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Background: Patients with sleep apnea (SA) and coronary artery disease (CAD) are at higher risk of atrial fibrillation (AF) than the general population. Our objectives were: to evaluate the role of CAD and SA in determining AF risk through cluster and survival analysis, and to develop a risk model for predicting AF.

Methods: Electronic medical record (EMR) database from 22,302 individuals including 10,202 individuals with AF, CAD, and SA, and 12,100 individuals without these diseases were analyzed using K-means clustering technique; k-nearest neighbor (kNN) algorithm and survival analysis. Age, sex, and diseases developed for each individual during 9 years were used for cluster and survival analysis.

Results: The risk models for AF, CAD, and SA were identified with high accuracy and sensitivity (0.98). Cluster analysis showed that CAD and high blood pressure (HBP) are the most prevalent diseases in the AF group, HBP is the most prevalent disease in CAD; and HBP and CAD are the most prevalent diseases in the SA group. Survival analysis demonstrated that individuals with HBP, CAD, and SA had a 1.5-fold increased risk of developing AF [hazard ratio (HR): 1.49, 95% CI: 1.18–1.87, p = 0.0041; HR: 1.46, 95% CI: 1.09–1.96, p = 0.01; HR: 1.54, 95% CI: 1.22–1.94, p = 0.0039, respectively] and individuals with chronic kidney disease (CKD) developed AF approximately 50% earlier than patients without these comorbidities in a period of 7 years (HR: 3.36, 95% CI: 1.46–7.73, p = 0.0023). Comorbidities that contributed to develop AF earlier in females compared to males in the group of 50–64 years were HBP (HR: 3.75 95% CI: 1.08–13, p = 0.04) CAD and SA in the group of 60–75 years were (HR: 2.4 95% CI: 1.18–4.86, p = 0.02; HR: 2.51, 95% CI: 1.14–5.52, p = 0.02, respectively).

Conclusion: Machine learning based algorithms demonstrated that CAD, SA, HBP, and CKD are significant risk factors for developing AF in a Latin–American population.
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Introduction

Atrial fibrillation (AF) is the most common heart rhythm disorder, however, frequently remains undiagnosed, or manifests sub-clinically. The prevalence of AF increases with age and is approximately 15% in individuals older than 80 years (1, 2). The worldwide increasing prevalence of AF may be explained by population aging and the increased prevalence of risk factors such as obesity (3). Additionally, undiagnosed obstructive sleep apnea (OSA) may contribute to the increasing incidence of AF and coronary artery disease (CAD) (4, 5). CAD is present in 17–46.5% of patients with AF (6, 7). Both AF and CAD share associated risk factors such as obesity, OSA, hypertension (HBP), diabetes mellitus (DM), family history, age, sex, ethnicity, sedentary lifestyle, smoking, heart failure, and valvular heart disease (8–10). Of note up to 30% of AF individuals may be asymptomatic, increasing the risk of stroke, and heart failure, and reducing overall survival, thereby incrementing healthcare costs (11).

Screening for detection of subclinical AF has been recommended by multiple cardiovascular and stroke guidelines. However, significant questions regarding the best technology and the duration of monitoring have been raised. Additionally, routine use of technology for AF detection is pragmatically limited (12). Incremental usage of wearable needs to be implemented to increase detection design tools for risk stratification, unfortunately healthcare systems are conservative and delayed in integrating these technologies as a population-based measure (13). Effective detection of subclinical AF may be enhanced by risk-prediction models developed through machine learning methods used in precision medicine (14).

Electronic medical records (EMR) are a valuable source for research since predictive variables can be extracted to develop these models. EMR are being used to classify, diagnose and predict future hospitalization through machine learning methods (15, 16). Lima et al. state that machine learning aims to study and develop computational methods to obtain systems capable of acquiring knowledge automatically (17). The construction of this occurs with the listing of input and output variables from sampled data. The automatic variable selection included in machine learning techniques could reduce the assumptions and human involvement required in other prognostic models (18).

Machine learning methods can reduce bias caused by human intervention resulting in more accurate prognostic models and have been useful to establish clinical phenotyping, risk stratification and treatment outcomes (19, 20). However, approximately 10% of AF patients may have been misclassified with AF algorithms and the risk factor profile over time should be considered in the development of these algorithms (21). The Multi-ethnic study of atherosclerosis (MESA) has employed machine-learning techniques to predict 5-year AF risk by adding novel candidate variables identified by machine learning and derived from the Cohorts for Heart and Aging Research in Genomic Epidemiology (CHARGE) AF Enriched score (22). However, subclinical AF was not identified, but this limitation is present in other AF prediction studies (23). Additionally, AF risk prediction models may be limited by racial/ethnic diversity. Therefore, the prevalence of AF varies among different ethnic populations, furthermore, findings from previous studies are inconsistent. AF seems less prevalent in individuals of Asian and African ethnicities compared to Caucasian and Hispanic individuals, but other investigations have reported a higher prevalence of AF in African Americans compared to Caucasians (24–26).

Predisposing factors for AF include biologic and genetic factors that include ionic K+ channel alterations that reduce the atrial refractory period and increase dispersion of refractoriness promoting re-entry while decreasing automaticity (9, 27), and genes and micro-RNA that control the ion regulating activity of Ca2+ and K+ channels that seem to be involved in atrial myopathy promoting AF (28). Cardiometabolic risk factor such as DM, HBP, obesity, OSA, and CAD are highly prevalent in AF. Therefore, genetic and biological mechanisms associated with these risk factors should be considered when developing AF risk prediction models.

Obstructive sleep apnea has been associated with several cardiovascular risk factors, including hypertension, AF, CAD, and cardiovascular mortality. However, OSA is often underestimated in cardiovascular practice (5). However, the causal effect on an increased risk of cardiovascular disease (CVD) has not been clearly established (29). Implementing artificial intelligence in large data samples of patients with OSA, AF, and CAD may clarify the cause effect role of these risk factors.

Given the aforementioned issues, the role of OSA and CAD in AF risk is still unclear. This study employs exploratory data analysis and machine learning techniques to develop a risk model for predicting AF and to evaluate the role of CAD and OSA in determining AF risk.



