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Introduction

Atrial fibrillation (AF) is the most common clinically signifi-
cant cardiac arrhythmia.1 The prevalence of AF is expected to
rise in an exponential manner, owing to the aging of the
population and improved survival with co-morbid cardio-
vascular conditions.2–4

AF is independently associated with a reduction in func-
tional status and quality of life, and an increased risk of
morbidity and mortality including increased risk of stroke,
cognitive impairment and increased rates of heart failure and
hospitalization.5–7 Thromboembolic strokes related to AF are
typically more severe and debilitating,2,8 with nearly twice as
likely to be fatal as non-AF-related stroke. Increased
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Abstract Purpose We used a large real-world data from community settings to develop and
validate a 10-year risk score for new-onset atrial fibrillation (AF) and calculate its net
benefit performance.
Methods Multivariable Cox proportional hazards model was used to estimate effects
of risk factors in the derivation cohort (n ¼ 96,778) and to derive a risk equation.
Measures of calibration and discrimination were calculated in the validation cohort
(n ¼ 48,404).
Results Cumulative AF incidence rates for both the derivation and validation cohorts
were 5.8% at 10 years. The final models included the following variables: age, sex, body
mass index, history of treated hypertension, systolic blood pressure � 160 mm Hg,
chronic lung disease, history of myocardial infarction, history of peripheral arterial
disease, heart failure and history of an inflammatory disease. There was a 27-fold
difference (1.0% vs. 27.2%) in AF risk between the lowest (–1) and the highest (9) sum
score. The c-statistic was 0.743 (95% confidence interval [CI], 0.737–0.749) for the
derivation cohort and 0.749 (95% CI, 0.741–0.759) in the validation cohort. The risk
equation was well calibrated, with predicted risks closely matching observed risks.
Decision curve analysis displayed consistent positive net benefit of using the AF risk
score for decision thresholds between 1 and 25% 10-year AF risk.
Conclusion We provide a simple score for the prediction of 10-year risk for AF. The
score can be used to select patients at highest risk for treatments of modifiable risk
factors, monitoring for sub-clinical AF detection or for clinical trials of primary
prevention of AF.
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recognition of AF using ambulatory and mobile electrocardio-
graphymay enhance early detection and improve outcome. To
this end, simple strategies for thebetter identification of target
populations for AF screening and early intervention are
needed.

Three risk scores for AF have been previously described:
the Framingham Heart Study,9 the Atherosclerosis Risk in
Communities (ARIC) Study10 and the Cohorts for Heart and
Aging Research in Genomic Epidemiology (CHARGE)-AF
consortium,11 which uses pooled data from three cohort
studies (ARIC Study, Cardiovascular Health Study and the
Framingham Heart Study). These AF risk scores derived from
prospective cohort studies may have poor calibration.12

The widespread availability of electronic health records
(EHRs) that include real-world data from large numbers of
patients offers an opportunity for the development and
validation of risk models using large numbers of individuals,
frequently greatly exceeding sample sizes available in indi-
vidual trials or prospective cohorts of limited generalizabil-
ity.13 Implicit in the use of an EHR-based score, is the
availability of the data to the primary physician to support
decision making without further testing. Furthermore, risk
scores are more likely to be widely used in primary care if
incorporated into EHR systems.12 Therefore, we developed
and validated a new predictive score for AF using a large
EHRs-based contemporary primary care cohort.

Methods

All the study participants were followed in ambulatory clinics
of the Maccabi Healthcare Services (MHS). The computerized
database was used to randomly select 150,000 men and
women aged � 50 years with data available prior to 1
January 2005. We randomly allocated two-thirds of these
subjects to the derivation dataset and the remaining third to
avalidationdataset. ParticipantswithahistoryofAFbefore the
index date were excluded. The study protocol received ethics
approval from the MHS review board. Waiver of informed
consent was obtained because of the nature of the study.

Participants were followed from index date to the first
diagnosis of AF for a maximum of 10 years. Patients who
died, or leftMHS (switched to a different healthmaintenance
organization or left the country), were censored at that time.

