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Abstract

Background: Atrial Fibrillation (AF) is the most common type of cardiac arrhythmia in the general population. Machine
Learning (ML) models can be utilized to identify the most pertinent risk factors and build reliable risk factor-based screening
algorithms.

Objective: The aim of current study was to evaluate ML in identifying risk factors associated with AF in Indian patients in
tertiary care settings.

Methods: This real-world, retrospective, observational, multicenter study was conducted by collecting data from anonymized
Electronic Medical Records (EMRs) of patients between 1 Jan 2016 and 31 Dec 2019. The ML logistic regression model was
used to calculate the Odds Ratio (OR) for identifying the risk factors.

Results: A total of 5044 patients were included in the study; cohort of AF (cases; n=2516) and non-AF patients (controls;
n=2528). The OR showed age above 65 years and female gender as risk factors for incident AF. Smoking, alcohol consumption,
dyslipidemia, and hemiplegia, were strongly associated risk factors for AF with high ORs. Chronic diseases such as cardiac
arrhythmia, paroxysmal tachycardia, rhematic heart disease, valvular heart disease, chronic obstructive pulmonary disease,
stroke, surgery, neurological history, and hypothyroidism also emerged from the model as risk factors for developing incident
AF. The model had an F1-score of 0.6930, predicting incident AF with an accuracy of 70.27% (accuracy=0.7027), sensitivity of
0.7042, and specificity of 0.7013. The model also had a positive predictive value of 0.6820 and a negative predictive value of
0.7230 with a threshold of 0.51 for the classification of true AF patients and an area under curve (AUC) of 0.7756.

Conclusions: The ML logistic regression model could be a useful predictive tool for incident AF that aids in AF risk
management and individualized clinical decision-making.
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Abstract

Background: Atrial Fibrillation (AF) is the most common type of cardiac arrhythmia in the

general  population.  Machine  Learning  (ML)  models  can  be  utilized  to  identify  the  most

pertinent risk factors and build reliable risk factor-based screening algorithms. 

Objective: The aim of current study was to evaluate ML in identifying risk factors associated

with AF in Indian patients in tertiary care settings.

Methods: This real-world, retrospective, observational, multicenter study was conducted by

collecting  data from anonymized Electronic Medical Records (EMRs) of patients between

1 Jan 2016 and 31 Dec 2019. The ML logistic regression model was used to calculate the

Odds Ratio (OR) for identifying the risk factors.

Result: A total of 5044 patients were included in the study; cohort of AF (cases; n=2516) and

non-AF patients (controls; n=2528). The OR showed age above 65 years and female gender as

risk factors for incident AF. Smoking, alcohol consumption, dyslipidemia, and hemiplegia,

were strongly associated risk factors for AF with high ORs. Chronic diseases such as cardiac

arrhythmia, paroxysmal tachycardia, rhematic heart disease, valvular heart disease, chronic

obstructive pulmonary disease, stroke, surgery, neurological history, and hypothyroidism also

emerged from the model as risk factors for developing incident AF. The model had an F1-

score  of  0.6930,  predicting  incident  AF  with  an  accuracy  of  70.27% (accuracy=0.7027),

sensitivity of 0.7042, and specificity of 0.7013. The model also had a positive predictive value

of  0.6820  and  a  negative  predictive  value  of  0.7230  with  a  threshold  of  0.51  for  the

classification of true AF patients and an area under curve (AUC) of 0.7756.

Conclusion: The ML logistic regression model could be a useful predictive tool for incident

AF that aids in AF risk management and individualized clinical decision-making.

Keywords: Atrial fibrillation; machine learning; risk factors; logistic regression model
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Introduction

Atrial Fibrillation (AF) is a condition characterized by supraventricular tachyarrhythmia with 

uncoordinated atrial activation and subsequently futile atrial contraction [1]. AF is the most 

common prolonged cardiac arrhythmia in the general population [2]. In the last 50 years, the 

prevalence of AF has increased 3-fold based on data from the Framingham Heart Study 

(FHS) [3]. As per the Global Burden of Disease (GBD), 37.57 million prevalent cases and 

3.05 million incident cases of AF were reported worldwide, contributing to 287,241 deaths 

[4].

