as a primary or secondary endpoint, and occurrence 

was not systematically collected.151 The FIND-AF models could be useful to identify 

reliably high-risk individuals for clinical trials of AF screening and primary prevention. 

For example, almost one in four of the ‘very high’ risk cohort received an AF diagnosis 

within 10 years in routine practice and this would likely be far higher with systematic 

endpoint collection. If trials were positive, the FIND-AF models could easily be 

automated at scale within medical records to guide population-level prevention and 

screening.  

 

There are some limitations to our study. First, the CPRD database is routinely 

collected, retrospective primary care data. Underestimation of AF incidence is possible 

since there will have been individuals with unrecorded asymptomatic AF. Second, we 

did not have complete information on subtype of AF (e.g. paroxysmal, persistent or 

permanent), precluding interrogation of performance by subtype. However, the clinical 

utility of such a temporal pattern classification remains inconclusive.314 Third, important 

predictor variables may have been ‘missing by design’; nonetheless, we aimed to 

develop prediction models that used data routinely available in the community.252 

Fourth, the generalisability of the performance of the FIND-AF prediction models in 

other geographies remains uncertain, but evaluation is underway in the Israeli Clalit 

Health Services. 

 

7.8 Conclusions 

Using data from over 2 million people, we developed and validated prediction models 

to accurately estimate absolute risk of incident AF over a range of prediction horizons. 

These models are available as a web-based FIND-AF calculator and may serve to 

identify individuals for AF screening, primary prevention, and clinical trial enrolment.  
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Part III 

Chapter 8 Discussion 

In this Chapter, I will present the accomplishments of my PhD studies and critically 

discuss the weaknesses of the methodology used. Then I will discuss the challenges 

for translating the outputs of this PhD to clinical practice, and suggest future directions 

of research. 

 

8.1 Accomplishments of the PhD studies 

The thesis presents my research where I i) conducted a systematic review of prediction 

models for incident AF that have been developed and/or validated in community-based 

EHRs and performed quantitative synthesis of their performance metrics, ii) developed 

prediction models for incident AF that require only variables that are routinely collected 

in UK primary care EHRs, ii) quantified the association between risk of AF and the 

occurrence of non-AF outcomes, and iii) designed a pilot study to prospectively 

clinically validate the random forest (RF)-derived prediction model (FIND-AF).  

 

My systematic review and meta-analysis demonstrated key shortcomings in prediction 

models for incident AF developed and/or validated in community-based EHRs. First, 

summary discrimination performance was only moderate. Most of the models had been 

developed using traditional regression techniques, but my analysis demonstrated that 

supervised ML techniques may offer incremental improvement in prediction 

performance. Second, prediction horizons were generally 5- or 10-years, which is less 

relevant when one is considering organising investigation for AF at the time of risk 

prediction. Third, the majority of models relied on the availability of laboratory 

investigations or observations to provide prediction, but this information has been 

shown to be missing in the majority of routinely-collected EHRs in the community.52, 196 

For this publication I conceived the idea, formulated the literature search, screened 

articles, extracted data, conducted statistical analysis, and then drafted and revised the 

manuscript. Professor Gale contributed to conception and Professor Wu supervised the 

statistical analysis. Dr Alsaeed screened articles and extracted data. Dr Hurdus, and Dr 

Aktaa screened articles. All co-authors reviewed the manuscript. 
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To address these shortcomings, for the development of FIND-AF, I prioritised clinical 

relevance, improved prediction, and applicability to existing healthcare EHR platforms 

in the UK NHS. I chose a prediction horizon of 6-months because this timescale is in 

keeping with the logistics of organising investigation as part of a screening programme, 

and may reflect individuals who have AF at the point of risk stratification but have yet to 

be diagnosed in routine care. I considered that supervised ML may offer improved 

prediction performance. Of ML methods, I chose a RF technique because it was the 

most frequently used technique and demonstrated robust performance across different 

EHR datasets in the systematic review, and because it is possible to show the 

importance of variables used in predictions.315 I chose to limit candidate variables to 

age, sex, comorbidities and ethnicity (incorporating an ‘ethnicity unrecorded’ variable 

because a missing record of ethnicity is informative).268 On analysis, FIND-AF 

demonstrated excellent prediction performance for incident AF in a large UK cohort, 

representative of the whole population in terms of age, sex, and ethnicity,202 and the 

accuracy of predictions was robust across both sexes and in different ethnic groups. 

The accuracy of predictions was superior to previous models used for prediction of 

incident AF within community-based EHRs, and a model developed with traditional 

regression techniques in this cohort of individuals in the UK. Importantly decision curve 

analysis suggested use of the model would result in net clinical benefit across the 

threshold of probabilities. For this publication I conceived the idea, curated the 

codelists for variables and outcomes, designed the machine learning method and 

contributed to statistical analysis, and then drafted and revised the manuscript. 

Professor Gale contributed to conception of the idea and Professor Wu contributed to 

statistical analysis. All co-authors reviewed the manuscript. 

 

I, alongside my supervisors Professor Gale and Professor Wu, applied and received 

funding (Bristol Myers Squibb British Heart Foundation Cardiovascular Catalyst Award 

- CC/22/250026) to conduct a prospective clinical validation of FIND-AF. I have 

formulated the protocol for the pilot, interventional, non-randomised, single arm, open 

label study. I chose this study design to test the hypothesis that the yield of AF 

diagnosis during ECG monitoring increases as predicted AF risk increases. By 

recruiting participants across a range of risk estimates I may be able to identify the 

threshold at which yield of new AF may be adequate to justify targeted screening. 

Furthermore, influenced by the design of RCTs of systematic AF screening such as 

SAFER and AMALFI, I have designed the study such that participants can participate 

remotely.305, 316 Through enabling participants to consent to participate and undergo 

ECG monitoring without having to travel, I aim to increase the rates of participation and 

representativeness to the general population. I have received ethical approval for the 

study and it will begin enrolling participants in September 2023. For this publication I 
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conceived the idea, designed the study, completed the ethics submission, and then 

drafted and revised the manuscript. Professor Gale contributed to conception, and 

Professor Wu contributed to sample size calculations. All co-authors reviewed the 

manuscript. 

