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Abstract

Background AF in HCM is associated with high stroke risk despite low CHA2DS2-VASc scores. Hence, there is need to
understand AF pathophysiology and predict AF in HCM. We develop/apply a data-driven, machine learning-based method
to identify AF cases and clinical features associated with AF in HCM, using electronic health record (EHR) data. Methods
Patients with documented paroxysmal/ persistent/permanent AF (n=191) were considered AF cases, and the remaining patients
in sinus rhythm (n=640) were tagged as No-AF. We evaluated 93 clinical variables; the most informative variables useful for
distinguishing AF from No-AF cases were selected based on the 2-sample t-test and information gain criterion. Results We
identified 18 highly informative clinical variables: 11 are positively associated (e.g. LA-diameter, LV-diastolic dysfunction,
LV-LGE), and 7 are negatively correlated (e.g. several exercise parameters) with AF in HCM. Next, patient records were
represented via these 18 variables. Data imbalance resulting from the relatively low number of AF cases was addressed via a
combination of over- and under-sampling strategies. We trained and tested multiple classifiers under this sampling approach,
showing effective classification. Specifically, an ensemble of logistic regression and naive Bayes classifiers, trained based on the
18 variables and corrected for data imbalance, proved most effective for separating AF from No-AF cases (sensitivity=0.74,
specificity=0.72, C-index=0.80). Conclusions Our model (HCM-AF-Risk Model), the first machine learning-based method for
identification of AF cases in HCM, demonstrates good performance, and suggests that AF is associated with a more severe

cardiac HCM-phenotype.

INTRODUCTION

Hypertrophic Cardiomyopathy (HCM) is characterized by myocyte hypertrophy, myocyte disarray, intersti-
tial/replacement fibrosis, and is associated with a high risk for atrial and ventricular arrhythmias. A large
proportion (725-30%) of HCM patients develop atrial fibrillation (AF) during their lifetime.[1] Notably,
HCM patients with AF are at increased risk for stroke even in the setting of low CHA2DS3-VASc scores.[1-3]
Furthermore, stroke can be the first manifestation of AF in HCM. Hence there is a need to understand AF
pathophysiology and assess AF risk in HCM patients.[4]

Several small studies have reported an association between age,[5] NYHA class,[6] left atrial (LA)
size/function,[5-7] EKG-P-wave dispersion,[7] N-terminal proB-type natriuretic peptide (NT-proBNP) le-
vels,[7] fibrosis in the left ventricle (LV)[6] and AF in HCM patients. Clinical risk scores for AF prediction
have been developed and validated using general populations from the Framingham Heart Study (FHS),[8]



Cardiovascular Heart Study (CHS),[9] Atherosclerosis Risk in Communities Study (ARIC),[10] Multi-Ethnic
Study of Atherosclerosis Study (MESA)[11], Reykjavik Study (AGES)[12] and Rotterdam Study (RS).[13]
But it is unknown whether these models are effective in assessing AF risk in HCM, given the differences in
cardiac physiology between HCM patients and the general population.

We hypothesized that a machine learning-based model developed using HCM patients would perform better
than existing models (that were developed using clinical data from the general population) to assess risk
factors for AF in HCM. In order to achieve this goal, as a first step, we retrospectively identify AF cases
and clinical features associated with higher/lower risk of AF, using electronic health record (EHR) data
of HCM patients who underwent deep clinical phenotyping by multi-modality imaging. Similar to other
machine learning methods and our work in ventricular arrhythmias, [14] our method has the advantage of
allowing for thorough, unbiased scanning of the data along several dimensions, which permits derivation of
a classification algorithm that stratifies HCM cases based on their respective likelihood to present with AF.
Importantly, this method is flexible, can be easily updated as additional clinical data becomes available, and
provides insights into the pathophysiology of AF in HCM patients. The next step is prospective testing of
our model to predict AF development in HCM.