Atrial Fibrillation is a multifaceted condition varying from an isolated electrophysiological 

disorder to a manifestation or outcome of other cardiac and noncardiac pathologies [5,6]. 

Stroke is the most concerning AF complication and AF is associated with a 4-to-5-fold 

increased risk of stroke [3]. The relevance of AF in India might be evaluated considering the 

likelihood that 20% of strokes among India’s 0.4 million stroke victims might be related to 

AF [7]. A study from Ludhiana evaluated 1,942 patients with stroke and found AF in 203 

(10%) patients [8]. Another hospital-based study in Dehradun, reported 62/246 (25%) 

patients with stroke and AF [9]. However, there are no large population-based prevalence 

studies of AF conducted in India.

The targeted AF screening approach has been successfully implemented in high-income 

countries [10-12] However, low- and middle-income countries, including India, lack such 

systematic efforts to screen for AF. With Machine Learning (ML) techniques, we can select 

the most pertinent risk factors from high-dimensional data and build reliable risk factor-based

screening algorithms [13], which can help identify non-linear associations and complex 

interactions between variables without requiring pre-specified relationships. A recent study 

reported that ML algorithms are accurate in detecting AF by transmitting electrocardiogram 

(ECG) data, enabling confirmation of AF, and improving the identification of newly 

diagnosed AF patients at risk [14]. The Cohorts for Heart and Aging Research in Genomic 

Epidemiology for Atrial Fibrillation (CHARGE-AF) have developed a ML model which 

delivers a simple 5-year AF risk [15]. Thus, through ML, we can predict diseases that would 

enable physicians to make quick decisions, by expanding their efficiency, and improving their

diagnostic accuracy.

However, most existing models use variables such as ECG parameters that are not commonly

available in the Electronic Medical Records (EMR). There have been attempts to develop 

EMR-based models, but these required either the use of lengthy prediction horizons or data 
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harmonization as an additional step [16]. Other models that use data from the EMRs produce 

a 5-year risk prediction using binned risk categories [17, 18]. The ML AF-risk model may 

lower the risk of stroke or systemic embolism and aid healthcare practitioners in 

understanding the characteristics of the disease. Thus, the present study aimed to develop a 

ML model from EMR data to identify risk factors associated with the development of 

incident AF in Indian patients in tertiary care settings.

Methods

Study design and data sources

This real-world, retrospective, observational, multicenter study was conducted by collecting 

patients’ data from anonymized EMRs between 1 Jan 2016 and 31 Dec 2019 from seven 

tertiary care centers including private hospitals, institutes, and medical colleges across India. 

The baseline period was from 01 Jan 2016 to 31 Dec 2017 for patient identification followed 

by an outcome period (01 Jan 2018 to 31 Dec 2019) and an index date—the first day of AF 

recording. The ML logistic regression model was used to calculate the odds ratio (OR) for 

identifying the risk factors.

Study population

The study inclusion criteria were patients aged ≥45 years, with a continuous enrolment in the 

dataset for 24 months pre-index date (baseline period: 01 Jan 2016 – 31 Dec 2017) and with 

incident documented AF diagnosis between 01 Jan 2018 and 31 Dec 2019 (outcome period) 

for cases and till the end of study (01 Jan 2016 to 31 Dec 2019) or death for controls. Patients

had to have two ECG-datapoints (preferably one each year) during the baseline period, and 

medical history present in the EMR with diagnosis, clinical visits, medical prescriptions, and 

administration or any other recorded activity. For cases, it was required to have a diagnosis of

AF and a new ambulatory verified or primary or secondary hospital discharge diagnosis of 

AF during the outcome period. Patients with AF diagnosis in the 24 months pre-index period,

with unknown status of AF during the outcome period, and with incomplete EMRs were 

excluded.