Ascertainment of Incident Atrial Fibrillation
Physician diagnosis of incident AF or atrial flutter occurring
during the10-year follow-upwasobtained fromMHS’s central
databases and cardiovascular diseases registrar.14 The criteria
to enter this registrar included electrocardiograms (ECGs)-
based diagnosis of AF made by a physician in an MHS clinic, a
diagnosis of AFmade by a cardiologist, a diagnosis of AFmade
during hospital admission or AF ablation procedure. Indivi-
duals with atrial flutter were included as AF cases.

Risk Factors for Atrial Fibrillation
For each of the cardiovascular risk factors or cardiovascular
diagnoses, data were derived from the MHS disease-specific
registrar. Criteria for entry into each of these registrars were

previously described.14–18 For example, the hypertension
registrar was based on � 2 physician’s diagnoses or hospital
records and� 2 blood pressure (BP)measurements of systolic
BP (SBP) � 140 or diastolic BP (DBP) � 90 mm Hg. For cases
with abnormal measurements but no diagnoses, 4 documen-
ted measurements were required where � 50% of the mea-
surements were SBP > 160 mm Hg or DBP > 90 mm Hg, or
patients with � 6 dispensed medications for hypertension.15

Statistical Analysis
Potential variables for the risk score at the index date were
selected based on their potential association and on prior
knowledge:1,9 age, sex, body mass index (BMI), treatment for
hypertension, SBP and DBP, diabetes mellitus and indicators of
heart or vascular disease including previousmyocardial infarc-
tion, heart failure, peripheral arterial disease (PAD), previous
cerebrovascular eventor transient ischaemicevent and chronic
obstructive lung disease. In addition, we considered estima-
ted glomerular filtration rate, total white blood cell count,
a previous diagnosis of an inflammatory disease (e.g. rheu-
matoid arthritis, systemic lupus erythematosus, ankylosing
spondylitis and other inflammatory spondyloarthropathies,
any inflammatory bowel disease, sarcoidosis) and a previous
diagnosis of cancer.

Cox proportional hazards model with the backward elim-
ination was used to determine predictors significant at the
0.05 level after variable selection. Candidate variables that
were associated with the development of AF on univariable
analysis were selected as potential covariates in a multivari-
able model. Possible non-linearities in the continuous vari-
ables (age and BMI) were evaluated by transforming the
continuous variables using restricted cubic splines. We tested
for potential interactions between each variable and age or
gender and includedsignificant interactions in thefinalmodel.
To minimize false-positive variable selection, we constructed
300 bootstrap samples based on the derivation cohort. For
each sample, we used a Cox proportional hazards model with
the backward elimination. Variables consistently chosen in
> 60% of bootstrap samples were included in the final model.

Model discrimination of both the Cox regression model
and the actual point-based risk score was assessed taking
into account survival using Harrell’s c-statistic.19 To generate
a risk score, we assigned points to each variable proportional
to its regression coefficients rounded to the nearest inte-
ger.20 The β-coefficient of 5 years of age (continuous variable)
was used as a reference standard and assigned 1 point.

Calibration was assessed by comparing the observed 10-
year AF rates with predictions from the derivation Cox
model. We calculated the mean predicted risk and the
observed risk of AF at 10 years and compared these by
10th of the predicted risk. We also assessed calibration
within pre-defined risk class defined as low (< 3%), medium
(3–10%) and high (> 10%) risk.9

We also calculated the D-statistic (a measure of discrimi-
nationwherehigher values indicatebetter discrimination),21

and an R2 statistic (a measure of explained variation for
survival data, where higher values indicate that more varia-
tion is explained).22

Thrombosis and Haemostasis Vol. 118 No. 9/2018

Risk Score for Prediction of 10-Year Atrial Fibrillation Aronson et al. 1557

T
hi

s 
do

cu
m

en
t w

as
 d

ow
nl

oa
de

d 
fo

r 
pe

rs
on

al
 u

se
 o

nl
y.

 U
na

ut
ho

riz
ed

 d
is

tr
ib

ut
io

n 
is

 s
tr

ic
tly

 p
ro

hi
bi

te
d.