 

I was also interested to understand how risk of AF, as identified by a ML algorithm, was 

associated with risk of other diseases and death. I chose to examine outcomes that are 

well-characterised to be associated with AF,1, 32 and to compare the rate of events 

between individuals classified as higher and lower risk of AF. In the analysis conducted 

by Professor Wu and I, individuals with the ML-derived EHR phenotype of ‘higher 

predicted AF risk’ had an increased rate of cardio-renal-metabolic diseases and death, 

irrespective of subsequent occurrence of AF. Individuals at higher predicted AF risk 

constituted 70% of new HF diagnoses, 65% of new aortic stenosis diagnoses, and 74% 

of cardiovascular and cerebrovascular deaths over the decade following risk 

stratification. This demonstrates that the EHR phenotype identified by ML for AF has 

consequences beyond AF alone. For this publication I contributed to conception of the 

idea, identified the outcomes, designed the statistical analysis, and then drafted and 

revised the manuscript. Professor Gale contributed most to conception, Professor Wu 

contributed most to statistical analysis, and all authors reviewed the manuscript.  

 

The RF FIND-AF model deliberately incorporated a large number of comorbidities and 

ethnicity categories, because I was seeking to maximise prediction performance with 

the expectation that in clinical practice the algorithm would be calculated automatically 

within the EHR platform. However, there are challenges to implementation of ML 

algorithms through EHR platforms, described below in Section 8.5.2, so I considered 

that it could be clinically useful to develop a simple risk prediction model for incident AF 

that could be accessed and used outside of an EHR platform. I chose to limit the 

variables to age, sex, ethnicity and comorbidities to enable the conduct of risk 

stratification to be remote, without the need for observations or laboratory measures. I 

also aimed to make the models understandable to clinicians by restricting variables to 

those well-characterised in international guidelines to be associated with AF.1 I 

recommended to use a traditional regression technique in model development so that 

the association between each variable and AF could be quantified, and also to enable 

the transformation of the prediction model to a risk score. Because of these 

concessions, the prediction performance for AF within a 6-month prediction horizon of 

the parsimonious traditional regression model developed by Professor Wu and I is not 

quite as high as that of the RF FIND-AF model (AUROC 0.803 vs 0.824).  
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Over the course of the PhD studies I became increasingly interested in predicting long-

term occurrence of AF using routinely-recorded data. This stemmed from work I was 

involved with, but was outwith of this thesis, which demonstrated that the incidence of 

AF in the UK is increasing rapidly (Chapter 1, Section 1.1.3). I now believe that to 

address the health and economic burden of AF on the UK NHS (Chapter 1, Section 

1.5), it is not only imperative to identify the prevalent undiagnosed cases, but also to 

aim to delay/prevent cases in the future. However, formal pathways for primary 

prevention of AF are not available in the NHS. In the analysis conducted by Professor 

Wu and I presented in Chapter 7, using a small number of routinely-recorded variables 

could predict new-onset AF at both a short and long prediction horizon. These 

prediction models could be useful to identify individuals for recruitment into trials of 

primary prevention of AF using routinely-collected data, which I discuss below in 

Section 8.6.4. For this manuscript, which is under review for publication, I conceived 

the idea, curated the codelists for variables and outcomes, designed the statistical 

analysis, and then drafted and revised the manuscript. Professor Wu contributed most 

to the statistical analysis, and all authors reviewed the manuscript. 

 

8.2 The gap that the PhD studies address 

Opportunistic and systematic screening for AF with non-invasive devices has been the 

subject of several RCTs, as summarised in Chapter 1, Sections 1.3.8.1 to 1.3.8.3. 

Hitherto the eligibility for inclusion in these studies has been based on age or stroke 

risk. However yields from this approach to AF screening have been low.67, 68, 87, 88 Low 

yields impact the clinical- and cost-effectiveness of AF screening. Consequently, 

systematic screening programmes at a comprehensive national healthcare level do not 

currently exist in any of the European countries or the USA.317 As such there is the 

requirement to better refine the population to whom AF screening is offered with the 

aim to improve yield of newly detected AF. Comprehensive risk stratification using 

multiple variables associated with risk of AF may be able to better identify individuals 

likely to have undiagnosed AF than using age or stroke risk.196  

 

In recognition of the importance of this research area the EU-funded AFFECT-EU 

project aims to develop a risk-based AF screening strategy using digital applications for 

rhythm monitoring to reduce the burden of stroke and other AF-related comorbidities.318 

A qualitative study including 24 healthcare professionals and regulators from 11 

European countries explored opportunities and challenges for implementing AF 

screening.317 There was a perceived need to implement AF screening and participants 

supported both opportunistic screening and systematic screening. Participants 

considered single time point opportunistic AF screening using a single-lead ECG 
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device as the most feasible approach on account of ease of implementation and lower 

costs, whereas the most effective approach was considered to be prolonged screening 

either with a continuous patch (as used in the mSToPS study)87 or intermittent ECG 

monitoring over a 2-week period (as used in the STROKESTOP study)67. However 

prolonged monitoring was considered too expensive to implement, especially when the 

yield of new cases is low. Primary care was considered the most appropriate location 

for AF screening by the majority of participants  Some participants stated that software 

systems in primary care had the potential to identify suitable individuals for screening 

but that algorithms did not currently exist for this.    

 

A stated aim of the AFFECT-EU project is to develop clinical prediction models to 

permit refinement of AF screening and reduce the number needed to screen, though 

no prediction models have yet been published from this project. The VITAL-AF and 

D2AF RCTs demonstrated that opportunistic screening in individuals aged 65 years 

and older did not increase detection rates of AF compared to routine care (Chapter 1, 

Section 1.3.8.1.1). Targeting opportunistic screening to a reliably identified high-risk 

cohort may improve the yield of AF detection, and increase the chance of healthcare 

professionals in primary care adding to their usual daily work a task that may often be 

overlooked. The prediction models developed in the PhD studies have been designed 

to be implementable at scale in primary care EHR systems in the UK and provide 

accurate prediction in the UK population including in relevant subgroups. Thus the 

accomplishments presented in this thesis help address the gap for a model to refine AF 

screening in the primary care setting in the UK. The protocol for the pilot study 

(Chapter 6) could also be translated to a scalable digital detection pathway aspired to 

in the AFFECT-EU project. Furthermore the models deliver absolute risk estimation 

and so can enable better communication of AF risk to individuals which may improve 

concordance with investigations and treatments.     

 

8.3 Addition to existing knowledge 

Whilst multivariable prediction models for incident AF have been developed using 

community-based EHRs (Chapter 2), these PhD studies offer novel advances.  