Ethical considerations

The study was conducted as per the protocol and principles of the Declaration of Helsinki and

in accordance with legal  and regulatory requirements,  as well  as  with scientific  purpose,

value, and rigor, and followed generally accepted research practices described in International

Ethical  Guidelines  for  Epidemiological  Studies  issued  by  the  Council  for  International
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Organizations of Medical Sciences (CIOMS) [19]. The study was conducted after approval

by  the  Royal  Pune Independent  Ethics  Committee,  Pune;  Institutional  Ethics  Committee

(IEC), Fortis Hospital, Mohali; IEC, Bio Medical Research Apollo Hospitals, Chennai; IEC,

PD Hinduja Hospital and Medical Research Centre, Mumbai; IEC, Sehgal Nursing Home,

Delhi; and IEC, Gleneagles Global Hospitals,  Hyderabad. As it was a retrospective study

involving  EMRs  of  patients,  the  need  for  informed  consent  was  waived  by  the  ethics

committee.

Statistical analysis

Data analysis was performed internally. Data preparation for the analysis was done by 

standardizing data records, re-coding variables, creating the derived categorical variables 

from continuous variables, and removing the missing values for the variables (If a variable 

had high proportion of missing values i.e., threshold set to 20%, the variables were not used 

for the analysis). For the feature selection or selection of the significant variables for the 

logistic model, variables with less than 5% prevalence in each class, considered as having 

low support, were dropped. The Variance Inflation Factor (VIF) was used to assess the 

multicollinearity and Partial Least Squares (PLS) regression was used to assess the potential 

to support feature selection. The exploratory data analysis for cases (n=2516) and controls 

(n=2528) was carried out. The categorical variables were presented by n (%) and the 

numerical variables were presented by mean ± standard deviation (SD). A stepwise logistic 

regression model was used on the set of variables that were all statistically significant from 

the feature selection approaches. This is also known as a parsimonious approach. The dataset 

was further split into two data subsets (80% for training and 20% for testing). On every 

iteration, the model dropped a variable with p-value higher than 0.05 and repeated until all 

the remaining variables were statistically significant (p<0.05). All the logistic regression 

models, even the preliminary, were fine-tuned by experimenting with different optimizers 

(e.g., newton, bfgs, powell, cg, ncg, basinhopping, minimize). The assessment of the 

performance of the regression model was done based on the optimal cutoff and the diagnostic

accuracy parameters [overall accuracy, f1 score, sensitivity, specificity, positive and negative 

predictive and, area under curve and Receiver operating characteristic (AUC-ROC)]. Ethical 

AI analysis was used to obtain the OR for the selected variables to assess the effect of the 

selected explanatory variables on the outcome variable (development of AF). The explanatory

variables with OR above 1.0 were considered as risk factors and below 1.0 were considered 

as protective factors.
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Results

Demographic and baseline characteristics

A total of 5044 patient records were screened; most patients were in the age group of 55-64

years  in  both  control  [970  (38.37%)]  and  case  [898  (35.69%)]  groups  with  majority  of

patients  being  males  in  both  control  [1751 (69.26%)] and case  groups [1562 (62.08%)].

Further, hypertension was reported by 1242 (49.13%) patients in the control group and 948

(37.68%) patients in the case group. Obesity was reported in 259 (10.29%) patients in the

control group and 133 (5.26%) patients in the case group (see  Table 1). The other baseline

characteristics Body Mass Index (BMI), pulse and blood pressure, lipid parameters, thyroid

parameters, and glycemic parameters are presented in the Supplementary Tables S-1 and S-2.

Table 1: Demographic and baseline characteristics of patients (N=5044)

Variables

Control

(N=2528)

Case

(N=2516)
n (%) n (%)

Age Distribution; n (%)

45-54 Years 290 (11.47%) 211 (8.39%)

55-64 Years 970 (38.37%) 898 (35.69%)

65-74 Years 707 (27.97%) 777 (30.88%)

75-84 Years 456 (18.04%) 513 (20.39%)

≥85 Years 105 (4.15%) 117 (4.65%)

Gender, n (%)

Female 777 (30.74%) 954 (37.92%)

Male 1751 (69.26%) 1562 (62.08%)

Hypertension (mmHg), n (%) 1242 (49.13%) 948 (37.68%)