METHODS
1. CLINICAL DATA AND OUTCOMES

1.1 Patient Population: Our HCM Registry (JHH-HCM Registry) is approved by the Institutional Re-
view Boards of the Johns Hopkins Hospital (JHH) and the University of California San Francisco (UCSF).
Patients were enrolled in the JHH-HCM Registry during their first visit to the Johns Hopkins HCM-Center
of Excellence[15] if they met the standard diagnostic criteria for HCM, namely, maximal LV wall thickness
[?7]15 mm[16] in the absence of uncontrolled hypertension, valvular heart disease and HCM phenocopies
(amyloidosis, storage disorders).[17]

We performed a retrospective study of all HCM patients from the JHH-HCM Registry, who were evaluated
between January 1, 2003 to March 31, 2017. Clinical data including symptoms, comorbidities, medications,
history of arrhythmias were ascertained by the examining physician (MRA, TPA) during the initial clinic vi-
sit, and during each follow up visit. Rest and treadmill exercise stress-echocardiography (ECHO) and cardiac
magnetic resonance imaging (CMR) were performed at the first clinic visit as part of patients’ clinical evalua-
tion. Patients who were asymptomatic or had stable symptoms were followed yearly; symptomatic patients
were followed more frequently (every 1-3 months) until symptom management was achieved. During yearly
follow up visits, patients underwent treadmill exercise-echocardiography and 24h Holter monitoring or ICD
interrogation. Patients with an ICD had remote device monitoring and device interrogation performed every
6 months, or more frequently if they were symptomatic or experienced ICD discharges. Patients (without
ICD) who had palpitations without evidence of arrhythmias on Holter monitor or exercise-electrocardiogram
(EKG), were provided event monitors to document cardiac rhythm during symptoms. A subset of HCM
patients (n=145) were referred for perfusion-'*NH3-PET imaging after ruling out obstructive coronary arte-
ry disease by coronary angiography — these pateints had angina, ventricular arrhythmias and/or exertional
dyspnea despite optimal therapy.

Atrial fibrillation : Atrial fibrillation was diagnosed if atrial fibrillation/flutter of any duration was present
on 12-lead EKG, telemetry, pacemaker/ICD interrogation, or Holter/event monitoring. Paroxysmal atrial
fibrillation (PAF) was defined as AF that terminated spontaneously or with intervention in [?] 7 days of
AF onset[18]; persistent AF was defined as AF that lasted >7 days and terminated spontaneously or with
treatment; permanent AF was defined as AF that persisted despite treatment to restore sinus rhythm.[19]
Atrial fibrillation was diagnosed by review of rest/stress EKGs, event recorder data, Holter monitor data
and/or implantable cardioverter defibrillator (ICD) interrogation; a detailed chart review was performed
to confirm this criterion. Patients with PAF had confirmed termination of AF within the 7-day window,
either by Holter monitor or EKG. Review of medical records, Holter monitor/event recorder studies and
ICD interrogations was performed in patients from the No-AF group to ensure no documented history of



AF prior to their first clinic visit and during follow up.

1.2 Cardiac imaging: Transthoracic echocardiography was performed using a GE Vivid 7 or E-9 ultrasound
machine and a multi-frequency phased-array transducer. Left atrial diameter (anteroposterior) was measured
in the parasternal long-axis view at the level of the aortic sinuses, perpendicular to the aortic root long axis,
by using the leading-edge to leading—edge convention, just before mitral valve opening (LV end-systole).[20]
Echocardiographic images for two dimensional speckle tracking strain analysis were acquired prospectively
at frame rates of 50-90 Hz. Longitudinal strain/strain rate was analyzed from the apical two-, three-, and
four-chamber views using EchoPAC 112 .[21] Cardiac magnetic resonance (CMR) imaging was performed
using a 1.57T system at the first clinic visit. The contrast agent, gadopentetate dimeglumine was used at 0.2
mmol/kg.[22] Left ventricular mass and late gadolinium enhancement (LV-LGE) were quantified using QMass
software (QMass 7.4; Medis, Leiden, The Netherlands). Cardiac * NH3-PET/CT imaging was performed
using a GE Discovery VCT PET/CT System and a 1-day rest/stress protocol, as described previously.[23]
Please refer to the Supplementary file, Section A1 for detailed methods for rest/stress echocardiography,
CMR and PET/CT imaging.