 

Prediction models for incident AF have mostly predicted AF over a long prediction 

horizon. In the case of models originally developed using prospective cohorts this may 

have been because their limited sample size meant they did not have sufficient AF 

cases within a short prediction horizon (6-months or 1-year) to derive meaningful 

associations and develop a robust prediction model.205, 309 When the prediction horizon 
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extends to up to ten years individuals classified as higher risk may not have manifested 

AF within the next few months, which is the expected timescale for organisation of 

investigation after risk stratification. By contrast, in this PhD, incident AF within the next 

six months was predicted to ensure immediate relevance of the prediction for targeting 

investigation. Additionally, it was demonstrated that individuals at higher risk of AF 

within six months continue to have an increased rate of AF occurrence over the next 

ten years compared to individuals with lower predicted AF risk. Thus, individuals 

identified as higher predicted risk of AF may not just be suitable for a one-off screening 

event, the approach tested in previous AF screening trials,67, 87, 88 but also repeat 

screening at a later time point (longitudinal screening),319 akin to how breast cancer 

and cervical cancer screening is delivered.48  

 

Furthermore, from inception I considered the issue of implementation of the prediction 

model. Whilst previous reports have used large EHR databases for deriving prediction 

models for AF, it is not clear that the authors have considered the practicalities of 

implementing their models in clinical practice. For risk-guided AF screening to be 

efficient minimal resources should be required to adequately perform risk stratification. 

Previous models for incident AF often require observations such as blood pressure, 

height, weight and/or BMI (Chapter 2, Table 8 and Chapter 7, Table 1). All of these 

variables are associated with AF risk but have been shown to be incomplete in real-

world primary care data,320 with selective reporting favouring those with higher 

comorbidity rates.321 When the CHARGE-AF model was evaluated in a primary care 

EHR database representative in the Netherlands only one in six individuals aged 40 

years and older without prevalent AF had the complete baseline data for risk 

stratification.196 Individuals with complete baseline data were systematically different to 

individuals without complete baseline data; they were older, had a ten-fold higher 

prevalence of DM, and a three-fold higher prevalence of hypertension and COPD. Data 

completeness for observations in primary care EHRs varies by age, sex, ethnicity and 

deprivation index,322, 323 so the implementation of a prediction model only applicable to 

people with complete data in a screening programme may entrench health inequalities. 

Higher completeness for data in  primary care EHRs is to be aspired to, but until this is 

achieved models that do not rely on measurement variables may be the most suitable 

choice for remote, automatic AF risk assessment in primary care settings.196 I decided 

to limit the variables included in the FIND-AF prediction models to variables that have 

high completeness in routinely-collected records, and incorporated an ‘ethnicity 

unrecorded’ category. Accordingly, the FIND-AF prediction models could be applied to 

all individuals in the large dataset of routinely-collected primary care records. The 

CHA2DS2-VaSC algorithm can be called for each patient record through EHR systems 

because it only requires age and the presence of structured codes for comorbidities. 
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The FIND-AF algorithm, by design, should be similarly implementable at scale in 

primary care EHRs, which cover 98% of the UK population,202 to guide nationwide 

population AF screening. 

 

Models that leverage supervised ML to predict incident AF using community-based 

EHR data have been reported (Chapter 2), but they have failed to report calibration, 

how performance varies by sex and ethnic group, or clinical utility analysis.194, 236, 241 

These metrics are important when one considers implementing a model in clinical 

practice. Notably in a systematic review and meta-analysis of prediction models for HF 

applicable in the community that I conducted, but is outwith of this thesis, I also found 

that calibration or clinical utility analysis had not been reported for ML models.209 

Adherence to reporting guidelines designed specifically for risk prediction ML studies, 

currently under development,324 would improve the quality of reporting and increase 

confidence in the translatability of these models to clinical practice.325 This PhD 

advanced the field of reporting for ML algorithms to predict AF by considering these 

factors within the analysis.  

  

This PhD has also extended the concept of AF risk beyond previous reports. Some 

reports have considered the association between elevated AF risk and occurrence of 

stroke, but from the perspective of whether AF was diagnosed before or after the 

stroke event.326 This reflects a narrow interest in prediction of AF risk for stroke 

prophylaxis. However AF is increasingly understood as a manifestation, expression, 

and symptom of underlying disease.11, 327 After diagnosis AF is associated with 

increased risk of cardio-renal diseases beyond stroke,32 but the importance of the 

arrhythmia itself on these occurrences is unclear. Accordingly, if individuals with the 

same characteristics as those who have AF can be found, they may be also at risk of 

adverse events.   

 

Machine learning can uncover meaningful non-linear associations not apparent to 

physicians.114 After adjustment for age, sex, ethnicity, and the presence of other cardio-

renal-metabolic comorbidity at baseline, elevated AF risk was still associated with an 

excess risk for all outcomes, but particularly aortic stenosis (64%), HF (63%), CKD 

(46%), and stroke or TIA (40%). This may suggest that data-derived associations 

between the large number of morbidities included in the model (including diseases 

such as gout, rheumatological diseases, pulmonary hypertension and inflammatory 

bowel disease) may mimic underlying pathological changes. At the least, the 

association illustrates that cardio-renal-metabolic diseases commonly co-exist, and 

have shared risk factors and pathological pathways.328, 329  
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The association between AF risk and non-AF cardio-renal-metabolic diseases and 

death may also have important clinical implications. It is increasingly recognised that 

multimorbidity is very common in AF patients. In the UK, 93.5% of AF patients have at 

least one comorbidity, and amongst those aged 65 years and older the mean number 

of comorbidities is 5.327 Work that I was involved in, but is outwith of this thesis, has 

demonstrated that stroke only contributes a small proportion to hospitalisation and 

mortality within one year of AF diagnosis.330 The importance of managing comorbidities 

in patients with AF is highlighted in the 2020 ESC guidelines.1 In this PhD, it was found 

that individuals at elevated risk of AF have adverse outcomes beyond AF and stroke, 

and make up three quarters of cardiovascular deaths over the following decade. Thus, 

one may consider that optimisation of comorbidities recommended in the ESC 

guidelines should be extended to those at elevated risk of AF before the manifestation 

of the arrhythmia.  

 

8.4 Appraisal of the used methodology 

Whilst this study and the outputs are genuinely novel, and the questions this thesis has 

addressed are of clinical importance, the limitations and alternative approaches that 

could have been utilised will now be discussed in the context of the literature. 