Duration since diagnosis (years) Mean ± SD 8.27 ± 5.02 4.66 ± 2.93

Obesity, n (%) 259 (10.29%) 133 (5.26%)

Duration since diagnosis (years) Mean ± SD 9.28 ± 3.27 5.03 ± 3.79
SD: Standard deviation

Telmisartan (18.43%), atorvastatin (17.96%), sulfonylureas (14%), and amlodipine (12.74%)

were  the  most  prescribed  concomitant  drugs  in  the  controls,  whereas  aspirin  (10.89%),

sulfonylureas  (10.02%),  telmisartan  (9.62%),  and  amlodipine/atorvastatin  (7.47%/7.35%)

were the most prescribed concomitant drugs in the cases (Supplementary Table S-3). Baseline

comorbidities are presented in Supplementary Table S-4.

Risk of incident AF

The  below-mentioned  findings  demonstrated  gender  male,  age  55  -  ≥85  years,  chronic

obstructive pulmonary disease,  diabetes mellitus,  Triglyceride (TG) 150-199 mg/dL,  Low

Density Lipoprotein (LDL) 100-129 mg/dL, High Density Lipoprotein (HDL) <40 mg/dL,
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HDL ≥60  mg/dL,  heart  failure,  cardiovascular  history,  past  surgical  history,  history  of

smoking  and  alcohol,  hypertension,  obesity,  elevated  blood  pressure,  isolated  systolic

hypertension have statistically significant (p-value<0.001) impact (either risk or protective)

on the development of AF (see Table 2).

Table 2: Association of independent variables on incident atrial fibrillation

Parameter
Regression

Coefficient

Standard

Error
z value

Regression

Coefficient

(95% CI)

p-value

Sex, male -0.397 0.080 -4.982 -0.554, -0.241 <0.001

Age, 55-64 Years 0.341 0.098 3.490 0.15, 0.532 <0.001

Age, 65-74 Years 0.560 0.106 5.288 0.352, 0.767 <0.001

Age, 75-84 Years 0.540 0.113 4.774 0.318, 0.762 <0.001

 Age, ≥85 Years 0.502 0.176 2.856 0.158, 0.847 0.004

Chronic obstructive pulmonary

disease 
1.712 0.294 5.827 1.136, 2.287 <0.001

Diabetes mellitus -1.338 0.087 -15.369 -1.508, -1.167 <0.001

TG 150-199 mg/dL 0.223 0.105 2.133 0.018, 0.428 0.033

LDL 100-129 mg/dL 0.625 0.119 5.257 0.392, 0.858 <0.001

HDL <40 mg/dL 1.224 0.092 13.343 1.044, 1.403 <0.001

HDL ≥60 mg/dL 0.937 0.091 10.247 0.758, 1.117 <0.001

Heart failure -0.309 0.129 -2.392 -0.563, -0.056 0.017

Cardiovascular history -1.725 0.105 -16.425 -1.931, -1.519 <0.001

Past surgical history 1.273 0.196 6.510 0.89, 1.657 <0.001

History of smoking 1.056 0.263 4.021 0.541, 1.571 <0.001

History of alcohol 1.997 0.312 6.405 1.386, 2.608 <0.001

Hypertension -0.194 0.078 -2.504 -0.346, -0.042 0.012

Obesity -0.823 0.143 -5.769 -1.103, -0.543 <0.001

Elevated blood pressure -0.966 0.129 -7.477 -1.219, -0.713 <0.001

Isolated systolic hypertension -0.646 0.101 -6.401 -0.844, -0.448 <0.001
CI: Confidence interval, HDL: High density lipoprotein, LDL: Low density lipoprotein, TG: Triglycerides

Pseudo R-Square = 0.244; Log-Likelihood Value = -2115.30; p-value <0.001

The  OR showed  age  above  65 years  and  female  gender  as  risk  factors  for  incident  AF.