In termsof themodel’s clinical usefulness, the net benefit of
using the AF score as a clinical decision tool was estimated by
using decision curve analysis.23 Decision curves plot the
predicted net benefit of the risk prediction model versus risk
thresholds. The net benefit at a given decision threshold is
defined as the difference between the proportion of true
positives and the proportion of false positives where the latter
is weighted by the odds of the specific threshold. The decision
curve is then created by calculation of the net benefits for all
possible thresholds. Comparisons of the performance of the
prediction model with the CHARGE-AF score and the
CHA2DS2-VASc scorewas donebycomparing the net benefit.24

All statistical analyses were performed by using Stata
version 15.1 (StataCorp, College station, Texas, United
States). We adhered to the transparent reporting of a multi-
variable prediction model for individual prognosis or diag-
nosis statement for reporting.25

Results

Of the 150,000 study participants, we excluded subjects with
AF prior to January 2005 (n ¼ 4,818) and 2% of patients did
not complete 10 years of follow-up. After exclusions, there
were 96,778 subjects in the derivation cohort and 48,404 in
the validation cohort. The clinical variables assessed in the
development of the AF risk score were similar in the deriva-
tion and validation cohorts with the exception of heart
failure (►Table 1). The prevalence of established cardiac or
vascular disease in the cohorts was lower than 5%.

The derivation cohort contributed 9,415,859 person-
years of follow-up, during which 5,660 incident cases of AF
occurred (5.8%). The risk of AF in the derivation cohort
demonstrated a linear pattern (►Supplementary Fig. S1,
available in the online version), indicating a constant risk
over time. The final Cox proportional hazards model
included age, sex, BMI, history of treated hypertension,
SBP � 160 mm Hg, chronic lung disease, history of myocar-
dial infarction, history of PAD, heart failure and history of an
inflammatory disease (►Table 2). We identified significant
interactions between age and heart failure and between
gender and inflammatory disease and included these inter-
actions in the final model. The general direction of these
interaction effectswas that heart failurehad a greater impact
on AF risk at younger ages (►Supplementary Fig. S2, avail-
able in the online version) and an inflammatory disease
affected AF risk predominantly in women (►Supplementary

Fig. S3, available in the online version).
The model was used to develop a scoring system that

included each of the risk factors. Scores based on the risk
model for all predictors are presented in ►Table 3. The total
risk score ranges from aminimumvalue of –1 (lowest risk) to
amaximumvalue of 9 (highest risk). The risk associatedwith
a score above 9 was not calculated because only 579 patients
in the derivation cohort (0.6%) had a score of � 10.

Table 1 Potential atrial fibrillation risk factors at baseline

Characteristics Derivation
cohort
(n ¼ 96,778)

Validation
cohort
(n ¼ 48,404)

p-Value

Age (y) 62 � 9 62 � 9 0.47

Female gender 51,964 (53.7) 26,188 (54.1) 0.15

Body mass index (kg/m2) 28.2 � 5.1 28.1 � 5.1 0.48

History of myocardial
infarction

3,656 (3.8) 1,784 (3.7) 0.38

Peripheral arterial
disease

1,265 (1.3) 665 (1.4) 0.47

Diabetes mellitus 13,068 (13.5) 6,498 (13.4) 0.68

Hypertension 33,178 (34.3) 16,507 (34.1) 0.49

Systolic blood pressure
�160 mm Hg

26,134 (27.0) 13,177 (27.1) 0.71

History of congestive
heart failure

977 (1.0) 415 (0.9) 0.007

Baseline creatinine
(mg/dL)

0.95 � 0.25 0.95 � 0.25 0.22

Estimated GFR
(mL/min per 1.73 m2)

85 � 23 86 � 23 0.40

Chronic obstructive
pulmonary disease

3,987 (4.1) 2,037 (4.2) 0.43

White blood cell count 6.9 � 2.3 6.9 � 2.2 0.52

Inflammatory disease 1,991 (2.1) 1,053 (2.2) 0.14

Abbreviations: GFR, glomerular filtration rate; SD, standard deviation.
Note: Values are presented as n (%), mean � SD.