Materials and methods


Population

This is a retrospective cohort study, that used data derived from EMR from 22,302 individuals aged > 18 years of age who were seen at the Instituto del Corazón de Bucaramanga/Bogotá in Colombia, during 2010–2019. Data were de-identified, removed the duplicated and organized prior to analysis. The study was approved by the ethics committee at the Pontificia Universidad Javeriana (OD-0249). The sample included a database from 22,302 individuals (10,202 individuals with AF, CAD, and OSA and 12,100 individuals without AF, CAD, and OSA). The total of records (medical entities per visit) of these individuals during 2010–2019 were 177,656 (74,759 records of individuals with AF, CAD, and OSA and 102,897 records of individuals without AF, CAD, and OSA) (Table 1). The information contained in the records involved: date of consultation, diagnosis, international code of diagnosed disease (ICD), age, sex, height, weight, body mass index (BMI), symptoms, time until the diagnosis of CAD, AF, or OSA; results of cardiovascular test and procedures, family history, pharmacological, toxic, surgery, allergies and pathologic history, among others. The international classification of diseases 10th revision procedure classification system (ICD-10-PCS) used the ICD up to the categorical level (three digits, i.e., Z99) to assign the comorbidities in each patient. The group of patients with CAD included individuals who had obstruction of at least one main coronary artery of 50% or more, diagnosed by coronary angiography. All patients with OSA had been diagnosed through polysomnography (apnea-hypopnea index of five or more events per hour and oxygen desaturation of 3% or more). The diagnosis of AF was confirmed by 12 lead ECG. For patients diagnosed with the diseases of interest (CAD, OSA, and AF), all available data up to the date of consultation of the first diagnosis of the disease was used; for others, all available history.


TABLE 1    Distribution of sample.
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Data analysis

Electronic medical record information was cleaned to process data with well-defined criteria and context and patients with missing data were removed. Only data until the first diagnosis of the disease of interest is considered. First, the k-nearest neighbor (kNN) algorithm was applied to classify patients into groups to perform risk models for AF, CAD, or OSA. Next, the elbow method was applied to the data to identify the optimal number of groups in the data. The k-means method was used to group the sample in clusters before the event of interest (AF, OSA, or CAD) occurred. In the final step, survival analysis was performed using Cox proportional hazards (PH) models to evaluate the relationship between comorbidities and time to develop the diseases AF, CAD, or OSA.



Machine learning


Clustering

The experiment aims to identify clusters for AF, CAD, and OSA. The variables selected to perform the cluster for each disease included sex, age, and the time (in days) until the diagnosis of AF, CAD, or OSA. The Elbow method was applied to identify the ideal number of groups. The K-means clustering technique was used to perform the clustering.



Survival analysis

Survival analysis using multivariable Cox proportional hazard and Kaplan–Meier models was performed to identify the risk and time involved until the development of AF, OSA, or CAD. The start condition was age ≥ 18 years, and the time until diagnostic (T variable) is more than 0. The metrics used to measure the risk was hazard ratio (HR), and the model concordance was C-index.

The survival data for the individual i (i = 1,⋯, n) in the study, are represented, in general, by the pair (ti, δi) where ti is the time of breakdown and δi is an indicator variable of breakdown. In the presence of co-variables measured at the same individual level, such as xi = (sex, age, BMI), the data are represented by (ti, δi, xi). There is no special case of interval data, yet there is a representation (li, ui, δi, xi) where li and ui are, respectively, the lower and upper limits of the comparison range for the i-th individual.

The survival function is used to represent the probability of the event of interest, i.e., patient survival, during an interval of time t. In mathematics’ notation, we have: S(t) = P(T ≥ t), and the cumulative distribution function represents the probability of no survival on time t is F(t) = 1−S(t) and the density function of no survival can be obtained by [image: image], to continuous cases, and [image: image], where Δt denote a time interval to discrete cases.

The formula used for Cox PH model was: h(t) = h0(t) ⋅ g(βX′).

where g is a function such that g(0) = 1.

Therefore, Cox proportional-hazards analysis with a time-dependent definition for the AF, CAD, or OSA apparition were used (30). HR = exp[sum(Beta_n*Xn′)]/exp[sum (Beta_n*Xn″)]. Xn′ = control group. Xn″ = study group. HR > 1: increased risk to develop earlier the interest condition.



Risk algorithms

The objective of conducting this algorithm is to check if it is possible to identify the development of disease Y = {AF, CAD, OSA} given the patient was diagnosed according to an ICD code X, where X is derived from the EMR and the kNN method applied. Machine learning through kNN was employed to identify the risk of developing AF, OSA, or CAD, based only on EMR and without the information of the diagnostic. To build prognostic models by machine learning, the parameter K varied between 3 and 30. For each one of these values, it carried out ten experiments and, in each experiment, the sample was randomly split into a training cohort (70% of the patients), and a validation cohort (30% of patients) (31). The validation cohort was used to evaluate the effectiveness of the final models.





Results

The present analysis included 10,202 individuals represented by 1,686 with AF, 7,879 with CAD, and 1,032 with OSA. The comparison group include 12,100 individuals without these diseases. The prevalence of AF, OSA, and CAD in groups classified by sex and age are shown in Table 2.


TABLE 2    Prevalence of AF, OSA, and CAD in groups classified by sex and age.
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Cluster analysis

Seven clusters were identified for each disease AF, CAD, and OSA. The clusters that grouped the majority number of patients are described in Table 3 and Figure 1. The most prevalent diseases in the first cluster that group the largest number of individuals with AF (79.2%) were CAD (25.57%) and HBP (20.01%), in the second cluster of AF (9.14% of individuals) CAD and HBP were also the most prevalent diseases, but other diseases such as chronic obstructive pulmonary disease (COPD) were included in this cluster. The most prevalent disease in the first cluster that group the largest number of individuals with CAD (91.5% of individuals) was HBP (23.39%), but 4% of these individuals had AF. The most prevalent diseases for the first cluster (66.76% of individuals) second cluster (16.08%) that group the largest number individuals with OSA were HBP, CAD, and AF.