Smoking, alcohol consumption, dyslipidemia, and hemiplegia, were strongly associated risk

factors  for  AF with  high  ORs.  Chronic  diseases  such as  cardiac  arrhythmia,  paroxysmal

tachycardia,  rhematic  heart  disease,  valvular heart  disease,  chronic obstructive pulmonary

disease,  stroke,  surgery,  orthopedic history,  neurological  history,  and hypothyroidism also

emerged from the model as risk factors for developing incident AF (see Table 3 and Figure

1).

The OR was less than 1 for adverse drug reaction, age 45-54 years, Diabetes Mellitus (DM),
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obesity, elevated blood pressure, myocardial infarction, hypertension, coronary heart disease

and  renal  disease  suggesting  that  these  variables  are  not  the  risk  factors  for  developing

incident AF (see Table 3 and Figure 1).

Table 3: Impact of independent variables on incident atrial fibrillation

Variables Odds Ratio (95% CI)

Adverse drug reaction 0 (0, 0)

Age 55-64* 1.0

Age 45-54 0.7 (0.6, 1)

Age 65-74 1.1 (1, 1.4)

Age 75-84 1.2 (1.1, 1.4)

Age ≥85 1.1 (0.9, 1.5)

Female gender 1.3 (1.2, 1.5)

High blood pressure 1.0

Elevated blood pressure 0.4 (0.4, 0.6)

Normal blood pressure 1.0 (0.9, 1.2)

Cardiac arrhythmia 1.6 (0.9, 2.9)

Cardiovascular history 0.2 (0.2, 0.2)

COPD 6.8 (4.5, 10.4)

Coronary heart disease 0.4 (0.3, 0.7)

Diabetes mellitus 0.2 (0.3, 0.3)

Hemiplegia 10.0 (5.5, 21.6)

HDL_≥ 80 mg/dL (High*) 1.0

HDL ≥60 mg/dL (Good) 2.2 (1.9, 2.5)

HDL <40 mg/dL (Low) 3.1 (2.8, 3.7)

LDL <100 mg/dL 1.0

LDL 100-129 mg/dL 1.4 (1.2, 1.7)

LDL 130-159 mg/dL 1.6 (1.2, 2.4)

LDL 160-189 mg/dL 2.9 (0.9, 9.2)

LDL ≥190 mg/dL 12.0 (1.7, 98.5)

TC <200 mg/dL* 1.0

TC 200-239 mg/dL 1.8 (1.4, 2.5)

TC ≥240 mg/dL 7.8 (3.9, 15.7)

TG <150 mg/dL* 1.0

TG 150-199 mg/dL 0.9 (0.8, 1.1)

TG 200-499 mg/dL 9.9 (4.6, 21.7)

History of alcohol 11.0 (7.0, 18.4)

History of smoking 5.4 (3.7, 8.2)

Hypertension 0.6 (0.6, 0.7)

Myocardial infraction 0.9 (0.8, 1.1)

Neurological history 2.3 (0.9, 6.1)

Obesity 0.4 (0.4, 0.6) 

Obstructive respiratory disorder 0.5 (0.2, 1.3)

8
https://preprints.jmir.org/preprint/63662 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Kulkarni et al

Orthopedic history 1.6 (1.2, 2.3)

Paroxysmal tachycardia 5.8 (3.7, 9.1)

Pulse Rate 60-100 bpm* 1.0

Pulse Rate <60 bpm 0.2 (0, 1.7)

Pulse Rate >100 bpm 0.8 (0.3, 2.4)

Renal disease history 0.1 (0.1, 0.3)

Rhematic heart disease 1.4 (0.7, 3)

Hyperthyroidism 1.0 (0.1, 7.2)

Hypothyroidism 1.1 (0.9, 1.5)

Stroke 1.3 (1.1, 1.8)

Valvular heart disease 4.2 (2.6, 6.8)

Past surgical history 2.6 (2, 3.4)

CABG Null

Cholecystectomy 4.6 (2.8, 7.7)

Hemorrhoidectomy 5.4 (3.2, 9.4)

Chronic kidney disease 1.0 (0.9, 1.3)

Family member with medical history 1.0 (0.1, 16.1)

Heart failure 1.0 (0.9, 1.3)