1.3 Cardiovascular events during followup: All analyses were blinded to AF outcome. Cardiovascular
adverse events, including AF, stroke, heart failure, sustained ventricular tachycardia (VT), ventricular fibril-
lation (VF) and death were documented in the HCM Registry. All-cause mortality statistics for our study
population were obtained by linking our database to the Social Security Death Index. A detailed description
of methods is provided in the Supplementary file, Section A2 .

1.4 Statistics: Descriptive statistics were performed on patient demographics, hemodynamics, echocardio-
graphic and CMR parameters and cardiovascular events, stratified by the presence/absence of AF. Conti-
nuous variables are presented as mean + standard deviation and categorical variables as the total number and
percentage. Comparisons between patients with/without AF was performed using the independentt test for
continuous variables and the Fischer exact test for categorical variables. Statistical analyses were performed
using STATA 14 (StataCorp LP, College Station, Texas).

2. COMPUTATIONAL METHODS

HCM patients with at least one episode of AF (n=191), either prior to their first clinic visit (n=139) or
during follow up (n=52), were considered AF cases, and the remaining patients who were in sinus rhythm
(n=640) were labeled as No-AF (Supplementary Figure 1).

Supplementary Figure 2 summarizes the computational framework (HCM-AF-Risk Model ) that we introduce
for identifying HCM patients with AF. It comprises 5 steps: 1) preprocessing to remove variables directly
correlated with AF, and to address missing data; 2) feature selection, in which informative, predictive clinical
variables that distinguish AF cases from No-AF are identified; 3) association analysis to quantify the degree
of association between each predictor variable and the AF class; 4) supervised machine learning for building
and training classifiers and performing classification; and 5) thorough quantitative and qualitative evaluation
to assess the classifier’s performance.

2.1 Preprocessing: We first removed variables that had no relevance to risk of AF (e.g. visit date, patient
ID), as well as variables directly indicative of adverse outcomes (e.g. ventricular arrhythmia, heart failure,
AF). The feature set remaining at the end of this step consisted of 93 clinical variables (Supplementary
Table 1). As some of the records did not include values for all variables, data imputation was performed
using a nearest neighbor approach (seeSupplementary file, Section B.1.1 for details).

2.2 Feature selection: When high-dimensional data is used for classifier training, the classifiers often
exhibit low performance on the test set due to overfitting of the model to the specific training set. That
is, certain features may show discriminating power within a limited dataset but not generalize beyond that
small training set. Moreover, many of the features are not informative for distinguishing among the different
classes (in this case AF vs No-AF records). We thus apply feature selection aiming to identify attributes
most informative for AF, while reducing data dimensionality to avoid overfitting. We note that our dataset



comprises both nominal and continuous attributes, also referred to as features. While the classification
method presented here is multivariate, the feature selection is performed by assessing individual variables
one at a time. Selection of highly predictive nominal attributes relies on the well-known Information Gain
criterion [24] which measures the information gained about the AF-class given the value assumed by the
attribute. For continuous features, we used the two sample t-test under unequal variance[25, 26|, testing
whether the distribution of attribute values associated with AF cases is significantly different from that
associated with No-AF cases. The resulting reduced feature set employed here contains only those continuous
attributes for which the t-test indicated a highly statistically significant distributional difference (p [%]0.01)
, and those nominal attributes for which the information gain value was greater than 0.002 . The threshold
value was determined through an iterative process in which the least informative feature is removed and
left out of the classification procedure at each iteration. Feature-removal was repeated in this way until the
classification performance indicated deterioration, at which point all the remaining features were retained.
This feature selection process resulted in 18 clinical variables deemed to be informative and predictive of AF
in HCM patients (Table 1).

2.3 Association Analysis: Many of the attributes gathered per patient are nominal, as opposed to
continuous-numerical (Supplementary Table 1). Nominal features include variables such as HCM type
orhistory of syncope . Association among nominal variables cannot be calculated using the standard Pearson
correlation. Thus, to express the degree and direction of association between the predictor variables and the
outcome variable, we employ the polychoric correlation[27, 28], which takes on values in the range [-1 ,I |,
where a negative value indicates negative association and a positive value corresponds to positive association.