TABLE 3    Clustering.
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FIGURE 1
Clusters. (A) Clusters with the major number of individuals (66–91.5%) for AF, CAD, and OSA. CAD and HPB were the most prevalent diseases in AF cluster, HPB was the most prevalent diseases in CAD cluster, and HBP and CAD were the most prevalent diseases in the OSA cluster. (B) Show the same prevalent diseases for each cluster (4.6–16% of individuals), but with more comorbidities in each group. CAD, Coronary artery disease; HBP, High blood pressure; COPD, Chronic obstructive pulmonary disease.




Survival analysis

The findings of survival analysis are shown in Figure 2 and Table 4. This analysis demonstrated that HBP, CAD, chronic kidney disease (CKD), and OSA significantly contribute to the AF outcome in patients older than 50 years (HBP = HR: 1.54, 95% CI: 1.22–1.94, p = 0.0039; CAD = HR: 1.49, 95% CI: 1.18–1.87, p = 0.0041; CKD = HR: 3.36, 95% CI: 1.46–7.73, p = 0.0023 and OSA = HR: 1.46 95% CI: 1.09–1.96, p = 0.01). Subsequently, patients with CAD develop AF earlier when CAD is associated with CKD (HR: 2.87, 95% CI: 1.06–7.81, p = 0.04). The survival analysis for the risk of AF comparing men and women by decades in patients older than 50 years showed that women develop AF earlier between 50 and 64 years when associated with HBP (HR: 3.75, 95% CI: 1.08–13, p = 0.04), in patients between 60 and 75 years with CAD (HR: 2.4, 95% CI: 1.18–4.86, p = 0.02) and OSA (HR: 2.51, 95% CI: 1.14–5.52, p = 0.02), and in women older than 75 years with HBP (HR: 2.1, 95% CI: 1.26–3.52, p = 0.0037) and CAD (HR: 1.67, 95% CI: 1.0–2.8, p = 0.05).


[image: image]

FIGURE 2
Survival Analysis for AF, CAD, and OSA. (A) Survival analysis for AF, CAD, and SA. The blue line represents study cohort and orange line the control cohort. The shading areas (blue and orange) represent the confidence intervals for each cohort. (B) Survival analysis for risk of AF development comparing male and females by decades of life.



TABLE 4    Results of Cox proportional hazards (PH) model.
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Risk algorithms

The results of the risk models for AF in individuals with CAD and OSA are shown in Figure 3. These algorithms identified with high accuracy and sensitivity AF in individuals with CAD (Accuracy (ACC): 0.93; Area under the receiver operating characteristic curve (AUC): 0.81; Sensitivity: 0.63; Specificity: 0.99), in individuals with OSA (ACC: 0.92; AUC: 0.70; Sensitivity: 0.99; Specificity: 0.40), and in all individuals of the sample (ACC: 0.95; AUC: 0.80; Sensitivity: 0.99; Specificity: 0.63).
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FIGURE 3
Results of risk algorithms through kNN analyses. Each algorithm of KNN analysis was tested 10 times in the phase or training (70%) and validation (30%). (A) Risk models for AF in individuals with CAD (ACC: 0.93; AUC: 0.81; Sensitivity: 0.63; and Specificity: 0.99). (B) Risk models for AF in individuals with OSA (ACC: 0.92; AUC: 0.70; Sensitivity: 0.99; and Specificity: 0.40). (C) Risk models for AF in all individuals of the sample (ACC: 0.95; AUC: 0.80; Sensitivity: 0.99; and Specificity: 0.63). AF, Atrial Fibrillation; CAD, Coronary Artery Disease; SA, Sleep Apnea; ACC, Accuracy; AUC, Area Under de ROC: The average value of sensitivity for all possible values of specificity; ROC, Receiver Operating Characteristic (ROC) Curve. A plot of test sensitivity as the y coordinate versus its 1-specificity or false positive rate (FPR) as the x coordinate.





Discussion

The present investigation applied conventional statistical and machine learning techniques on a cohort of 22,302 EMR records from Latin American patients to build risk models and determine the effect of demographic and comorbid predictors on AF during a follow-up of approximately 7 years. The relationship with CAD and OSA was also explored; the main findings were: (1) Cluster analysis confirmed that comorbidities associated with AF, CAD, and OSA were HBP, CKD, hypertensive heart disease, mitral regurgitation, having a cardiac pacemaker and obesity; (2) kNN Machine learning was useful to classify each disease associated to its comorbidities independently via clusters (AF, CAD, and OSA) with very high rates (> 95%) of sensitivity, specificity, AUC and ACC; (3) On average a 1.5-fold increase in developing AF was observed in individuals with HBP, CAD, and OSA and a threefold increase with CKD. AF was developed approximately 50% earlier than patients without these comorbidities in a period of 7 years (the median time to develop AF was 943 days); (4) Individuals with CAD and CKD develop AF significantly earlier compared to those with CAD and preserved kidney function; (5) Finally, women show a risk biggest of up to 67% to develop AF in a period of 7 years compared to when HBP and CAD are present, this finding was primarily related to age.

The most frequent comorbidities grouped in clustering were explored in the survival analysis to identify the role of CAD and OSA to determine the risk of developing AF, but also, the relationship between AF, CAD, and OSA with other comorbidities. As expected, the prevalence of AF, OSA, and CAD increased in individuals older than 50 years, therefore patients were divided into a study and control cohort accordingly. Three findings derived from the survival analysis were relevant: (1) the inflection time to evaluate the risk of AF is clearly 50 years and HBP, CAD, OSA, and CKD were significantly associated with AF risk within a time frame of almost 7 years (2,500 days), (2) comorbidities significantly associated with CAD risk in patients over 50 years old during the same time frame were HBP, hypertensive heart disease and having a pacemaker previously implanted. Finally, the lifetime risk to develop AF in women was the 7th decade, however there is an almost twofold increase in the risk of developing AF when associated HBP and CAD. The pathophysiologic mechanisms involved in the differential risk for men and women per decade are unclear and may include increased pregnancies due to repeated hormonal exposure and other metabolic factors (32); including earlier age at menopause associated with the anti-inflammatory effects of estrogens (33), DM has been associated with incident AF in women but not in men (34), and OSA is more frequent in women older than 55 years (35). Siddiqi et al. reported that women are at higher risk for incident AF than men when BMI is analyzed in stratified models (36). Although the accumulation of comorbidities increases the chance of developing risk factors, some factors such as family history of AF, ethnicity and genetic risk profile should be considered to explain the increased AF risk in older women (37). Future directions for research include artificial intelligence and precision medicine to prevent the higher risk of heart failure and stroke associated with AF in women (38). Biomarkers based on genetic studies may allow us to clarify our understanding of sex dimorphism in AF.