 

8.4.1 Alternative machine learning techniques in electronic health 

record data 

In these PhD studies I chose the RF method for the development of the FIND-AF. It is 

possible that other supervised ML techniques may have performed differently in 

predicting AF from the EHR dataset.331 However, many studies have shown that 

amongst commonly used high-performing ML algorithms, there is minimal difference in 

performance.114, 194, 331 

 

Feature extraction in supervised ML is based on domain knowledge; that is, I pre-

selected the variables I considered important based on literature review, and the ML 

technique takes a data-driven approach to identify the strength of association between 

these variables and the outcome. By contrast, deep learning utilizes more advanced 

techniques to learn the representations directly from the raw data to generate abstract 

concept and patient representations (unsupervised learning), which may then be used 

for prediction.109 Deep learning is commonly performed using artificial neural networks 

(ANNs) that simulate the neuronal activity of the human brain in the processing of 
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information.332 ANNs consist of multiple layers of interconnected nodes (analogous to 

neurons in the brain), which help in learning from data. Typically, an ANN has an input 

layer, multiple hidden layers, and an output layer. These additional hidden layers allow 

the model to learn hierarchical representations of the raw data, with each layer learning 

to represent the data at a different level of abstraction. Due to these non-linear 

transformations, one is able to model many non-linear and heterogeneous effects. 

Several ANN architectures have demonstrated exceptional discriminative performance 

for disease prediction in EHRs.333, 334 Furthermore, different variants of ANNs - 

convolutional neural networks, multi-layer recurrent neural networks and Transformers 

– are well-suited to capture information on the sequential order of visits and inter-visit 

duration,333, 334 which may better model the temporality of EHR data, a person’s 

evolving health status and disease pathogenesis. 

 

However, there are drawbacks for using deep learning models for risk prediction. 

Constructing and training deep learning models is often time-consuming and 

dependent on computational resources. They can suffer from a lack of transferability;335 

a model trained in a particular dataset often cannot be reused for other tasks without 

significant retraining, and may become outdated if the feature space, distribution, or 

training dataset changes. Most importantly, ANNs are commonly a ‘black box’ model 

where, due to their multi-layer non-linear structure, their predictions are not traceable 

by humans.336 By contrast with the RF method the importance of variables used in 

predicting incident AF could be demonstrated, which may make FIND-AF more likely to 

be ‘trusted’ by healthcare professionals and explainable to people when implemented 

at scale within a screening programme.315  

 

8.4.2 Strategies to overcome the problem of missing data in 

routinely-collected electronic health records 

In these PhD studies I chose to design the prediction models to overcome the issue of 

missing data in real-world practice. However, there are practical approaches to 

implement prediction models when there are missing values for variables, though many 

have been shown to be problematic.337, 338 Some prediction models enforce valid 

values for all predictors, for example implementations of the Framingham model for 

cardiovascular disease and the Seattle Heart Failure model.339, 340 Alternatively, some 

models allow for missing data on a limited set of variables and use simple imputation 

procedures. For example, the QRISK3 model uses i) the average value from the 

development study for a measure of deprivation when geographical region is unknown 

(mean imputation); ii) a conditional average based on ethnicity, age, and sex for 
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missing values of cholesterol/high density lipoprotein ratio, blood pressure and BMI 

(conditional mean imputation); and iii) zero imputation when the SD of the last two 

blood pressure readings is missing.341 

 

Prediction models that intend to allow for missing data in practice implies that they 

need to be developed with missing data methods that transfer to real-life application. If 

model development data is available at the time of practical application, then particular 

statistical methods for handling missing data are possible. During a simulation study, 

the most accurate method, in terms of corrected c-statistic and root mean squared 

prediction error, was the use of the 2k submodels (which requires estimated regression 

coefficients for all submodels of the prediction model) and use of fixed chained 

equations (which requires the vector of parameter estimates for each of the fully 

conditional models derived in the development dataset, as well as the mean of each 

variable in the development data).337 However there are practical limiting factors with 

these approaches. First they computationally very expensive, because each new 

prediction requires imputation data. Second the development data has to be available 

at the time of prediction, which is often not possible due to privacy regulations. 

Pragmatic imputation of real-world missing values is possible, as well as the reduced 

model methods, hybrid model method, and the naïve approach.342, 343 Performance in 

real-life practice may not deteriorate far below the level seen in research datasets 

using these methods as long as the extent of missingness in the variables that 

contribute the most to prediction is small.344   

 

8.4.3 External validation in other electronic health record datasets in 

the United Kingdom 

The predictive performance of a model in the development dataset is often optimistic, 

related to the association between predictors and outcomes often being stable within 

the same sample. Prediction models may correspond too closely or accidentally be 

fitted to idiosyncrasies in the development dataset, which is called overfitting.345 This 

will result in predicted risks that are too extreme when used in new patients.262 Ideally, 

a newly developed prognostic model needs to prove reproducibility and generalisability. 

 

Reproducibility pertains to whether a prediction model is valid in new individuals that 

are similar to the development population. The internal validation of FIND-AF, in a large 

dataset of 400,000 individuals not included in the development of the model, can give 

an indication that the model performs satisfactorily in new patients that are similar to 

the development cohort.346 As the CPRD dataset is representative of the UK population 
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in terms of age, sex, and ethnicity,202 the data in this PhD suggests that the 

performance of FIND-AF will be robust when used in the UK population. 

 

However, in different EHR systems code usage and prevalence may vary depending 

on different browsers, types of data entry templates and incentivised coding. I hoped to 

externally validate the FIND-AF model in the ResearchOne database of TPP, but 

unfortunately the University and TPP were unable to reach agreement on the terms of 

a material transfer agreement to allow the external validation to take place. Professor 

Gale and I are currently working to progress an external validation with Egton Medical 

Information Systems (EMIS). 

 

8.4.4 External validation in electronic health record datasets in 

external geographies 

Generalizability (also called transportability) involves exploring whether the prediction 

model is transportable to a separate population with different patient characteristics. In 

Chapter 4 the predictive performance of FIND-AF was compared to the CHA2DS2-

VASC and C2HEST models. FIND-AF showed superior performance, but that is not 

surprising as it was the comparison of performance between the internal validation of 

one model and external validation of another model. In such a case it was likely that 

FIND-AF would appear superior, as it is optimally designed to fit the data.345 The ideal 

direct comparison of performance between two prediction models should be done in an 

external validation dataset that is independent of both model development cohorts.347 

Ideally, external validation is performed in a separate study by different researchers to 

prevent the temptation of fine-tuning the model formula based on external validation 

results.348 As demonstrated in Chapter 3, our research group have developed a 

collaboration with a research group who are conducting the external validation of FIND-

AF in the Clalit Health Services dataset in Israel.  