Chronic infectious diseases history Null

Gynecological history Null

Other pulmonary heart disease Null

Respiratory history Null
CABG: Coronary artery bypass graft, CI: Confidence interval, COPD: Chronic obstructive pulmonary disease, HDL: High

density lipoprotein, LDL: Low density lipoprotein, TC: Total cholesterol, TG: Triglycerides,
* Note: Absence of disease was considered as reference (OR=1)
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Figure 1: Forest plot of the impact of independent variables on AF

The logistic regression model reported Pseudo R-Square = 0.244 i.e., the model was able to

explain 24.4% variation in the outcome variable and the Log-Likelihood Value at -2115.30.

This regression model was able to fit the observed data significantly (p<0.001). The model

had  an  F1-score  of  0.6930,  predicting  incident  AF  with  an  accuracy  of  70.27%

(accuracy=0.7027), sensitivity of 0.7042, and specificity of 0.7013. The model also had a

positive predictive value of 0.6820 and a negative predictive value of 0.7230 with a threshold

of 0.51 for the classification of true AF patients and an AUC of 0.7756 (see Figure 2).
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Figure 2: ROC curve

Discussion

Principle Findings

Clinical risk prediction models have been extensively used in several medical domains. By

utilizing individual-level data, these models aim to predict clinically relevant outcomes. The

current  study identified  the  predictors  for  incident  AF by using  ML techniques.  The OR

calculated  based  on  the  ML reported  that  age  above  65 years,  female  gender,  alcohol

consumption  and  smoking,  hemiplegia,  dyslipidemia,  hypothyroidism,  paroxysmal

tachycardia, rheumatic heart disease, stroke, valvular heart disease, cardiac arrhythmia were

the risk factors for developing incident AF.

The  ML  regression  model  used  had  an  F1-score  of  0.6930,  accuracy  of  70.27%

(accuracy=0.7027) sensitivity of 0.7042, specificity of 0.7013, positive predictive value of

0.6820, and negative predictive value of 0.7230 with threshold of 0.51 for the classification

of true AF patients and an AUC of 0.7756. The AUC value 0.7756 (AUC=77.56%) indicated

that  the  model  could  distinguish  the  true  AF  patients  from  the  population.  The  current

regression model reported 0.244 Pseudo R-Square which measured the independent variables

to explain the variation in the dependent variables. Therefore, 24.4% of the variation in the

dependent variables were explained by the independent variables. Further, the current model

reported a Log-Likelihood value as -2115.30. Hence, this regression model was able to fit the
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observed data significantly (p<0.001).

Comparison With Prior Work

Similar to the current study findings, Humel et  al.  had estimated AF risk using routinely

ascertained features in electronic health record (EHR) and validated a prediction model for

five-year AF risk with female gender, age above 65 years, smoking, hyperlipidemia, valvular

heart disease, and hypothyroidism as AF risk factors [17].

The  atrial  myocardium undergoes  electrical  and  structural  remodeling  with  age,  both  of

which may play an important role in the initiation and/or perpetuation of atrial arrhythmias

and provide  a  substrate  for  AF [20].  The current  study reported  age  above 65 years  and

female gender as the risk factors for developing incident AF, comparable to the results from a

retrospective cohort study by Piccini et al., which reported incident AF (n=433, 123) in 55%

of females and patients with a mean age of 80 years [21].

Smoking and alcohol consumption increase the lifetime risk of a rapid and irregular heart

rate, and the development of AF [22]. In the current study, patients might have an unhealthy

lifestyle  with  excess  consumption  of  alcohol  and tobacco together,  which  triggers  a  risk

factor for the development of AF. Similar to current study findings, several clinical studies

have suggested that smoking and high alcohol consumption are risk factors for incident AF

[23-25]. Lu et al. reported that the OR per one-unit increase of smoking initiation was 1.11

(95% confidence interval (CI), 1.06–1.16; P=3.35×10−6 ) for AF, and intake of heavy alcohol

increased the risk of AF (OR 1.11; 95% CI, 1.04–1.18; P=0.001) [26].