The relationship between AF and CAD may be explained by the following facts: AF and CAD share multiple comorbidities, and the most significant comorbidity for AF risk was HBP followed by CAD while the most significant comorbidities for CAD risk were HBP and Hypertensive heart disease. This two-way relationship between AF and CAD shares a common pathway of inflammation and co-existent risk factors. Similarly, AF is present in 17–47% of patients with CAD while the prevalence of CAD in patients with AF has been reported from 0.2 to 5% (39). AF has worse clinical outcomes in patients with preserved ejection fraction without CAD compared to those with CAD (40). Further studies are necessary to investigate the biological mechanisms involved in the AF and CAD relationship.

Obstructive sleep apnea increased by one and a half fold the risk of developing AF. This finding is in keeping with previous studies. OSA, is a sleep disorder that has been recognized as a risk factor for CAD and more recently for AF reportedly having a fourfold risk of developing AF compared to non-SA patients (41). However, the prevalence of OSA in patients with AF has been reported in few studies and OSA screening in patients with AF remains uncommon. Nevertheless, the prevalence of OSA reported for patients with AF fluctuates from 18 to 70% depending on diagnostic criteria, sex and altitude (42–45).

The results of our cluster analyses identified seven phenotypes for each group of study (AF, CAD, OSA) and showed that HBP was the most prevalent comorbidity associated to CAD, OSA, and AF. Cluster analytic techniques used in several studies have proposed phenotypic groups for CVD risk and include HBP, AF, CAD and renal disfunction as comorbidities with the highest risk for heart failure and death (46). The role of OSA in the phenotypes groups of CVD risk has not been extensively studied. It has been reported that cardiovascular risk among patients with OSA is related with excessively manifestation of the sleepy phenotype (47). The American heart association recommends screening for OSA in patients with poorly controlled hypertension, pulmonary hypertension, and recurrent AF (5).

Our kNN analysis indicates that an effective risk prediction model for AF derived from EMR derived comorbidities is feasible. Considering the increasing prevalence of AF in the population it is necessary to maximize the detection of AF cases and a potentially cost-effective method may be machine learning methods and artificial intelligence to appropriately apply precision medicine for diagnosis and personalized treatment. Hill et al. (48) evaluated statistical and machine learning models such as support vector machines, neural networks (NN), selector operator [Least absolute shrinkage and selection operator (LASSO)], random forests, Cox regression, and validated risk scores such as Framingham, Atherosclerosis Risk in Communities (ARIC) and CHARGE-AF to develop a risk prediction model to identify AF. They reported that one of the most specific risk models for AF is CHARGE-AF with 61% specificity compared with 52% using logistic regression. However, these risk models simulate linear relationships between covariates. In their risk model developed through machine learning, the model identified highly non-linear associations between covariates and incidence with 74.9% specificity and 75% sensitivity. This model was derived from previous risk models including CHARGE-AF, Framingham and ARIC and included demographic data, heart failure, DM, left ventricular hypertrophy, CAD, antihypertensive treatment and history of smoking among others (49–51). Nonetheless, this model was built using a UK population and did not consider OSA. In our study, the kNN algorithm for AF involved patients from one country in Latin America including OSA with Sensitivity: 1 and Specificity: 0.94. Our algorithm needs to be validated within other populations.

Other studies have reported the use of machine learning for the identification of patients with AF derived from physical examination findings or documented rhythm alterations detected by a smartwatch. Lown et al. (52) designed a wearable heart rate monitor and machine learning algorithm for AF detection and demonstrated a high accuracy to confirm AF with this design. Attia et al. (53) developed an algorithm to identify AF using artificial intelligence to detect the electrocardiographic signature of AF in normal sinus rhythm, Kwon et al. (54) used deep learning algorithms to detect AF through photoplethysmographic recordings and several other similar studies that employ machine learning and deep learning to identify AF in subclinical patients have been reported (55–57). None of these studies developed a machine learning algorithm to predict AF based on age, gender, or risk factors.

Incorporating machine learning systems to EMR for AF may be useful to determine the behavior of physiological data and the temporal relationships associated with risk factors. Cox proportional hazard regression and survival analysis have been employed to predict the response of pharmacological and electrical cardioversion therapies for AF (58, 59), however there are no reports that apply these machine learning techniques to identify AF risk factors. Our study is the first study to report the use of machine learning and survival analysis to develop clusters and risk models for AF in a Latin–American population.



Limitations

Some limitations should be considered; EMR had to undergo a significant data cleaning process prior to analysis, similarly we cannot rule out that a significant proportion of patients over 65 years may have had subclinical AF and therefore not identified in this study. Finally, patients diagnosed in a secondary care clinic may have more comorbidities than patients in primary care or in the general population. Our study focused on comorbidities as risk factors for AF and future studies should include genomic, socioeconomic status, and family history for model risks.



Conclusion

Machine learning identified risk factors for AF and other comorbidities in a large cohort of EMR derived from Latin American patients. Future prospective studies based on machine learning methods should be performed and include phenotype and genotype risk variables and comparing different populations. The identification of risk factors associated with AF may potentially provide better therapeutic results and tools for prevention policies in public health.



Data availability statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



Ethics statement

The studies involving human participants were reviewed and approved by the Ethics Committee at the Pontificia Universidad Javeriana (OD-0249). The patients/participants provided their written informed consent to participate in this study.