 

The FIND-AF model incorporates a large number of variables, including variables such 

as ethnicity, that may have a different meaning in an external geographic context. 

These variables may have to be substituted with other surrogates (e.g. socioeconomic 

status). Furthermore the Read codes used in the FIND-AF development have been 

translated into ICD-9 codes, the system used in Israeli community practice, but the 

prevalence of each variable may vary between the UK and Israel. There may also be 

heterogeneity of predictor effects, that is, the same predictor may have different 

prognostic value in varying populations. There may also be differences in case mix 

between the development and validation cohorts, that is, the distribution of predictor 
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values (e.g. differences in baseline characteristics such as prevalence of 

hypertension).349 All of these factors could lead to a deterioration in the performance of 

the FIND-AF model, but preliminary results suggest that it still shows excellent 

discrimination performance, with an AUROC of 0.87 (Figure 1). 

 

Figure 1 Receiver operating characteristic curve for FIND-AF in the Clalit Health 
Services dataset in Israel 

 

Abbreviations: FIND-AF, Future Innovations in Novel Detection of Atrial Fibrillation 

 

 

If the rest of the performance metrics are also excellent then this may provide evidence 

that that the model is generalizable for use in geographies external to the UK and 

interoperable with reference to the definitions of variables. However, given the 

variability in population characteristics and AF incidence between different countries,350 

a validation is only relevant to populations with the same characteristics as the 

validation population.  

 

8.4.5 Under-recording of outcomes and predictors in electronic 

health records 

When I defined the diagnostic codelists for the outcome and variables for the 

development of the model I had to assume that absence of a recording of a disease in 

the primary care EHR equates to absence of the event. However it has been shown 
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that recording of diseases is incomplete in primary care EHRs.351 For example, the 

absence of a code for AF from a patient’s EHR does not mean that AF is absent from 

the patient. It is possible that the diagnosis was recorded incorrectly in the primary care 

record, or was entered as free-text which is not available in the research database, or 

that AF is phenotypically manifest but has not yet been diagnosed. Incorporating 

diagnostic codes for AF used in primary and secondary care records reduces the 

possibility of missing AF cases, but a significant burden of AF is undiagnosed in usual 

care in the UK NHS (Chapter 1, Section 1.3.2). This may have led to the discrimination 

performance of FIND-AF being under-estimated as some of the false positives 

(individuals at higher AF risk but without a recorded AF diagnosis during follow-up) may 

have had undiagnosed AF. In the pilot study I will have data from a population with a 

range of risk estimates who have all undergone intermittent ECG monitoring, from 

which I can calculate positive predictive value, negative predictive value, sensitivity, 

specificity and AUROC for FIND-AF. 

 

For the variables included in the model I limited the diagnostic codes used to only 

those available in primary care records (Read codes). This was to ensure only 

information that was available in the primary care record at point of care was included 

in the model, to align as closely as possible to the circumstance when the model would 

be used in clinical practice. The frequency of disease codes in EHRs is not random but 

rather indicates that the subject is ill and leads to the possibility of informed presence 

bias,352 whereby more frequent interactions with healthcare professionals may give 

more opportunities for illnesses to be identified. This may have led to differences in the 

magnitude of association between certain variables and the outcome compared with a 

prospective cohort or trial. In these study designs the occurrence of a clinical event or 

comorbidity is actively sought for each participant at baseline and at set time intervals, 

so that the recording incidence is not contingent on the participant’s engagement with 

the health sector. A study evaluating the degree of agreement between a community-

based prospective cohort and an EHR database found good agreement for background 

characteristics but differences in cardiovascular risk factors and events.353  

 

8.4.6 Study population 

In these PhD studies I included a cohort of individuals aged 30 years or older without 

known AF. I chose to include individuals younger than 65 years of age in the cohort 

because previous work that I have contributed to, but is outwith of this thesis, has 

demonstrated that individuals in the UK from the most deprived socioeconomic quintile 

are diagnosed with AF at a younger age than individuals in the most affluent quintile.11 

It was also demonstrated in Chapter 4 that one in five new AF diagnoses within a 6-
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month prediction horizon were under the age of 65 years. Moreover, stroke risk 

prevention in younger compared with older individuals could have greater potential long 

term benefits on an individual and societal level.354 I also decided not to restrict the 

eligible population to individuals with an elevated CHA₂DS₂-VASc score, because it is 

possible that, as new OACs become available,355 guideline recommendations on which 

patients with AF are eligible for oral anticoagulation may change. 

 

However. one could argue that it is in the older population where AF screening is most 

justified as the incidence and prevalence of AF is strongly correlated with age.11, 356 

Including the cohort of individuals aged younger than 65 years led to age being, by far, 

the most important variable in the FIND-AF model, and prediction performance 

deteriorated in older populations. Furthermore, for older individuals with elevated 

CHA₂DS₂-VASc scores, a new AF diagnosis would lead to an immediate change in 

treatment. In a younger patient with a CHA₂DS₂-VASc score of 0 or 1, being informed 

of elevated AF risk may lead to health anxiety, extra investigations, and excess 

healthcare costs but diagnosis may not result in prescription of oral anticoagulation. 

Only 4.2% of individuals stratified as higher risk of AF by FIND-AF were aged younger 

than 65 years, so it may be appropriate to consider developing in future a version of 

FIND-AF specifically for individuals aged 65 years and older.  

 

8.5 Challenges of translating an electronic health record-based 

prediction model for atrial fibrillation to clinical practice 

To the best of my knowledge, this PhD thesis reports the first example of developing a 

ML algorithm in routinely-collected primary care EHR data that can be implemented at 

scale in UK primary care to stratify an individual’s risk of AF within the next six months. 

In the following section I will explore some of the challenges to translate the algorithm 

to use in clinical practice. 

 

8.5.1 Regulatory compliance 

Though risk prediction models have been utilised in clinical practice for a number of 

years, they are now considered ‘software as a medical device’.357 Medical Devices 

have been regulated by three EU Directives since the early 1990s. This legislation is 

implemented and enforced in each EU member state by a Competent Authority. In the 

UK, the competent authority is the Medicines and Healthcare products Regulatory 

Agency (MHRA), and the Medical Devices Directive (93/42/EEC) classifies products 

according to their level of risk.358 Researchers proposing for their risk prediction model 
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to be used in clinical practice must make sure the model complies with all the 

legislation’s relevant essential requirements in order for the prediction model to be 

certified as a medical device. This includes submitting a technical file with the user 

requirements specification, software requirements specification, testing documents, 

device version history, clinical evidence report, privacy policy, manual tests, 

instructions for use, and terms and conditions.   