2.4 Classification: Our classifier operates by taking as input a vector of values representing a patient’s
record, and assigning a probability that indicates the patient’s likelihood to belong to the AF vs No-AF
class. Each patient in our dataset is represented using the 18 distinguishing features identified in the
feature-selection step. Specifically, each of the 831 patients, denoted p® (1 [?]i [?] 831 ), is mapped to a 18
-dimensional vector,V =< pi,... plg >, where each entry in the vector corresponds to the clinical value
recorded for the respective variable. The classifier calculates for each 18 dimensional vectorV? representing
the 4" patient, its probability to be an AF case, Pr(AF| V') vs its probability to be No-AF, (Pr(No-AF |
V) = 1- Pr(AF| V*)) . The higher the value Pr(AF| V*), the more likely the patient is to have AF. As an
illustration, a probability of 0.9 to be an AF case assigned to patient p indicates a high risk for AF, while
a probability of(0.8 suggests that the risk for AF is much lower. We note that both the representation of
the patients based on readily interpretable clinical values and the classification decision that corresponds to
assigning a severity-probability are unique to this work. It stands in contrast to most recently published
work in machine learning within the clinical domain[29-31] where a complex model architecture based on
artificial neural networks is used, typically acting as a ‘black-box’ that provides the categorization of the
patient without the ability to track down the justification or explanation.

For comparison among the performance of different potential candidate machine learning classifiers, we tested
four standard (yet probabilistic and explainable) machine learning classification methods, namely, Logistic
Regression, Naive Bayes, Decision Tree and Random Forest, assessing how well they separate AF cases
from No-AF (Supplementary Table 2). We used the Python scikit-learn package for training the baseline
classifiers[32]. All four classifiers performed poorly when trained on our highly imbalanced dataset, failing to
detect almost any AF records (Table 2). We have thus employed a method we have devised for addressing
imbalance[14] by combining over- and under-sampling along with an ensemble classifier that integrates the
most effective classifiers to separate AF records from No-AF records. The over- and under-sampling strategy
is based on partitioning the training data, as shown in Supplementary Figure 3. For a more detailed
description of the classification model and its testing see Supplementary Data Section B1.2 .

2.5 Model Evaluation: We employed several standard measures[24] to assess the performance of our HCM-
AF-Risk Model , namely, specificity, sensitivity (recall) and area under receiver operating characteristics
(ROCQ) curve. The first two are defined as: Specificity :$+NFP ,  Sensitivity= % , where TP (True
Positives) denotes AF records that are correctly labeled as AF by the classifier; TN (true negatives) denotes



records that are not associated with AF and are not assigned to this class by the classifier; FP (false positives)
denotes records not associated with AF that are misclassified by the classifier as AF; FN (false negatives)
denotes AF records that were incorrectly labeled by the classifier as No-AF. The ROC curve plots the true
positive rate (TPR), calculated as% , as a function of false positive rate (FPR), calculated as%

(FP-false positive). The classifier performance is then reported based on the area under the ROC curve
(C-index).

2.6 Experiments: We first employed univariate feature selection using information gain and the

two-sample t-test for unequal variance, to identify salient features that are associated with AF. We also
employed polychoric correlation to determine the association between the pertinent features identified by
the feature selection method and the outcome variable (AF/No-AF). We represented patients using the
reduced set of features and trained simple classifiers as baseline, as described earlier. To address the data
imbalance challenge, we applied the combination of under- and over-sampling to obtain a balanced training
set, which was then used to train the four simple classifiers, and the ensemble classifier comprising logistic
regression and naive Bayes. Each of the classifiers was trained and tested using five-fold cross-validation,
in which the data is partitioned into five equal subsets — and five iterations of learning are performed, each
of which uses 80% (4 of the subsets) for training while the fifth (leftout) subset is used for testing. After
each training iteration, we evaluated the performance of the resulting classifier on the imbalanced test set in
terms of specificity, sensitivity and the area under the ROC curve. We ran 10 complete sets of 5-fold cross
validation experiments, for a total of 50 runs; the performance reported is averaged over these 50 runs.