Author contributions

CS performed the machine learning analysis, clustering, risk prediction, and survival analysis. CL-C, MB, and RG-O assisted in the data collection and supervision of the machine learning analysis. LO, CS, CL-C, MB, RG-O, and CM conceived and designed the study. CM, JC, RG, RG-O, and LO reviewed and edited the manuscript. All authors contributed to the article and approved the submitted version.



Funding

This study was funded by Ministerio Ciencia Tecnología e Innovación de Colombia-Minciencias, Grant number 120380763680.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



References

1. Jatau AI, Peterson GM, Bereznicki L, Dwan C, Black JA, Bezabhe WM, et al. Applying the capability, opportunity, and motivation behaviour model (COM-B) to guide the development of interventions to improve early detection of atrial fibrillation. Clin Med Insights Cardiol. (2019) 13:1179546819885134. doi: 10.1177/1179546819885134

2. Wolf PA, Benjamin EJ, Belanger AJ, Kannel WB, Levy D, D’Agostino RB. Secular trends in the prevalence of atrial fi brillation: the Framingham study. Am Heart J. (1996) 131:790–5. doi: 10.1016/S0002-8703(96)90288-4

3. Lip GYH, Beevers DG. ABC of atrial fibrillation. History, epidemiology and importance of atrial fibrillation. BMJ. (1995) 18:1361–3.

4. Miyasaka Y, Barnes ME, Gersh BJ, Cha SS, Bailey KR, Abhayaratna WP, et al. Secular trends in incidence of atrial fibrillation in Olmsted County, Minnesota, 1980 to 2000, and implications on the projections for future prevalence. Circulation. (2006) 114:119–25. doi: 10.1161/CIRCULATIONAHA.105.595140

5. Yeghiazarians Y, Jneid H, Tietjens JR, Redline S, Brown DL, El-Sherif N, et al. Obstructive sleep apnea and cardiovascular disease: a scientific statement from the American heart association. Circulation. (2021) 144:e56–67. doi: 10.1161/CIR.0000000000000988

6. Affirm Investigators, Atrial Fibrillation Follow-up Investigation of Rhythm Management. Baseline characteristics of patients with atrial fibrillation: the AFFIRM study. Am Heart J. (2002) 143:991–1001. doi: 10.1067/mhj.2002.122875

7. Hohnloser SH, Crijns HJ, van Eickels M, Gaudin C, Page RL, Torp-Pedersen C, et al. Effect of dronedarone on cardiovascular events in atrial fibrillation. N Engl J Med. (2009) 12:668–78. doi: 10.1056/NEJMoa0803778

8. Movahed M-R, Hashemzadeh M, Jamal MM. Diabetes mellitus is a strong, independent risk for atrial fibrillation and flutter in addition to other cardiovascular disease. Int J Cardiol. (2005) 105:315–8. doi: 10.1016/j.ijcard.2005.02.050

9. Staerk L, Sherer JA, Ko D, Benjamin EJ, Helm RH. Atrial fibrillation: epidemiology, pathophysiology, and clinical outcomes. Circ Res. (2017) 120:1501–17. doi: 10.1161/CIRCRESAHA.117.309732

10. Schoen T, Pradhan AD, Albert CM, Conen D. Type 2 diabetes mellitus and risk of incident atrial fibrillation in women. J Am College Cardiol. (2012) 60:1421–8. doi: 10.1016/j.jacc.2012.06.030

11. Lubitz SA, Yin X, Rienstra M, Schnabel RB, Walkey AJ, Magnani JW, et al. Long-term outcomes of secondary atrial fibrillation in the community: the Framingham heart study. Circulation. (2015) 131:1648–55. doi: 10.1161/CIRCULATIONAHA.114.014058

12. Mairesse GH, Moran P, Van Gelder IC, Elsner C, Rosenqvist M, Mant J, et al. Screening for atrial fibrillation: a European heart rhythm association (EHRA) consensus document endorsed by the heart rhythm society (HRS), Asia Pacific heart rhythm society (APHRS), and sociedad latinoamericana de estimulación cardíaca y electrofisiología (SOLAECE). Europace. (2017) 19:1589–623. doi: 10.1093/europace/eux177

13. Jones NR, Taylor CJ, Hobbs FDR, Bowman L, Casadei B. Screening for atrial fibrillation: a call for evidence. Eur Heart J. (2020) 41:1075–85. doi: 10.1093/eurheartj/ehz834

14. Jonas DE, Kahwati LC, Yun JDY, Middleton JC, Coker-Schwimmer M, Asher GN. Screening for atrial fibrillation with electrocardiography: evidence report and systematic review for the US preventive services task force USPSTF. JAMA. (2018) 320:485–98. doi: 10.1001/jama.2018.4190

15. Casey JA, Schwartz BS, Stewart WF, Adler NE. Using electronic health records for population health research: a review of methods and applications. Annu Rev Public Health. (2016) 37:61–81. doi: 10.1146/annurev-publhealth-032315-021353

16. Denaxas S, Kunz H, Smeeth L, Gonzalez-Izquierdo A, Boutselakis H, Pikoula M, et al. Methods for enhancing the reproducibility of clinical epidemiology research in linked electronic health records: results and lessons learned from the CALIBER platform. Int J Population Data Sci. (2017) 1:65. doi: 10.23889/ijpds.v1i1.84

17. Lima I, Pinheiro C, Santos-Oliveira F. Inteligência Artificial. Amsterdam: Elsevier (2016). p. 184

18. Wiens J, Shenoy ES. Machine learning for healthcare: on the verge of a major shift in healthcare epidemiology. Clin Infect Dis. (2018) 66:149–53. doi: 10.1093/cid/cix731

19. Myers PD, Scirica BM, Stultz CM. Machine learning improves risk stratification after acute coronary syndrome. Sci Rep. (2017) 7:12692. doi: 10.1038/s41598-017-12951-x

20. Ernande L, Audureau E, Jellis CL, Bergerot C, Henegar C, Sawaki D, et al. Clinical implications of echocardiographic phenotypes of patients with diabetes mellitus. J Am Coll Cardiol. (2017) 70:1704–16. doi: 10.1016/j.jacc.2017.07.792

21. Hulme OL, Khurshid S, Weng LC, Anderson CD, Wang EY, Ashburner JM, et al. Development and validation of a prediction model for atrial fibrillation using electronic health records. JACC Clin Electrophysiol. (2019) 5: 1331–41.