 

In addition, novel software as a medical device aiming to be used in the NHS in the UK 

is required to meet the Digital Technology Assessment Criteria (DTAC) and DCB 0129 

standard.359, 360 The DTAC aims to give staff, patients, and citizens confidence that the 

digital health tools they use meet clinical safety, data protection, technical security, 

interoperability and usability and accessibility standards. DTAC is administered by 

NHSX, and is the baseline criteria required to gain a listing on the NHS Apps Library 

from January 2021. The assessment criteria focus on clinical safety, data protection, 

technical assurance, interoperability, and usability and accessibility. The DCB 0129 

standard is issued by NHS Digital, and is mandatory under the Health and Social care 

Act 2012.  Included are the requirement to nominate a clinical safety officer, design and 

document clinical risk management processes, and carry out risk assessment that is 

documented in a hazard log and safety case.  

 

I, alongside my supervisor Professor Gale, successfully applied for National Institute for 

Health and Care Research (NIHR) i4iFAST funding (NIHR204580) to procure the 

services of Ethos regulatory consultants with the aim to surmount these regulatory 

barriers. Working with Ethos we understood that FIND-AF would be considered a Class 

I medical device, in that it uses data from individuals to predict a risk score in healthy 

populations for a chronic disease that can be managed effectively with interventions 

that are normally non-invasive.357 After completing all requirements FIND-AF is now 

registered with the MHRA as a Class I medical device, and the DCB 0129 standard has 

also been met. 

 

8.5.2 Implementation within electronic health record systems 

An underappreciated barrier to the adoption of prediction models in clinical practice is 

the lack of integration with EHRs. Some models have been converted to online tools 

and made available through web-interfaces or mobile applications. To use the models 

however, a healthcare professional is required to access a website or open an app and 

manually complete data fields with the patients’ details to receive a risk estimation.361 

Though this task may seem trivial compared with the potential added benefit of greater 
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quality decision-making, the practicalities and time constraints of clinical practice form a 

significant barrier to usage.361 This is compounded with the potential of manual 

transcription errors to lead to incorrect risk estimates.361 Usability barriers may be 

mitigated if a healthcare professional can access a prediction model within their local 

EHR and have a risk score presented automatically as fields are populated with 

relevant data from within the system. An example of successful prediction model 

integration is the QRISK models, which have been embedded within UK primary care 

EHR systems to calculate individual cardiovascular risk based on existing data.362  

 

However, the value to EHR providers to cover the costs and risks of integrating 

prediction models into their EHR system is currently not there, especially as clinical 

stakeholders do not yet expect such functionalities in EHRs.363 Thus, the incentives for 

researchers, EHR providers, and healthcare professionals are unaligned. One 

proposed solution to align incentives of these different stakeholders is to use 

Blockchain, a form of distributed ledger technology.363 Blockchain is an open network of 

distributed data stored in secure blocks, which are available to all participants (known 

as ‘nodes’) on a network.364 By distributing blocks across all nodes, the data in the 

network is difficult to hack, change or corrupt, creating a traceable, immutable and 

secure record of transactions between nodes.365 Prediction models could be published 

by researchers to the national marketplace on the blockchain and EHR providers could 

integrate it into their interface through an application programming interface (API). An 

API act as a software intermediary to allow the input of data to a prediction model 

(request), and return of risk prediction (response) to an external application. Clinical 

data from EHR systems could be entered securely to receive results with a micro-

payment triggered at every use, via smart contracts.363 This would provide a monetary 

incentive for researchers and Universities and minimise costs for EHR providers of 

having to formally integrate a prediction model within their system architecture. In the 

first step to enable interoperability amongst EHR systems I have created the diagnostic 

codelists relating to each variable in the algorithm in the two ‘languages’ used across 

primary care in EHRs: Read codes and Systematised Nomenclature of Medicine 

Clinical Terms (SNOMED CT).  

 

 

8.5.3 Acceptability to end users 

A systematic review and meta-analysis of 108 studies reporting the absolute 

improvements in care achieved by computerised clinical decision support systems 

found only a small increase of 5.8% in the proportion of patients receiving desired 
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care.366 The small effect sizes typically achieved by clinical decision support systems 

may be related to an incomplete recognition of  the rich sociotechnical interactions that 

shape the effectiveness of these solutions,367 including the human-computer interface, 

hardware and software computing infrastructure, clinical content, people, workflow and 

communication, internal organisational culture, external regulations, and system 

measurement.366 

 

User experience is a significant part of successfully implementing a prediction model 

through EHRs.368 If a risk score is presented as an alert, healthcare professionals can 

experience ‘alert fatigue’,366 that is, become less responsive to the information 

provided. Previous reports have demonstrated concerns from healthcare professionals 

around the impact of the use of prediction models on clinical workflow.369 If the FIND-

AF prediction model reaches the stage of integration within an EHR then the interface 

through which a healthcare professional would interact with it, and how this would 

affect their workflow, needs to be carefully designed and tested.370 To better 

understand this, I am supervising a qualitative study of semi-structured interviews with 

healthcare professionals at participating sites in the FIND-AF pilot study to identify 

obstacles and opportunities of EHR-risk guided AF screening in primary care.  

 

8.5.4 Clinical and cost-effectiveness of risk-guided atrial fibrillation 

screening 

For a prediction model to be used in clinical practice, there needs to be a clear clinical 

rationale for its use, evidence for clinical and cost-effectiveness of its use, and support 

from leading professionals in the field or recommendation in guidelines.105   

 

A potential barrier for use of FIND-AF in the UK is that screening for AF was not 

recommended when the UK National Screening Committee last considered the topic in 

2019.99 Further ongoing trials will inform the merits of population screening for AF 

(Chapter 1, Table 7), and may lead to an alteration in this recommendation. The NHS 

Long Team Plan aims for early detection and treatment of AF,98 and improving AF 

detection is part of the new Investment and Impact Fund incentives in primary care 

provided by NHS England. Primary care healthcare professionals on the FIND-AF 

Scientific Advisory Board have stated that they believe the technology would be useful 

and relevant in their daily practice, irrespective of centrally-mandated screening 

pathways. Professor Gale and I have presented the FIND-AF prediction model and 

pilot study protocol to national and regional stakeholders, including the Yorkshire and 

Humber Cardiovascular Network, Yorkshire and Humber Academic Health Sciences 
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Network, West Yorkshire Integrated Stroke Delivery Network, the North East and 

Yorkshire NHS England and NHS Improvement Cardiac Network, the British Heart 

Rhythm Society, and the Primary Care Cardiovascular Society, and received support 

and endorsement.  