To address data imbalance we first applied methods that were previously reported in the literature, such
as simple oversampling, simple under-sampling, Adaptive Synthetic Sampling Approach (ADASYN)[33] and
Meta-classification[34] and found that the performance of our combined under- and over-sampling using
SMOTE was superior. Hence, we report only the results obtained using our method (HCM-AF-Risk Model
) which combines under- and over-sampling, and compare this method against the baseline classifiers.

2.7 Comparisons: We also evaluated the performance attained by our model when trained on the dataset
where it is represented based on three additional feature sets (Table 3, top three rows). Those feature sets
correspond to sets of attributes that were reported as predictive in three seminal AF risk identification
studies, namely the Framingham Heart Study,[8] ARIC[10] and CHARGE-AF Consortium[9].

RESULTS

Patient population : We studied 831 patients with a clinical diagnosis of HCM. Atrial fibrillation was
diagnosed in 22% of the HCM cohort: 139 patients were diagnosed with AF prior to/at the first clinic visit,
and 52 patients were diagnosed with AF during follow up (Supplementary Figure 1). Prevalence of AF varied
from 9-30% and increased with age; AF prevalence was highest in the age group of 61-80 years (Figure 1).

Demographic, clinical and imaging features of the HCM cohort at the time of their first clinic visit are pre-
sented in Table 4 Patients from the AF group were older, more likely to have obstructive HCM, higher NYHA
class, and lower exercise capacity than the No-AF group. The AF group also had larger LA size (Figure 2),
greater diastolic dysfunction, worse global longitudinal strain and greater amount of LV replacement fibrosis
(reflected by LV-LGE), when compared to the No-AF group, suggesting greater degree of LV myopathy. No
difference was observed in LV mass, maximum LV thickness or LVOT gradients between the AF and No-AF
groups of HCM patients (Table 4).

Mean follow up was 3.1 years (median = 2.1, 25'1-75'"® percentile = 1.0 - 4.8 years). HCM patients from the
AF group had a higher incidence of heart failure and all-cause death, when compared to the No-AF group
(Table 4).

Machine learning-based identification of atrial fibrillation cases: Our feature selection process
identified 18 clinical variables whose values distinguish AF from No-AF cases within the HCM population.
Table 1 provides a list of these predictive variables, along with the corresponding polychoric correlation and
P values, indicating their degree of association (or lack thereof) with AF. We identified 7 variables that are



negatively correlated with AF, and 11 variables that are positively associated with AF. Left atrial diameter is
highly correlated with AF. Several exercise-related parameters, including, lower exercise capacity (reflected
by lower METS, exercise time, peak stress heart rate), abnormal BP response to exercise, lower diastolic BP
at peak exercise and lower heart rate recovery post-exercise are associated with higher risk for AF. Other
predictors of AF include replacement fibrosis in the LV (reflected by LV-LGE), greater diastolic dysfunction
(reflected by higher E/A and E/e’, lower LV-SR_E) and worse (more positive) global longitudinal systolic
strain rate (LV-SR.S).

Notably, combining the ensemble classifier comprising logistic regression and naive Bayes with over- and
under-sampling led to higher sensitivity and area under the receiver operating curve (AUC), compared to
the four simple classifiers (naive Bayes, logistic regression, decision tree and random forest) alone (Table
2). Figure 3 illustrates the C-index (0.80 ) for our method (HCM-AF-Risk Model ), which assigns an
individualized probability to each patient to present with AF.

Comparison of HCM-AF-Risk Model performance with previous AF models : We compared the
performance of the HCM-AF-Risk Modelwith that obtained by the Framingham Heart Study,[8] ARIC[10]
and CHARGE-AF[9] risk models (Tables 3, 5). The HCM-AF-Risk Model demonstrates significantly higher
performance (p < 0.001) across all evaluation metrics including specificity, sensitivity and area under ROC
curve (C-index) for HCM patients, when compared with published models [8-10] focused on AF prediction
in the general population. The datasets used in these studies are not publicly available, which preclude their
use for training/testing on our dataset and comparing their performance according to all the measures we
have used. As such, we compared the performance level attained by our model with that reported by the
other studies in terms of the C-index.