22. Ambale-Venkatesh B, Yang X, Wu CO, Liu K, Hundley WG, McClelland R, et al. Cardiovascular event prediction by machine learning: the multi-ethnic study of atherosclerosis. Circ Res. (2017) 121:1092–101. doi: 10.1161/CIRCRESAHA.117.311312

23. Bundy JD, Lloyd-Jones DM, Greenland P, Heckbert SR, Chen LY. Evaluation of risk prediction models of atrial fibrillation (from the multi-ethnic study of atherosclerosis [MESA]). Am J Cardiol. (2020) 125:55–62. doi: 10.1016/j.amjcard.2019.09.032

24. Roberts JD, Hu D, Heckbert SR, Alonso A, Dewland TA, Vittinghoff E, et al. Genetic investigation into the differential risk of atrial fibrillation among black and white individuals. JAMA Cardiol. (2016) 1:442–50. doi: 10.1001/jamacardio.2016.1185

25. Magnani JW, Norby FL, Agarwal SK, Soliman EZ, Chen LY, Loehr LR, et al. Racial differences in atrial fibrillation-related cardiovascular disease and mortality: the atherosclerosis risk in communities (ARIC) study. JAMA Cardiol. (2016) 1:433–41. doi: 10.1001/jamacardio.2016.1025

26. Dewland TA, Olgin JE, Vittinghoff E, Marcus GM. Incident atrial fibrillation among Asians, Hispanics, blacks, and whites. Circulation. (2013) 128:2470–7.

27. Nattel S, Dobrev D. Electrophysiological and molecular mechanisms of paroxysmal atrial fibrillation. Nat Rev Cardiol. (2016) 13:575–90. doi: 10.1038/nrcardio.2016.118

28. Mase M, Grasso M, Avogaro L, Nicolussi Giacomaz M, D’Amato E, Tessarolo F, et al. Upregulation of miR-133b and miR-328 in patients with atrial dilatation: implications for stretch-induced atrial fibrillation. Front Physiol. (2019) 10:1133. doi: 10.3389/fphys.2019.01133

29. Chen W, Cai X, Yan H, Pan Y. Causal effect of obstructive sleep apnea on atrial fibrillation: a Mendelian randomization study. J Am Heart Assoc. (2021) 10:e022560. doi: 10.1161/JAHA.121.022560

30. Kleinbaum DG, Klein M. Survival Analysis: A Self-Learning Text. 3 ed. Berlin: Springer Book Archives (2012). p. 240. doi: 10.1007/978-1-4419-6646-9

31. Gholamy A, Kreinovich V, Kosheleva O. Why 70/30 or 80/20 Relation Between Training and Testing Sets: a Pedagogical Explanation. Departmental Technical Reports (CS) 1209. El Paso, TX: ScholarWorks@UTEP (2018). Available online at: https://scholarworks.utep.edu/cs_techrep/1209

32. Good PI. Resampling Methods: A Practical Guide to Data Analysis. Basel: Birkhäuser (2005).

33. Wong JA, Rexrode KM, Sandhu RK, Conen D, Albert CM. Number of pregnancies and atrial fibrillation risk: the women’s health study. Circulation. (2017) 135:622–4. doi: 10.1161/CIRCULATIONAHA.116.026629

34. Bose A, O’Neal WT, Wu C, McClure LA, Judd SE, Howard VJ, et al. Sex differences in risk factors for incident atrial fibrillation (from the reasons for geographic and racial differences in stroke [REGARDS] study). Am J Cardiol. (2019) 123:1453–7.

35. Shkolnikova MA, Jdanov DA, Ildarova RA, Shcherbakova NV, Polyakova EB, Mikhaylov EN, et al. Atrial fibrillation among Russian men and women aged 55 years and older: prevalence, mortality, and associations with biomarkers in a population-based study. J Geriatr Cardiol. (2020) 17:74–84. doi: 10.11909/j.issn.1671-5411.2020.02.002

36. Siddiqi HK, Vinayagamoorthy M, Gencer B, Ng C, Pester J, Cook NR, et al. Sex differences in atrial fibrillation risk: the VITAL rhythm study. JAMA Cardiol. (2022) 7:1027–35. doi: 10.1001/jamacardio.2022.2825

37. Kavousi M. Differences in epidemiology and risk factors for atrial fibrillation between women and men. Front Cardiovasc Med. (2020) 7:3. doi: 10.3389/fcvm.2020.00003

38. Mukai Y. Sex differences in atrial fibrillation. Circ J. (2022) 86:1217–8. doi: 10.1253/circj.CJ-21-1072

39. Michniewicz E, Mlodawska E, Lopatowska P, Tomaszuk-Kazberuk A, Malyszko J. Patients with atrial fibrillation and coronary artery disease - Double trouble. Adv Med Sci. (2018) 63:30–5.

40. Temma T, Nagai T, Watanabe M, Kamada R, Takahashi Y, Hagiwara H, et al. Differential prognostic impact of atrial fibrillation in hospitalized heart failure patients with preserved ejection fraction according to coronary artery disease status-report from the Japanese nationwide multicenter registry. Circ J. (2020) 84:397–403. doi: 10.1253/circj.CJ-19-0963

41. Violi F, Soliman EZ, Pignatelli P, Pastori D. Atrial fibrillation and myocardial infarction: a systematic review and appraisal of pathophysiologic mechanisms. J Am Heart Assoc. (2016) 5:e003347. doi: 10.1161/JAHA.116.003347

42. Andrade J, Khairy P, Dobrev D, Nattel S. The clinical profile and pathophysiology of atrial fibrillation: relationships among clinical features, epidemiology, and mechanisms. Circ Res. (2014) 114:1453–68. doi: 10.1161/CIRCRESAHA.114.303211