Table 2 Adjusted Cox’s proportional hazardsmodel for 10-year
AF in the derivation cohort

Characteristics Development cohort

z Adjusted HR
(95% CI)

p-Value

Age
(per 1-y increase)

48.9 1.072 (1.069–1.075) < 0.0001

Female gender –13.3 0.691 (0.655–0.730) < 0.0001

Body mass index
(per 1 kg/m2

increase)

20.5 1.050 (1.046–1.055) < 0.0001

Systolic blood
pressure
� 160 mm Hg

7.8 1.271 (1.197–1.349) < 0.0001

History of
myocardial
infarction

6.0 1.357 (1.229–1.498) < 0.0001

Peripheral arterial
disease

3.9 1.331 (1.157–1.535) < 0.0001

Hypertension 13.0 1.477 (1.392–1.566) < 0.0001

History of
heart failure

12.9 8.124 (5.909–11.160) < 0.0001

Chronic obstructive
pulmonary disease

3.8 1.223 (1.103–1.357) < 0.0001

Inflammatory
disease

–1.5 0.789 (0.580–1.074) 0.132

Age at prevalent
heart failure

–9.4 0.939 (0.926–0.951) < 0.0001

Female with
inflammatory
disease

2.3 1.54 (1.063–2.238) 0.023

Abbreviations: AF, atrial fibrillation; CI, confidence interval; HR, hazard risk.
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The estimated predicted probabilities of developing AF
during 10 years of follow-up according to the individual risk
score are shown in ►Table 4. The risk score had a c-index of
0.743 (95% confidence interval [CI], 0.737–0.749). The inter-
nal bootstrap validation indicated only minimal over-fitting
(optimism-corrected c-index 0.0742). ►Fig. 1A displays the
mean predicted probabilities of AF events from the model
with the observed risks at 10 years within each 10th of the
predicted risk in the derivation sample.

Validation of the Predictive Model
The risk score was applied to the validation cohort sample of
48,404 participants, of whom 2,791 (5.8%) developed AF. The
c-index of the risk score for the prediction of AF in the
validation cohort was 0.749 (95% CI, 0.741–0.759; p ¼ 0.32

compared with the derivation cohort). ►Fig. 1B compares
the mean predicted probabilities of 10-year AF with the
observed risks at 10 years within each 10th of the predicted
risk in the validation cohort. The similarities between pre-
dicted and observed 10-year AF risks within each risk decile
indicate good calibration. ►Table 5 shows the results for the
validation statistics for the whole validation dataset and for
men and women after application of the AF score. ►Fig. 2

shows that the 10-year incidence of AF within each risk class
(low, medium and high) was similar in the derivation and
validation cohorts.

Decision Curve Analysis
For the evaluation of clinical usefulness and net benefit, the
derivation and validation cohorts were combined to a single
dataset (n ¼ 145,182). The decision curve graphically dis-
plays the clinical usefulness of the model based on a con-
tinuum of potential thresholds for AF risk (x-axis) and the net
benefit of using the model to risk-stratify patients (y-axis)
relative to assuming no patient will develop AF. The decision
curve analysis displayed consistent positive net benefit of
using the AF risk score for decision thresholds between 1 and
25% 10-year AF risk (►Fig. 3). The prediction equation for AF
had higher net benefit than the CHARGE-AF and the
CHA2DS2-VASc risk scores across the range of risk thresholds.

Discussion

We have developed and validated a model and risk score to
predict the individual’s absolute risksofAFover10years based
on a contemporary community-based cohort using routinely
collected data in the primary care setting. The model is based
on data likely to be available to the primary physician at any
time point without the need for further laboratory testing or
imaging studies. Therefore, the risk score is readily implemen-
table and may help improve the management decisions by
clinicians in primary care, including identifying patients who
might benefit from monitoring or interventions to reduce AF

Table 4 Predicted 10-year risk of atrial fibrillation by risk score

Risk score 10-year risk of AF (%) % of subjects

–1 1.0 2.8

0 1.4 8.6

1 1.9 15.7

2 2.7 18.2

3 3.8 16.1

4 5.3 12.6

5 7.5 9.1

6 10.5 6.3

7 14.6 4.7

8 20.1 3.6

9 27.2 1.6

Abbreviation: AF, atrial fibrillation.