We also repeated our experiments, using only LA diameter to represent our dataset, based on results from
several previous studies [2, 35, 36] that identified LA enlargement as most predictive of AF in HCM. We
observed reduction in our model’s performance when LA diameter alone is included in the feature set:
specifically, area under ROC curve decreased by 20% (C-index: 0.66 from 0.80), sensitivity decreased by
37% (0.54 from 0.74) and specificity decreased by 14% (0.63 from 0.72).

DISCUSSION

The HCM-AF-Risk Model is the first machine learning-based method for the identification of AF cases and
clinical features associated with higher/lower risk of AF in HCM, using electronic health record data. In
our model, individual patient data is represented as an N-dimensional vector, and the model output is a
probability score for AF (AF risk) in HCM. We identified 18 clinical variables that are highly associated
(positively /negatively) with AF in HCM patients. In addition to age, NYHA class, LA size and LV fibrosis
that have been previously associated with AF in HCM, we found additional clinical features such as LV
diastolic dysfunction/lower LV-systolic strain that are positively associated with AF, and greater exercise
capacity that is negatively associated with AF in HCM.

HCM-AF-Risk Model : Employing a statistical machine learning method is advantageous as it allows
automatic quantification of the likelihood of an event (AF, in this case) based on the combination of eature
values - as obtained from the patient’s electronic health records - and their level of association with the
event. Moreover, unlike traditional rule based models, machine learning methods are robust in the face of
new data, as these methods can tune and update their parameters, which govern the classification algorithm
based on the added data. Thus, machine learning methods are well-suited for use in the clinical setting we
additional patients’ data is frequently accumulated.

In contrast to the majority of current ‘black-box’ machine learning methods that are based on artificial
neural networks [29, 37, 38] and whose output decision typically cannot be explained, our method is based
on modeling a clear probabilisitic decision process, that can be tracked back and used to justifiy the decision
— we believe that this is a critical aspect when using machine learning for supporting clinical decisions. Our
HCM-AF-Risk Model addresses data imbalance, and utilizes a set of 18 clinical variables to identify AF
cases, and clinical features associated with higher/lower risk for AF in HCM patients.



We note that heart failure, along with VT /VF and stroke, were not included in the list of clinical variables
considered by our method. This is because our goal is to identify demographic, clinical, and imaging
features that predict adverse outcomes (AF in this case) in HCM patients, and using such adverse outcomes
as predictors defeats this purpose. However, as several previous studies including the Framingham Heart
Study,[8] ARIC [10] and CHARGE-AF [9] have shown heart failure to be a predictor of risk for AF, we
assessed the performance of our model while including heart failure. Inclusion of heart failure did not
increase AUC or sensitivity, but led to a slight increase in specificity of our model, from 0.72 to 0.73.

Clinical predictors of AF in HCM using the HCM-AF-Risk Model:Left atrial diameter is the
strongest predictor of AF in our study. The association between LA size and AF has been extensively
documented in the general population[39-43] and HCM patients.[2, 44-48] The association between LA
enlargement and AF has been attributed to stretch-induced LA structural and electrophysiologic remodel-
ing.[49] In the case of HCM, since most causal HCM mutations are expressed in both atrial and ventricular
myocytes, atrial myopathy and LV diastolic dysfunction could underlie the high prevalence of AF in HCM.