It is a known fact that dyslipidemia is a major risk factor for cardiovascular disease. Elevated

LDL and decreased levels of HDL are associated with reduced systolic and diastolic left

ventricle function, which are risk factors for AF [27]. This was seen in the current study’s

outcomes  as  well.  Additionally,  a  population  based-study  conducted  on  >  65,000  adults,

observed  lower  levels  of  HDL-C,  high  TG  levels,  and  a  high  TG/HDL-C  ratio  to  be

consistently associated with a higher risk of AF over 3 decades of follow-up [28].

In  accordance  with  the  current  study,  Schnabel  et  al.  reported  that  the  patients  with

hemiplegia and paroxysmal tachycardia were 3.04 (95% CI 2.86–3.23) and 2.20 (95% CI

2.11–2.30) times more likely to be diagnosed with AF, respectively [29].

Hypothyroidism  is  known  to  be  associated  with  cardiovascular  risk  factors,  subclinical

cardiovascular disease, and overt cardiovascular disease, all of which predispose to AF [30].

Similar findings were seen in the current study, where hypothyroidism was found to be a risk

factor  for  AF.  Further,  by  using  a  logistic  regression  model,  Jamies  et  al.  reported
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hypothyroidism to be significantly associated with AF [Risk Ratio 1.9 (1.05-3.8, p=0.04)]

[31].

In the current study, COPD was reported as a risk factor for AF, which was also observed in

Liao et  al.,  and Konecny et  al.  studies,  where the incidence of AF was higher  in COPD

patients and was significantly (p<0.05) associated with AF [32, 33]. In a disease such as

COPD, serum C-reactive protein (CRP) levels are significantly higher in AF patients. CRP

reflects an inflammatory state in coronary endothelial cells, which results in thromboembolic

risk [34]. The association between AF and rhematic heart disease is well established. The

current  study showed the presence of rhematic  heart  disease to  be a strong predictor  for

development of AF. Similar associations were seen in an observational cross-sectional study

by Dhungana et al., the prevalence of AF was 36.3% in 330 cases of rhematic heart disease

patients [35]. Further, many studies have also revealed the prevalence of AF in patients with

rhematic heart disease, ranging from 13.9% to 43% [36-38]. AF is one of the ten potentially

modifiable risk factors associated with acute stroke [39]. In the current study, stroke was

reported as a risk factor for AF. Similarly, Oladiran et al., and Yaghi et al., found that AF is

associated with the risk of stroke, with its incidence being high in patients with AF [40, 41].

Further, in line with the current study findings, several studies have reported valvular heart

disease,  surgery,  neurological  and  orthopedic  history  as  risk  factors  for  AF  [40,  42-44].

Ambale et al. had used ML for the detection of AF using wearable technology and reported

that ML improved the prediction accuracy of cardiovascular event prediction in an initially

asymptomatic population [45]. Tiwari et al. had also studied ML approaches to EHR data for

the  identification  of  risk factors  for  AF and discovered  it  to  be  a  promising  method for

improving risk prediction for incident AF [16].

Contrary to the current study findings, few studies have reported male sex, weight, diabetes

mellitus, hypertension, heart failure, and cardiovascular history as risk factors for AF [16, 17,

46].

There is conflicting data as to whether gender plays a role in the association between various

risk factors and the development of AF. Females with AF tend to have a higher incidence of

valvular heart disease, while males have a higher incidence of coronary artery disease [47].

Population studies have shown a variable range of gender differences, including a higher

prevalence of AF in males and a higher risk of AF recurrence in females [48]. In the present

study, most patients were male in both control (69.26%) and case (62.08%) groups, which

may be a confounding factor for the female gender to emerge as a risk factor for developing

AF in the current study.
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An  association  between  obesity  and  AF  has  already  been  established  in  the  literature.