Table 3 Points assigned to atrial fibrillation risk factor categories

Characteristics Score

Age

50–54 0

55–59 1

60–64 2

65–69 3

70–74 4

75–79 5

80–84 6

� 85 7

Female gender –1

Body mass index (kg/m2)

18–24 0

25–31 1

32–38 2

� 39 3

History of myocardial infarction 1

History of PAD 1

Treated hypertension 1

Systolic blood pressure �160 mm Hg 1

Chronic obstructive lung disease 1

Female with autoimmune/
Inflammatory disease

1

Age of subject with heart failure

50–54 6

55–59 5

60–64 4

65–69 3

70–74 2

75–79 1

� 80 0

Abbreviation: PAD, peripheral arterial disease.
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risk. In fact, our model was developed as a tool to select
patients at high risk for sub-clinical AF for further screening,
as sub-clinical atrial tachyarrhythmias often preceded the
development of clinical AF.

The present risk score shares some variables with pre-
viouslydevelopedpredictionmodels forAF,9–11butalsodiffers
in several important ways. The larger sample size included in
its development and validation enabled us to identify several
novel predictive parameters including prevalent inflamma-
tory disease, PAD and chronic obstructive pulmonary disease
(COPD). BMIwasa strongpredictorofAFandused in themodel
as a continuous variable rather than a dichotomous one.

Various inflammatory markers and mediators such as
C-reactive protein, tumour necrosis factor-α, interleukin (IL)-
2, IL-6, IL-8 and monocyte chemoattractant protein-1 have
been associated with prevalent AF.26 However, few data are

available with regard to the effect of inflammation on incident
AF. In the Framingham Offspring Study, of 12 circulating
inflammatory biomarkers, only osteoprotegerin was margin-
ally associated with incident AF.27 In the Women’s Health
Study, an inflammation score was associated with incident
AF among women.28

The large sample size of our study allowed us to test the
association between inflammatory disorders and incident AF.
We found that an inflammatory disease (e.g. rheumatoid
arthritis, systemic lupus erythematosus, inflammatory bowel
disease) contributed to the riskof futureAFamongwomen. The
magnitude of this effect was equivalent to 5-year increase in
age. Taken together with the results of previous studies, these
results suggest that biomarkers of sub-clinical inflammation
may not be robust predictors of AF, whereas an overt inflam-
matory process clearly increases the risk for incident AF.

Table 5 Validation statistics for the AF risk score in the validation cohort

Statistic Validation cohort Validation cohort
males

Validation cohort
females

R2 (%)a 42.4 (39.8–45.4) 38.5 (34.9–43.2) 45.3 (41.7–49.2)

D-statistica 1.450 (1.388–1.512) 1.372 (1.286–1.458) 1.498 (1.410–1.586)

Harrell’s ca 0.749 (0.740–0.758) 0.734 (0.721–0.746) 0.760 (0.748–0.772)

Brier scoreb 0.0460 (0.0443–0.0477) 0.0512 (0.0487–0.0539) 0.0415 (0.0393–0.437)

Abbreviation: AF, atrial fibrillation.
Note: Values are mean (95% confidence interval).
aHigher values indicate better discrimination.
bLower values indicate better performance.

Fig. 1 Ten-year predictions for atrial fibrillation (AF). Patients were grouped into 10 equal-sized groups of predicted risk obtained from the risk score. Each
bar in the graph represents the average predicted or observed (Kaplan–Meier) incident AF risk in 10 years within the respective decile.

Thrombosis and Haemostasis Vol. 118 No. 9/2018

Risk Score for Prediction of 10-Year Atrial Fibrillation Aronson et al.1560

T
hi

s 
do

cu
m

en
t w

as
 d

ow
nl

oa
de

d 
fo

r 
pe

rs
on

al
 u

se
 o

nl
y.

 U
na

ut
ho

riz
ed

 d
is

tr
ib

ut
io

n 
is

 s
tr

ic
tly

 p
ro

hi
bi

te
d.