43. Stevenson IH, Teichtahl H, Cunnington D, Ciavarella S, Gordon I, Kalman JM. Prevalence of sleep disordered breathing in paroxysmal and persistent atrial fibrillation patients with normal left ventricular function. Eur Heart J. (2008) 29:1662–9. doi: 10.1093/eurheartj/ehn214

44. Otero L, Hidalgo P, González R, Morillo CA. Association of cardiovascular disease and sleep apnea at different altitudes. High Alt Med Biol. (2016) 17:336–41. doi: 10.1089/ham.2016.0027

45. Holmqvist F, Guan N, Zhu Z, Kowey PR, Allen LA, Fonarow GC, et al. Impact of obstructive sleep apnea and continuous positive airway pressure therapy on outcomes in patients with atrial fibrillation-Results from the Outcomes Registry for Better Informed Treatment of Atrial Fibrillation (ORBIT-AF). Am Heart J. (2015) 169:647–54.e2. doi: 10.1016/j.ahj.2014.12.024

46. Rabkin SW. Evaluating the adverse outcome of subtypes of heart failure with preserved ejection fraction defined by machine learning: a systematic review focused on defining high risk phenogroups. EXCLI J. (2022) 21:487–518. doi: 10.17179/excli2021-4572

47. Mazzotti DR, Keenan BT, Lim DC, Gottlieb DJ, Kim J, Pack AI. Symptom subtypes of obstructive sleep apnea predict incidence of cardiovascular outcomes. Am J Respir Crit Care Med. (2019) 200:493–506. doi: 10.1164/rccm.201808-1509OC

48. Hill NR, Ayoubkhani D, McEwan P, Sugrue DM, Farooqui U, Lister S, et al. Predicting atrial fibrillation in primary care using machine learning. PLoS One. (2019) 14:e0224582. doi: 10.1371/journal.pone.0224582

49. Alonso A, Krijthe BP, Aspelund T, Stepas KA, Pencina MJ, Moser CB, et al. Simple risk model predicts incidence of atrial fibrillation in a racially and geographically diverse population: the CHARGE-AF consortium. J Am Heart Assoc. (2013) 2:e000102. doi: 10.1161/JAHA.112.000102

50. Schnabel RB, Sullivan LM, Levy D, Pencina MJ, Massaro JM, D’Agostino RB Sr., et al. Development of a risk score for atrial fibrillation (Framingham Heart Study): a community-based cohort study. Lancet. (2009) 373:739–45. doi: 10.1016/S0140-6736(09)60443-8

51. Chamberlain AM, Agarwal SK, Folsom AR, Soliman EZ, Chambless LE, Crow R, et al. A clinical risk score for atrial fibrillation in a biracial prospective cohort (from the Atherosclerosis Risk in Communities [ARIC] study). Am J Cardiol. (2011) 107:85–91. doi: 10.1016/j.amjcard.2010.08.049

52. Lown M, Brown M, Brown C, Yue AM, Shah BN, Corbett SJ, et al. Machine learning detection of Atrial Fibrillation using wearable technology. PLoS One. (2020) 15:e0227401. doi: 10.1371/journal.pone.0227401

53. Attia ZI, Noseworthy PA, Lopez-Jimenez F, Asirvatham SJ, Deshmukh AJ, Gersh BJ, et al. An artificial intelligence-enabled ECG algorithm for the identification of patients with atrial fibrillation during sinus rhythm: a retrospective analysis of outcome prediction. Lancet. (2019) 394:861–7. doi: 10.1016/S0140-6736(19)31721-0

54. Kwon S, Hong J, Choi EK, Lee E, Hostallero DE, Kang WJ, et al. Deep learning approaches to detect atrial fibrillation using photoplethysmographic signals: algorithms development study. JMIR Mhealth Uhealth. (2019) 7:e12770. doi: 10.2196/12770

55. Wu Z, Feng X, Yang CA. Deep learning method to detect atrial fibrillation based on continuous wavelet transform. Conf Proc IEEE Eng Med Biol Soc. (2019) 2019:1908–12.

56. Lahdenoja O, Hurnanen T, Iftikhar Z, Nieminen S, Knuutila T, Saraste A, et al. Atrial fibrillation detection via accelerometer and gyroscope of a smartphone. IEEE J Biomed Health Inform. (2018) 22:108–18. doi: 10.1109/JBHI.2017.2688473

57. Hajimolahoseini H, Hashemi J, Gazor S, Redfearn D. Inflection point analysis: a machine learning approach for extraction of IEGM active intervals during atrial fibrillation. Artif Intell Med. (2018) 85:7–15. doi: 10.1016/j.artmed.2018.02.003

58. Rush B, Celi LA, Stone DJ. Applying machine learning to continuously monitored physiological data. J Clin Monit Comput. (2019) 33:887–93.

59. Oto E, Okutucu S, Katircioglu-Öztürk D, Güvenir HA, Karaagaoglu E, Borggrefe M, et al. Predictors of sinus rhythm after electrical cardioversion of atrial fibrillation: results from a data mining project on the Flec-SL trial data set. Europace. (2017) 19:921–8. doi: 10.1093/europace/euw144



OPS/images/fcvm-09-1050409-g002.jpg
- class of study - age >= 50
- control class - age < 50

omeline

— CcONtrol class - age = S0 10 64 and sex =M
—— class of study - age — 50to 64 and sex - F

0.8

0.6 -

0.2 1

00 A

0 SO0 1000 1500 2000 2500 3000 3500
otmeline

10

—  Class of study - age >= 50
e control class - age < S0

0 S00 1000 1500 2000 2500 3000 3500 4000
tmeline

10

10 S control Class - age = 60 o 75 and sex = M

—— class of study - age — 60to 75 and sex—~ F
0.8 -
0.6 -
0.4 4

02 1

00

0O SO0 1000 1500 2000 2500 3000 3500
timelne

= class of study - age >= 50
- control class - age < 50

10

) 1000

L— CONLIol Class - age > 75 and sex =M
——— class of study -age > 75 and sex = F

0 S00 1000 1500 2000 2500 3000 3500 4000
timeline





OPS/images/fcvm-09-1050409-g003.jpg
A 100

Kanry

Ay

0.98 -
090 A
0S4 4

092

Koy

00
oes
LY 2

084 4

L]

’_..

