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Supplemental Appendix S1. 

 

A1. CARDIAC IMAGING 

A1.1. Rest and Stress Echocardiography 

Transthoracic echocardiography was performed using a GE Vivid 7 or E-9 ultrasound 

machine (GE Ultrasound, Milwaukee, WI) and a multi-frequency phased-array 

transducer, at baseline and following maximum exercise on a treadmill. Biplane left 

ventricular end-diastolic volume, end-systolic volume and ejection fraction were 

calculated using modified Simpson’s method.1 Mitral inflow early diastole (E) and atrial 

contraction (A) waves were measured by Doppler echocardiography. Tissue Doppler 

peak early diastolic wave (e′) was derived from the apical four-chamber view at the basal 

septal wall and used to compute E/e′.2 The assessment of diastolic function was based on 

2009 ASE Recommendations for the Evaluation of Left Ventricular Diastolic Function 

by Echocardiography, which incorporates parameters of LA size, E/A, mitral e’, and E/e’ 

ratio.3 

Pressure gradients at the level of the left ventricular outflow tract and mid-LV 

were measured in the apical views by continuous-wave Doppler echocardiography at rest 

and with provocation (valsalva, amyl nitrite inhalation, treadmill exercise) in order to 

elicit latent obstruction.4-6 Patients were classified as non-obstructive (< 30 mmHg at rest 

and stress), labile obstructive (< 30 mmHg at rest, ≥30 mmHg with stress), or obstructive 

(≥30 mmHg at rest and stress) type, based on LV gradients at rest and stress.7, 8 Manual 

confirmation of BP was performed at baseline and at 1 minute post-exercise. An 

abnormal blood pressure response (ABPR) is defined as either an increase of <20 mm Hg 
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in systolic blood pressure (SBP) from resting state to peak exercise, or an initial increase 

in SBP followed by a decrease >20 mm Hg compared with the SBP value at peak 

exercise, or a continuous decrease in SBP throughout the exercise test >20 mm Hg (when 

compared with rest SBP).9, 10 

 

A1.2. Deformation analysis by echocardiography 

Echocardiographic images for speckle tracking strain analysis were prospectively acquired 

at frame rates of 50-90 Hz, and longitudinal systolic strain was analyzed from the apical 

two-, three-, and four-chamber views using EchoPAC 112 (GE Vingmed Ultrasound AS, 

Horten, Norway).11 The most negative value of strain and strain rate during systole were 

measured as peak longitudinal systolic strain (LV-GLS) and systolic strain rate (LV-

SR_S). The early peak positive value of strain rate was measured as early-diastolic strain 

rate (LV-SR_E).12, 13 Strain and strain rate values were measured in all 18 segments of the 

LV, and averaged to obtain a global value. Poorly tracking segments or images, which 

could not be optimized, were excluded from analysis. Patients with at least four 

unanalyzable segments were excluded from strain analysis.11 

 

A1.3. Cardiac magnetic resonance imaging  

Cardiac magnetic resonance (CMR) imaging was performed in a 1.5T system 

(MAGNETOM Avanto; Siemens Healthcare, Erlangen, Germany) at the time of the first 

clinic visit in 608 patients. The contrast agent, gadopentetate dimeglumine was used at 

0.2 mmol/kg (Magnevist; Bayer Schering, Berlin, Germany).14 Left ventricular mass and 

late gadolinium enhancement (LV-LGE) were quantified using QMass software (QMass 
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7.4; Medis, Leiden, The Netherlands). Quantification of LGE was performed using short 

axis images. A region of interest was placed in an area of normal appearing nulled 

myocardium, typically the basal lateral wall. Pixels with signal intensity greater than six 

standard deviations higher than the mean of normal myocardium were considered 

abnormal.15, 16  

 

A1.4. Positron emission tomography (PET) imaging 

HCM patients were referred for perfusion-PET if symptoms of angina, ventricular 

arrhythmias or exertional dyspnea occurred despite optimal therapy. Cardiac PET/CT 

imaging was performed using a GE Discovery VCT PET/CT System (GE Healthcare, 

Waukesha, Wisconsin) and a 1-day rest/stress protocol in 143 patients.17 Approximately 

370 MBq (10 mCi) of 13N-ammonia was injected intravenously, followed by PET 

acquisition in two-dimensional list mode for 20 minutes. Vasodilator stress was induced 

approximately 60 minutes after injection of the rest dose.18 Semi-automated analysis of 

the resulting myocardial perfusion images was performed using QPET (Cedars Sinai, Los 