 

The use of a prediction model can be seen as an intervention that requires preclinical 

evaluation of its impact on health outcomes and cost effectiveness of care.105 If the pilot 

study demonstrates favourable results then a comparative study could be conducted, 

with one group where usual care is provided and another group in which model 

predictions guide AF screening.371 When I, Professor Wu, and Professor Gale have 

previously discussed this with Professor Amanda Farrin, Professor of Clinical Trials 

and Evaluation of Complex Interventions at the University of Leeds, a stepped-wedge 

cluster randomised trial design was considered potentially a suitable design (Figure 2). 
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Figure 2 Possible design for a FIND-AF stepped-wedge cluster randomised clinical trial  

 

Abbreviations: AF, atrial fibrillation; TIA, transient ischaemic attack 

The intervention is the implementation of the RF FIND-AF algorithm followed by systematic screening of people identified as higher risk. Control arm 

practices would provide routine care (no screening for AF). After an initial period where no clusters are exposed to the intervention at regular intervals 

one cluster/group of clusters is randomised to cross to intervention under evaluation. At the end of the study there will be a period where all clusters 

are exposed. Each cluster contributes observations under both control and intervention observation periods. In the short-term the effect on diagnosis 
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of AF could be assessed, and long-term EHR follow-up could assess the effect on diagnosis of stroke/TIA/systemic embolism, bleeding leading to 

hospitalisation, and all-cause death.
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I and Professor Gale have also discussed with the University of Leeds Academic Unit 

of Health Economics regarding how a cost-effectiveness analysis may be conducted. 

They recommended a cost utility analysis and budget impact analysis.372 They would 

update and adapt the model used in the UK National Screening Committee evidence 

review in 2019 for the cost-effectiveness of AF screening in the UK,96, 373 which consists 

of an initial decision-tree which captures the screening and diagnosis process followed 

by a Markov model which captures the expected lifetime costs and benefits associated 

with treatment. The key comparators in the model would include: 1) no AF screening 

(current practice), 2) opportunistic AF screening and 3) systematic targeted screening 

for AF facilitated by FIND-AF. A NHS and Personal Social Services perspective on 

costs would be adopted and the recommended annual discount rate (currently 3.5%) 

would be applied to costs and health effects. The comparative life-time costs and 

benefits would be presented in terms of incremental cost-effectiveness ratios and net 

health benefit.  

 

8.6 Future directions 

In my opinion, key future research questions have emerged during this PhD thesis, 

which I detail below and intend to explore further as part of future grant applications.  

 

8.6.1 Cluster analysis of the higher predicted atrial fibrillation risk 

cohort  

Individuals with the machine learning-derived EHR phenotype of higher predicted AF 

risk experience high rates of incident cardio-renal-metabolic diseases and death 

irrespective of whether they receive AF diagnosis. These individuals represent a 

heterogeneous group, reflecting a variety of combinations of underlying diseases, 

which may limit the effectiveness of any one primary prevention or targeted diagnostic 

strategy to improve outcomes.  

 

Cluster analysis is a ML technique that can be used to classify subjects from 

heterogeneous populations into cohesive groups based on clinical information.374 It has 

been applied to improve characterisation of subphenotypes amongst patients with 

diagnosed AF.375-378 However, these groupings may not be applicable to directing 

upstream interventions before the occurrence of the arrhythmia. Furthermore previous 

studies have incorporated variables for clustering that are either not available in the 
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community (e.g. echocardiographic parameters),375, 376, 379 or highly likely to be missing 

in routinely-collected records,376-378 which limits their clinical utility in the primary 

prevention setting. 

 

Using the existing dataset I could investigate the use of two unsupervised machine 

learning techniques, hierarchical and K-prototype clustering algorithms, on the higher 

predicted AF risk cohort. For hierarchical cluster techniques, the Ward minimum 

variance method of clustering is used to identify patient clusters, given the mixture of 

binary and continuous variables.380 The K-prototype clustering method combines the K-

means of numerical variables and K-modes of categorical variables to cluster a mixture 

of continuous and categorical data.381 Similar to the FIND-AF prediction model I could 

limit variables for clustering to age, sex, ethnicity  and comorbidities, to ensure that the 

clusters were meaningful and applicable in the community. The association between 

chosen clusters and non-AF clinical diseases and death investigated in Chapter 5 

could be assessed using the unadjusted and adjusted (by CHA2DS2-VASc score) Cox 

proportional hazards models. Kaplan-Meier curves could be plotted for the cumulative 

incidence curves of events, and the log-rank test used to compare the differences in 

each cluster. The hypothesis would be that amongst the higher predicted AF risk 

cohort, there are distinct groups of individuals with shared characteristics and 

outcomes that could be targeted for specific interventions. 

 

8.6.2 Clinical phenotyping of individuals at higher predicted atrial 

fibrillation risk 

Following on from the research planned in 8.6.1, I wish to determine the extent to 

which higher predicted AF risk individuals could be suitable for targeted cardiovascular 

preventive interventions to reduce future cardiovascular events. As a sub-study of the 

FIND-AF pilot study, consenting participants could be approached and recruited to 

attend a research phenotyping clinic. At a phenotyping appointment individuals could 

undergo assessment for cardiovascular risk factors (including BMI, smoking and 

alcohol consumption), cardio-renal-metabolic workup (including HBA1c, lipid profile, 

NT-proBNP, urea and electrolytes, and urine:albumin creatinine ratio, and an 

echocardiogram).  

 

The hypothesis would be that individuals at higher predicted AF risk have lifestyle 

factors, undiagnosed comorbidities, and sub-optimally treated comorbidities that 

present opportunities to reduce the risk of future cardiovascular events. An outcome 

from the research phenotyping clinic appointment would be the documentation of 
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hitherto undiagnosed cardio-renal-metabolic disease, and advice to the general 

practitioner regarding treatment optimisation. If it was demonstrated that there was a 

significant burden of undiagnosed or sub-optimally treated cardiovascular risk factors 

and diseases, then a trial could be planned to determine the effect on the occurrence of 

cardio-renal-metabolic disease and death of a multi-modal intervention compared to 

usual care amongst individuals at higher predicted AF risk. 