Our HCM-AF-Risk Model indicates an association between diastolic dysfunction and AF in HCM. We found
that higher values for E/A, E/e’[50] and lower (worse) global diastolic strain rate reflecting greater degree
of diastolic dysfunction are associated with higher risk for AF in HCM. Similar results have been reported
in studies conducted in non-HCM patients.[39, 51, 52] The mechanism whereby diastolic dysfunction has
been proposed to predispose to AF is by increasing LA preload (stretch), afterload and wall stress (dilation),
which lead to ion channel remodeling, fibrosis and increase susceptibility for reentrant arrhythmias such as
atrial fibrillation/flutter. [51]

Left ventricular fibrosis (LV-LGE) and worse LV global longitudinal peak systolic strain rate, which reflect
greater degree of LV myopathy are associated with AF in our model. Several previous studies have detected
an association between LV fibrosis and AF in HCM.[53-55] A recent CMR study in HCM patients reported
greater amounts of LA fibrosis in HCM patients with PAF, as well as a positive association between atrial
and ventricular fibrosis (LGE).[56] Since fibrosis slows conduction and predisposes to reentry, LA fibrosis
would be expected to increase risk for AF.

Lower exercise capacity, lower chronotropic response/heart rate recovery, abnormal BP response to exercise
and lower diastolic BP at peak exercise are associated with higher risk for AF in our study. Similar results of
exercise intolerance in HCM patients with PAF have been reported in a previous study of 265 HCM patients
during sinus rhythm[57] — here, the authors did not observe an association between lower exercise capacity
and diastolic dysfunction or LA volume. Additionally, ECHO[58] and CMR/[5, 56] studies in HCM patients
have revealed greater impairment of LA function and greater degree of LA fibrosis in HCM patients with
PAF, suggesting that PAF is a marker of LA myopathy.

One mechanism underlying reduced exercise capacity in HCM patients (with PAF), even during sinus
rhythm[57] could be impairment of LV hemodynamics in the setting of LA myopathy, since the LA modulates
LV performance by its reservoir function during ventricular systole, conduit function during early ventricular
diastole and booster pump function durimg late ventricular diastole. A second possibility is higher pulmonary
capillary wedge pressure (PCWP) in HCM patients with AF, based on results of a study in 123 patients
who underwent simultaneous left and right heart catheterization, where PCWP was higher than LV end-
diastolic pressure (LVEDP) among AF patients and lower than LVEDP among patients in sinus rhythm.[59]
Other contributors to lower exercise capacity in HCM patients with AF include sympathovagal imbalance[60]
leading to systemic vasodilation, chronotropic incompetence induced by atrial remodeling/medications, and
greater degree of LV myopathy.

Comparison of predictors for atrial fibrillation and ventricular arrhythmias identified by the
HCM-AF-Risk and HCM-VAr-Risk Models: In an earlier study[14] we developed a machine-learning
based model for predicting lethal ventricular arrhythmias (VI /VF) in HCM patients. We identified 5
predictors (exercise time, METs, E/e’ ratio, LV global longitudinal peak systolic strain rate and LV global
longitudinal early diastolic strain rate) that are common in the two models and 18 variables associated with



AF, but not VT /VF (Supplementary Table 3).

Higher age is associated with increased risk for AF, but lower risk for VT /VF, which has been confirmed by
other studies.[2, 61] HCM type (non-obstructive), family history of HCM or sudden cardiac death and non-
sustained VT are associated with VT /VF but not AF, which may reflect differences in arrhythmic substrate
in the LV and LA in HCM. Notably, LV hypertrophy (max IVS thickness, IVS/PW ratio) is associated with
VT/VF but not AF — higher risk for VT /VF but not AF could be attributed to greater degree of myocardial
ischemia,[62] interstitial fibrosis[63] and myocyte disarray [64] in the hypertrophied LV.[65] The association
of replacement fibrosis (LV-LGE) with AF but not VT/VF could reflect the impact of greater degree of
diastolic dysfunction induced by LV fibrosis resulting in LA dilatation/remodeling and AF. Taken together,
our results suggest distinct pathophysiologic mechanisms underlying atrial and ventricular arrhythmias in
HCM (Supplementary Table 3).