Angeles, California). The summed stress score (SSS), the summed rest score (SRS), and 

the summed difference score (SDS) (SSS − SRS = SDS) were calculated to assess the 

degree of inducible ischemia in each patient.19 Global myocardial blood flow (MBF in 

ml/min/g) at rest and during peak vasodilator stress were quantified using QPET 

software.20 Vasodilator-induced transient left ventricular cavity dilation (LVCD) was 

assessed using the PET-LVCD-index.21 The PET-LVCD-index was computed by 

dividing the LV volume during peak vasodilator stress by the LV volume at rest. Patients 

with an index >1.13 were considered to have LVCD.21  
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A2. FOLLOW UP 

Cardiovascular events during follow up 

Patient follow up ended on March 31, 2017. Follow up data was available for 707 

patients (AF group=169; No-AF group=538). Cardiovascular outcomes included stroke 

(N=12), new sustained ventricular tachycardia (VT) and/or ventricular fibrillation (VF) 

with or without ICD shock (N=29), new onset or worsening heart failure (HF) to New 

York Heart Association (NYHA) functional class III or IV and/or HF requiring 

hospitalization23 (N=139), and all-cause mortality (N=26).22 Stroke was based on a 

diagnosis of cerebral infarction during hospitalization, with or without hemorrhagic 

transformation. Sustained VT (ventricular rate ≥130 beats per minute/≥ 30 seconds 

duration) or VF was confirmed by examination of electrocardiogram (EKG), Holter/event 

monitor recordings and/or stored electrograms from ICD interrogation by an 

electrophysiologist. All-cause mortality statistics for our study population were obtained 

by linking our database to the Social Security Death Index. 

 

B1. COMPUTATIONAL METHODS 

The computational framework (HCM-AF-Risk Model) used to identify AF patients is 

similar to the framework that we used to identify ventricular arrhythmias in HCM 

patients (HCM-VAr-Risk Model).24 It comprises the following 5 steps 1) Preprocessing, 

2) Feature selection, 3) Association analysis, 4) Supervised machine learning, 5) 

Evaluation of classifier’s performance (Figure 1). 

 

B1.1. Preprocessing – Handling Missing Data 
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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 S1). As some of the records did not include values for 

all variables, data imputation was performed using a nearest neighbor approach. We 

excluded 10 patient records that had values missing for >50% of attributes in the feature 

space. Since only a small proportion of HCM patients had 13NH3-PET imaging and 

underwent device implantation, absence of data from PET imaging (basal MBF, hyperemic 

MBF, MFR, MFR>2, SDS, SDS>2) and device testing (inducible VT by NIPS) in patients 

who did not have PET-imaging or ICD implantation were not considered missing variables 

(Supplementary Table S1). For all other variables, namely, those related to clinical history, 

exercise testing, echocardiography and cardiac magnetic resonance imaging, a nearest 

neighbor approach was used to impute missing values. For each record associated with one 

or more missing values, we obtained five nearest neighbors. We imputed the missing value 

associated with a continuous variable using the mean of the attribute values associated with 

the five nearest neighbors. For a nominal variable, we used the majority value associated 

with the variable among the nearest neighbors.  

 

B1.2. 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 
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vs No-AF records). We thus applied 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 was performed by assessing individual variables one at a time. Selection 

of highly predictive nominal attributes relied on the well-known Information Gain 

criterion25 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 variance26, 27, 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). 

 

B1.3 Association Analysis: Many of the attributes gathered per patient are nominal, as 

opposed to continuous-numerical (Supplementary Table S1). Nominal features include 

variables such as HCM type or history of syncope. Association among nominal variables 
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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 employed the polychoric correlation28, 29, which takes on values in the range [-1,1], 

where a negative value indicates negative association and a positive value corresponds to 

positive association (Table 1).  

 

B1.4 Classification – Addressing Data Imbalance 

A 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 

non-AF class. Each patient in our dataset is represented using the 18 distinguishing features 

identified in feature-selection step. Specifically, each of the 831 patients, denoted 𝑝𝑖 (1 ≤ i 

≤ 831), is mapped to a 18-dimensional vector, 𝑉𝑖 =< 𝑝1
𝑖 , … , 𝑝18

𝑖 >, where each dimension 

corresponds to the clinical value recorded for the respective variable. The classifier 

calculates for each 18 dimensional vector 𝑉𝑖 representing the ith patient, its probability to 

be an AF case, Pr(AF| Vi) vs its probability to be non-AF, (Pr(non-AF | Vi) = 1- Pr(AF| 

Vi)). The higher the value Pr(AF| Vi),  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 0.3 suggests that the risk for AF is much lower. 