[ [}~

]}

09935 4

0990 4

0.0€S

0980

OST7" <

\

\Y4

7

-
-

L
.

(]

x|
r—1}]
.~

) ]
0

00

0\

R

097S%

092<0

092S%

0200

087s

oo<o

082S

0000

-

__[H
ML

0

— [






OPS/xhtml/Nav.xhtml




Contents





		Cover



		Machine learning for atrial fibrillation risk prediction in patients with sleep apnea and coronary artery disease



		Introduction



		Materials and methods



		Population



		Data analysis



		Machine learning



		Clustering



		Survival analysis



		Risk algorithms











		Results



		Cluster analysis



		Survival analysis



		Risk algorithms







		Discussion



		Limitations



		Conclusion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Conflict of interest



		Publisher’s note



		References

















OPS/images/cover.jpg
& frontiers | Frontiers in Cardiovascular Medicine

Machine learning for atrial
fibrillation risk prediction
In patients with sleep apnea
and coronary artery disease











OPS/images/fcvm-09-1050409-t001.jpg
Description Total of individuals

Cohort of patients with AF 1,686

Cohort of patients with CAD 7,879

Cohort of patients with OSA 1,032

Cohort of patients with OSA and CAD 530

Cohort of patients with OSA and AF 172

Cohort of patients with AF and CAD 726

Cohort of patients with SA, AF, and CAD 75

Cohort of patients with AF, OSA, and CAD 10,202 (74,759 records)
Cohort of patients with other diseases 12,100 (102,897 records)

Total of individuals in electronic medical record (EMR) classified by groups of disease.
AF atrial fibrillation; CAD, coronary artery disease; OSA, obstructive sleep apnea.
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Description *% Male *% Female Number of individuals

18-40  41-55 56-75 76-95 18-40 41-55 56-75 76-95 Male Female  Male +

years years years years years years years years female
OSA 432 15.49 6125 18.92 277 14.95 59.27 22.99 671 361 1,032
CAD 0.89 10.27 58.64 30.18 0.96 7.65 52.48 38.89 5,907 1,972 7,879
AF 201 7.76 46.14 43.85 1.67 6.04 41.61 50.67 1,090 596 1,686
OSA +CAD 1.86 14.93 63.46 19.73 0 9.67 64.51 25.80 375 155 530
OSA + AF 431 16.37 62.06 17.24 0 3.57 39.28 57.14 116 56 172
AF + CAD 039 5.56 4635 47.72 045 3.16 38 58.37 505 221 726
OSA + AF + CAD 2.04 18.36 61.22 18.36 0 0 30.76 69.23 49 26 75

All diseases were more prevalent in males between 56 and 75 years old, while in females AF was more frequent in the group older than 75 years of age. *% Percentage into male or female
group by disease. AF, atrial fibrillation; CAD, coronary artery disease; OSA, obstructive sleep apnea.
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Description

Mean of age

Total male %

Total female %

HBP %

CAD %

AF %

OSA %

Chronic kidney disease %
Hypertensive heart disease %
Cardiac pacemaker %
Mitral valve insufficiency %
Obesity %

Total sample %

Cluster 1
AF

68.16
61.18
38.82
20.01*
25.57*
1.36
2.3
2.92
9.23
5.13
1.02
79:2

Cluster 2

AF

70.31
63.7
36.3
40*
45.18*
1.48
3.70
6.66
28.8
11.85
2.96
9.14

Cluster 1

CAD

64.53
75.94
24.06
23.39%*
4
0.74
2.3
2:9
4.77
15
2.01
91.5

Cluster 2
CAD

65.21
71.06
28.94
36.79%%
2.12
2.83
5.66
8.8
20.12
7.86**
2:2
4.69

Cluster 1
OSA

60.89
61.44
38.56
31320
29,71+
8,434+
0
4.81
3.61
0.4
13.65
66.75

Cluster 2
OSA

65.03

65

35

53.33%
4540+
Q0%+

3.33
3.03
3.33
10
16.08

The two clusters with the largest number of patients for AF, CAD, and OSA are included in the table. The mean of age, the percentage of male and female, and the frequency for the most

prevalent disease for each cluster are reported. Although AE CAD, and OSA were most prevalent in male, the percentage of female affected in each cluster was high. The most prevalent
diseases in AF* clusters were CAD and HBP; in CAD** clusters were HBP and mitral valve insufficiency; and in OSA*** clusters were HBP, CAD, and AF.
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Variable AF (p) AF (HR) AF (CI) CAD (p) CAD (HR) CAD (CI)

Age 0.11 1.01 1.00-1.02 0.42 1.00 0.99-1.01
Sex 0.47 0.92 0.73-1.16 0.35 0.90 0.71-1.13
HBP 0.0039 1.54 1.22-1.94 0.01 1.28 1.06-1.54
AF = = = 0.45 1.14 0.82-1.58
CAD 0.0041 1.49 1.18-1.87 - = =

SA 0.01 1.46 1.09-1.96 0.27 1.18 0.88-1.57
Chronic kidney disease 0.0023 3.36 1.46-7.73 0.15 1.39 0.89-2.16
Hypertensive heart disease 0.33 1.25 0.80-1.97 0.01 1.57 1.10-2.23
Cardiac pacemaker 0.05 1.46 1.00-2.14 0.03 1.61 1.06-2.46
Mitral valve insufficiency 0.72 1.07 0.76-1.50 0.24 1.38 0.81-2.37
Obesity 0.71 1.09 0.68-1.74 0.98 1.01 0.62-1.65

Table shows the results for survival analysis for AF and CAD. The results for risk of OSA were not significant (p < 0.05) for any comorbidity. HBP, CAD, OSA, and CKD were the risk
factors to develop AF. HBP, hypertensive heart disease and having cardiac pacemaker were the risk factors for CAD. HR, hazard ratio; 95% CI, confidence interval.
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