LIMITATIONS

This is a single center, retrospective study. Although our approach is especially effective when the size
of the dataset and the number of examples in the under-represented class (AF in our case) are limited,
our approach has limitations. When working with a larger imbalanced dataset, the under-sampling step
involved in creating a balanced training set eliminates a sizeable portion of the over-represented class, while
the over-sampling step applied via the SMOTE process to the under-represented class generates a large
number of synthesized samples that were not in the original dataset. Both of these lead to a potential loss of
useful information and alter the distribution of characteristic feature values across both the minority and the
majority classes. In the current study, this issue was mitigated by thorough experimentation to determine
the effective rates of under- and over-sampling.

We grouped all AF cases (paroxysmal, persistent, permanent), as well as prevalent and incident AF into
one set (because of low event number) and only included ECHO/CMR, imaging features obtained at the
patients’ first clinic visit in the model. Left atrial volume,[46] LA strain,[58] LA fibrosis,[56] EKG /blood
biomarkers,[66] genotype,[67-69] or sleep apnea were not included in our model, because this data is not
available for a large proportion of our cohort. Lastly, we were unable to assess the generalizability of our
approach by applying our developed model to additional HCM patients — beyond the cross-validation study,
due to the unavailability of data from other HCM cohorts reported in other studies. We expect to address
the latter issue in a future prospective study.

CONCLUSION

The HCM-AF-Risk Model effectively identifies HCM patients with AF, in addition to predictors of AF in
HCM. Our approach attains good performance (0.74 sensitivity, 0.72 specificity, C-index = 0.80) improving
upon current AF risk scores from community cohorts, while addressing the imbalance between high-risk and
low-risk cases that is inherent in most clinical data. The set of clinical attributes identified by our method as
indicative of AF — and serving to justify the severity level assigned by the classifier, includes several hitherto
un-identified markers of AF in HCM, and suggests that HCM patients with AF have a more severe cardiac
HCM phenotype.

Funding: This work was funded in part by NSF IIS EAGER grant#1650851 (to HS), an award from the
John Taylor Babbitt (JTB) foundation (Chatham, New Jersey) and startup funds from the UCSF Division
of Cardiology (to MRA).
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FIGURES AND FIGURE LEGENDS

Figure 1. Age distribution of HCM patients with AF in HCM cohort . AF prevalence increases
with age in HCM.

Figure 2. Distribution of LA size in HCM patients with/without AF . Significant overlap exists
between LA diameter values in the AF and No-AF groups of HCM patients, but mean values for LA diameter
are significantly higher in the AF group, when compared to the No-AF group (p<0.001). Each dot represents
a patient; mean +- 1.96 SD is presented.

Figure 3. Receiver operating characteristic (ROC) curve for HCM-AF-Risk Model : The ROC
curve depicting the performance of the HCM-AF-Risk Model that combines under- and over-sampling ap-
proach. False-positive rate is shown on the x-axis and the true-positive rate is indicated on the y-axis.

Supplementary Figure 1. Flow chart illustrating identification of AF and No-AF cases in HCM
cohort

Supplementary Figure 2. HCM-AF-Risk Model Schematic : The overall framework for identification
of atrial fibrillation cases using clinical attributes within electronic health records of HCM patients (HCM-
AF-Risk Model ). In the data preprocessing step, variables known to be non-informative with respect to
AF, and variables associated with adverse outcomes (e.g. heart failure, ventricular arrhythmia, stroke) are
removed. The feature selection step identifies the most informative clinical variables for separating AF cases
from No-AF cases. Next, the degree of association between each predictor variable and the AF class is
identified via association analysis. Supervised machine learning is then used to build classifiers and perform
classification. Last, a thorough evaluation, both qualitative and quantitative was performed to assess the
classifier’s performance.

Supplementary Figure 3. Methods for addressing data imbalance:An illustration of our classifica-
tion scheme for combining over- and under-sampling. The topmost layer represents the entire training set,
which comprises a majority of No-AF records (shown on the left) and the minority of AF records (shown on
the right). The majority class in the training set (No-AF) is randomly under-sampled such that the No-AF
to AF record ratio is 2:1. The minority class (AF) is over-sampled usingSMOTE to generate synthetic
new AF-like records, doubling the number of AF records. The resulting set forms a balanced training set,
containing the same number of AF and No-AF records.
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