However, a 12-month longitudinal observational study by Rodriguez-Reyes et al., on patients

with documented AF demonstrated that mortality in these patients was inversely associated

with high BMI [49]. Post hoc analysis  studies have also found that the presence of both

overweight and obesity in patients with non-valvular AF is associated with a lower risk for

stroke and all-cause death [50, 51]. Obese individual patients with coronary heart disease or

pre-existing heart failure have a more favorable prognosis; known as the obesity paradox

[52]. In addition, the current study reported obesity only in 10.29% of patients in controls and

5.26%  of  patients  in  cases,  which  could  be  another  reason  for  obesity  emerging  as  a

protective effect for developing AF.

Previous evidence on the association of diabetes with AF symptoms has been sparse. The

original  Framingham heart  study  results  showed hypertension,  diabetes,  congestive  heart

failure, and valvular heart disease as an independent risk factors for AF [47]. A survey in

China had found that DM was not an independent risk factor for AF in the multivariate model

[53]. Patients with DM perceive AF symptoms less often than those without DM [54, 55],

with few studies suggesting no association of DM with AF and demonstrating DM as a non-

significant  risk  predictor  for  AF  [56-58].  Several  mechanisms  can  explain  the  reduced

manifestation of AF symptoms in patients with DM, a potential mechanism through which

DM can affect  AF symptoms is  cardiac  autonomic  neuropathy.  Diabetes-induced  cardiac

autonomic neuropathy can reduce the sensitivity of cardiac nerves and ultimately attenuate

the perception of AF symptoms [59, 60]. Hence, the currently developed model does not

indicate DM as a risk factor for developing incident AF.

AF is  associated  with  a  range  of  cardiac  outcomes.  The  present  model  did  not  indicate

cardiovascular  history  as  a  risk  factor  for  developing  incident  AF.  A large  cohort  study

suggested that AF is not strongly associated with ischemic heart disease [61]. Instead, AF is

associated with impaired coronary flow and diminished myocardial perfusion [62]. Several

studies have also found the associations of AF with cardiovascular outcomes [63, 64]. In

contrast, He et al., observed that the yearly risk of myocardial infarction (MI) in patients with

AF was low, with pharmacological intervention skewed towards the degree of its impact [65].

Since in the current study, angiotensin-II receptor blockers, calcium channel blockers, and

statins  were commonly prescribed drugs  and could  have been a  protective  factor  against

adverse  cardiovascular  outcomes,  the  currently  developed  model  did  not  indicate

cardiovascular history as a risk factor for developing incident AF.

A correlation between hypertension and AF has already been demonstrated in several studies
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[66,  67].  However,  in  line  with  current  study  findings,  Thacker  et  al.,  in  a  multicentric

population-based inception cohort study, had reported no association of hypertension with

permanent  AF  [68].  Similar  findings  were  reported  in  the  Canadian  Registry  of  Atrial

Fibrillation (CARAF) study,  where hypertension was not associated with AF [69].  In the

present study, most of the patients with hypertension were in control (49.13%) group which

may  be  a  confounding  factor  for  the  hypertension  to  emerge  as  a  protective  effect  for

developing AF.  Further,  an  angiotensin  II  receptor  antagonist  (telmisartan)  was  the  most

prescribed concomitant drug which could show a protective effect against AF.

Limitations

The study limitations include the inability to identify participants to predict the risk of AF 

with incomplete or no previous clinical data records. There was a possibility of undiagnosed 

AF patients ending up in the control group as they were yet to receive the right diagnosis, 

which would obscure the results. Thus, further studies on proof of concept are needed to 

implement these models in existing databases of tertiary care centers.

Conclusions

The logistic regression model used in the current study successfully identified age above

65 years,  female  gender,  alcohol  consumption  and  smoking,  hemiplegia,  dyslipidemia,

hypothyroidism,  paroxysmal  tachycardia,  rhematic  heart  disease,  stroke,  valvular  heart

disease, cardiac arrhythmia, COPD, surgery, neurological, and orthopedic history as the risk

factors associated with the development of incident AF in Indian patients in the tertiary care

settings. However, this model predicted a few risks factors contrary to other studies, which

may have been due to demographics or usage of chronic disease medications by patients. The

current ML model has the potential to be a valuable predictive tool for incident AF, assisting

clinicians in AF risk management and individualized clinical decision-making.
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