Additional components not included in previous scores
were PAD and COPD. PAD has been shown to be associated
with an inflammation and a pro-thrombotic state.29,30

Impaired lung function, even within the low-normal range, is
associated with systemic inflammation.31 In a population-
based cohort study, forced expiratory volume in one second
was inversely related to the incidence of AF.32 Therefore, the

underlying pro-inflammatoryalterations canbeof importance
in explaining the association of PAD and COPD with AF. Taken
together, inflammatory disease, PAD and COPD adds another
facet to the risk score that may represent a pro-inflammatory/
pro-thrombotic component contributing to AF risk.

The structural and neurohormonal changes in heart
failure make the development of AF more likely due to

Fig. 3 Decision curves for the atrial fibrillation (AF) prediction model. The net benefit (y-axis) of using the prediction model to guide clinical
decision is plotted in relation to assuming that no one is at risk (all negative), that all are at risk (all positive). AF risk predictions are calculated
based on the current prediction model, the CHARGE-AF score and the CHA2DS2-VASc score.

Fig. 2 Cumulative risk of atrial fibrillation by predicted 10-year risk group for the derivation cohort (solid lines) and the validation cohort (solid lines).
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maladaptive physiological changes including increased fill-
ing pressures, increased left atrial stretch and fibrosis,
contributing to the development of conduction abnormal-
ities and facilitating the initiation of AF.33 Prevalent heart
failure had the strongest effect on incident AF in younger
subjects in whom the overall AF risk was low. However, the
relative effect of heart failure diminished with increasing
age. The interaction between age and heart failure was also
observed in the Framingham Heart Study9 but not in the
ARIC Study10 and the CHARGE-AF consortium11 AF risk
scores.

A possible explanation for this effectmodification of age is
that diastolic dysfunction is responsible for many heart
failure caseswith preserved ejection fraction in the elderly.34

Diastolic dysfunction also promotes left atrial remodelling
and enlargement35 and is a precursor for AF in aging indi-
viduals even without overt heart failure.36,37 Aging is also
associated with high prevalence of structural and functional
abnormalities of the heart and accumulation of additional
co-morbidities that portend AF that may dilute the effect of
heart failure.

Strengths and Weaknesses
Our study has strengths and limitations that deserve com-
ment. A major strength of this study is the size and repre-
sentativeness of the study population, based on general
contemporary subjects and with a large number of incident
AF events included in the model. The population is closer to
the real world than other risk scores reported thus far. All
variables in the riskmodel can be easily obtained fromEHR in
most health care systems and directly calculated by the
computer. Thus, the AF risk score may be integrated in
computerized systems and calculated automatically for use
by health care providers.

Because our intention was to develop a risk score based
on readily available clinical data, our study lacks echocar-
diographic data. However, echocardiographic parameters
added little predictive information in previous studies.9,11

By using the EHR of the MHS patient population, our risk
model has the potential to perform better in the local
environment, but departures from the model prediction
may occur in other health systems.13 We may have missed
clinically unrecognized AF cases secondary to our reliance
on medical records plus periodic study examinations for the
diagnosis of AF.

Conclusion

We provide a simple score for the prediction of 10-year risk
for AF. The score can be used as a framework to discuss
prognosis and to provide evidence to support rational deci-
sion making in patients who are at highest risk and can be
candidates for more aggressive treatments of modifiable risk
factors. In addition to its utility in clinical decision making,
the predictive model might be used to select high-risk
individuals for clinical trials of primary prevention of AF or
intensive monitoring for AF detection. Additionally, physi-
cians may use the risk score to aid in the decision to initiate

active ECG screening and monitoring in patients with non-
specific complaints.

What is known about this topic?

• Risk scores for the prediction of atrial fibrillation (AF)
have been developed previously to identify high-risk
individuals more likely to benefit from preventive
interventions and serve as a benchmark to test novel
putative risk factors.

What does this paper add?

• The use of electronic health records that include real-
world data on large numbers of individualswas used to
develop AF risk score with novel risk factors.

• An inflammatory disease such as rheumatoid arthritis,
systemic lupus erythematosus or inflammatory bowel
disease was predictive of future AF.

• Peripheral arterial disease and chronic pulmonary
disease were also novel components not included in
previous models.

• Decision curve analysis demonstrated consistent posi-
tive net benefit of using the AF risk score for decision
thresholds between 1 and 25% 10-year AF risk.
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