 

8.6.3 Mechanistic studies to assess if the higher predicted risk of 

atrial fibrillation electronic health record phenotype has a 

pathological correlate 

In some patients pulmonary vein triggers may be the predominant pathway leading to 

AF, but for others AF may also represent a secondary manifestation of a progressive 

fibrotic atrial cardiomyopathy (FACM).382 Different expressions can be found 

categorised as mild (FACM I), moderate (FACM II), or excessive fibrosis (FACM III).383 

The presence of interstitial fibrosis leads to changes in cellular coupling and spatial 

‘non-uniform anisotropic’ impulse propagation, and is a potential cause of atrial 

activation abnormalities that may underlie the initiation and perpetuation of AF.384 Atrial 

fibrosis can be detected, quantified, and localised using delayed-enhancement MRI 

including four categories of structural changes (Utah Stages: I, 0-5% enhancement; II, 

>5-20% enhancement; III, >20-35% enhancement; IV >35% enhancement).385 Atrial 

fibrosis does not appear to be an age-related process,386 but atrial remodelling has 

been observed in individuals with conditions predisposing to AF, but before 

manifestation of AF, including for mitral stenosis and hypertension.147, 387   

 

Moreover, there is an independent correlation between atrial fibrosis and stroke.388 

Studies hypothesise that the underlying atrial myopathy that causes AF can also affect 

thrombosis risk by modulating the atrial blood flow and/or the haemostatic profile, 

thereby increasing thromboembolic risk even in the absence of AF.389 Furthermore, LA 

enlargement is related to stroke as well as AF. In a meta-analysis of 66,007 

participants with 3,549 stroke events, LA enlargement was associated with a 1.68-fold 

(95% CI 1.36-2.07)  increased risk of stroke independent of AF and other 

comorbidities, with each 1-cm increase in LA diameter increasing the risk of stroke by 

24%.390  

 

A substudy of the FIND-AF pilot study could recruit age- and sex-matched individuals 

at lower and higher predicted AF risk, with and without detected AF, to compare the 
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presence and extent of atrial dilatation and fibrosis by risk score and by AF status. The 

hypothesis would be that higher risk individuals have a greater degree of atrial 

remodelling than lower risk individuals. This would provide mechanistic insights into 

how the EHR phenotype of predicted AF risk may translate to the AF pathological 

substrate. Furthermore, treatment of the underlying aetiology has been demonstrated 

to be associated with a significant increase in atrial voltage in individuals with FACM,391 

raising the potential that identification atrial remodelling – dilatation, dysfunction and 

fibrosis – before the advent of AF may enable intervention to reduce the subsequent 

risk of AF.    

 

8.6.4 Risk-guided recruitment for trials of primary prevention of 

atrial fibrillation 

The strain the coronavirus disease 2019 (COVID-19) pandemic has placed on 

healthcare services and resources underscores the importance of pivoting the focus of 

healthcare to prevention of major adverse events.392 The rising burden of AF will lead 

to escalating morbidity, mortality and healthcare use and cost.11 Therefore I believe 

that strategies to lower the risk of AF development are urgently needed. Hitherto 

primary prevention of AF has focussed primarily on reversing modifiable risk factors for 

AF, and specific upstream therapies have demonstrated disappointing results.393 

International guidelines recommend an angiotensin converting enzyme inhibitor or 

angiotensin receptor blocker for primary prevention of new-onset AF in patients with 

HFrEF (Class IIa, level of evidence B), and that they may be considered for patients 

with hypertension (Class IIb, level of evidence B).394 Weight loss combined with risk 

factor modification is recommended for overweight and obese patients with AF (Class I, 

level of evidence B-Randomised)395 but lifestyle modifications to address modifiable 

risk factors for AF before arrhythmia onset remain potential targets.37 

 

Preventative methods aimed at high-risk individuals might reduce the burden of AF. 

Interventions that were ineffective for unselected populations or for individuals with a 

single morbidity may be effective for individuals who are objectively at high risk of AF 

when considering multiple factors. Conduct of primary prevention trials for AF has been 

limited by difficulties in identifying groups at sufficiently high risk.151 The prediction 

models developed Chapter 7 in these PhD studies could be used identify individuals for 

recruitment into primary prevention trials. For example, almost a quarter of individuals 

classified as very high risk developed clinically-diagnosed AF within 10 years. 

Moreover, as they are scalable in routinely-collected primary care EHRs in the UK, they 

could facilitate innovative recruitment strategies.396, 397  
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8.7 Conclusion 

This PhD investigated the use of supervised ML in UK primary care EHRs to predict 

risk of AF within the next six months. In a dataset of over two million individuals, the RF 

FIND-AF algorithm was highly accurate, and its performance was robust in both sexes 

and across ethnic groups. In contrast to previously developed prediction models for 

incident AF, FIND-AF was designed to be scalable in primary care EHRs at the point of 

implementation. Funding has been successfully applied for to conduct a pilot clinical 

study of the FIND-AF algorithm and I have formulated the protocol to determine if 

remote ECG monitoring is associated with higher rates of new AF detection in 

individuals at higher predicted risk of AF compared to individuals at lower predicted risk 

of AF. Hitherto, RCTs of systematic population AF screening have resulted in low 

yields of newly detected AF, which limits clinical- and cost-effectiveness. As such, the 

outputs of this PhD could address an important knowledge gap to make AF screening 

more efficient and effective. 

 

This PhD also demonstrates that the ML derived EHR phenotype of higher predicted 

risk of AF in the short-term is also associated with elevated AF occurrence in the long-

term, as well as increased occurrence of incident cardio-renal-metabolic diseases and 

death. This could inform novel targeted treatment strategies for individuals at risk of 

AF, rather than just for those who have apparent manifestation of the arrhythmia. 

Furthermore, this PhD has demonstrated that it is possible to predict AF over both 

short and long prediction horizons with a small number of routinely-recorded variables, 

which could be used to recruit participants to trials of primary prevention of AF. 

 

There is strong evidence from these PhD studies that individuals at elevated risk of AF 

can be identified using data that is routinely-collected at scale in the UK. Future work 

will be able to establish the external validity of the prediction models in external 

geographies. Pending positive results from the pilot study a RCT is required to 

investigate whether risk-guided systematic AF screening is more effective than usual 

care at detecting AF, and whether this has an impact on adverse events. Furthermore 

greater characterisation of the higher predicted AF risk cohort, within the existing 

dataset or with biomarkers and imaging, could uncover insights into how an EHR 

phenotype translates into pathological and clinical characteristics, and establish 

whether the EHR phenotype is an actionable target to improve patient outcomes.     
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