For comparison among different potential machine learning classifiers, we tested 

four standard machine learning classification methods, namely, Logistic Regression, Naïve 

Bayes, Decision Tree and Random Forest, assessing how well they separate AF patients 

from non-AF. (We used the Python scikit-learn package for training the baseline classifiers 

30). All four classifiers performed poorly when trained on our highly imbalanced dataset, 
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failing to detect almost any AF records. The hypothesis, the cost function and the hyper 

parameters used to train/test the four baseline classifiers are listed in Supplementary 

Table S2. 

We employed a method we have devised to address imbalance, by combining over- 

and under-sampling along with an ensemble classifier that integrates the most effective 

classifiers to separate AF records from non-AF records. The over- and under-sampling 

strategy is based on partitioning the training data, as shown in Figure 2. The aim of our 

combined over- and under-sampling approach was to first reduce the size of the data 

stemming from the over-represented (majority, i.e. No-AF) class by uniformly-at-random 

removing records associated with the majority class in the training data. We then increased 

the impact of the training under-represented (minority, i.e. AF) class, by synthesizing new 

instances of the minority class using the Synthetic Minority Over-sampling Technique 

(SMOTE).31 SMOTE is an over-sampling approach in which the under-represented, 

minority class (AF cases) is over-sampled by creating synthetic examples based on the 

actual data – effectively introducing new data samples from the same data-distribution, as 

opposed to simply over-sampling with replacement. Specifically, the minority class is over-

sampled by taking each sample s within it, and introducing two synthetic examples based 

on interpolation of samples selected from among its k nearest instances (in this study we 

set k = 3). A synthetic sample is generated as follows: An instance is randomly chosen from 

among the three nearest neighbors of s, and the difference between the vector representing 

the sample s and the chosen instance is calculated. The difference is multiplied by a random 

number between 0 and 1, and is added to the vector s. This produces a new sample s’, that 
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represents an interpolation of s and its neighboring instance, effectively generalizing the 

decision region imposed by the minority class.  

The combined over- and under-sampling strategy gives rise to a balanced training 

set. The original ratio of the number of records associated with No-AF vs AF was 3:1 (440 

No-AF and 134 AF records in the training set). We performed random under-sampling of 

the records associated with the non-AF class (majority class), leading to a ratio of 2:1 (No-

AF vs AF, respectively). We then over-sampled the training minority class using SMOTE 

to generate 134 synthetic minority instances (adding once the original number of minority 

instances, 134), so that a balanced training set is produced. The number of synthetic 

minority instances generated was restricted in order to avoid over-fitting. Figure 2 

illustrates the data partitioning scheme used in the combined over- and under-sampling 

scheme, as it was applied to the training set.  

Next, we use an ensemble classifier in which the base components are logistic 

regression and naive Bayes. We train the ensemble classifier on the balanced training set 

obtained using our developed sampling approach. We use logistic regression and naïve 

Bayes in the ensemble scheme since their stand-alone performance was better than the 

other classifiers we tried. We use grid search to tune the hyper parameters of all the 

classifiers included in our study. The ensemble classifier assigns a class-probability to a 

record by calculating the weighted average of the predicted probability attained from each 

classifier (soft voting). The idea behind an ensemble classifier is to combine well-

performing supervised learning methods in order to balance out their individual 

weaknesses. We use a weighted voting scheme, a standard choice for combining classifiers 

in ensemble designs that has proven to be effective by others as well.25 Since individual 
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classifiers perform differently, using a weighted average to combine their predicted 

probabilities allows each classifier to influence the final classification decision differently. 

We employ grid search to determine the weights assigned to the individual classifiers. For 

a record r, we let p1 denote its probability to be associated with the AF class as assigned by 

logistic regression, and p2 denote its probability of AF assigned by naïve Bayes. The final 

probability of the record r to be associated with the AF class, ProbAF, is obtained by 

calculating the weighted average of p1 and p2, 𝑃𝑟𝑜𝑏𝐴𝐹 =
1

𝑤1+𝑤2
(𝑤1𝑝1 + 𝑤2𝑝2), where we set w1 

= 2 and w2 = 1, based on grid search. The record is assigned the AF class label if ProbAF > 

0.5 and non-AF otherwise.  

To train and test our ensemble classifier, we employed a five-fold cross-validation scheme, 

in which we partitioned the dataset into 5 equal subsets, 4 of which (80%) were used in 

turn as the training set while the 5th (20%) was left out and served for testing. The 

training/testing procedure was repeated 5 times, where each time a different subset was left 

out for testing. We applied the combined over- and under-sampling approach to 80% of 

the dataset used for training, thus obtaining a balanced set over which to train the classifier. 

We apply our model only to the dataset used for training, thus obtaining a balanced training 

set. We evaluate the performance of the trained model on the imbalanced left-out test set 

comprising 20% of the data. Notably, the process of training and testing are independent 

of each other. The classifier assigns to each record in the test set a probability to be 

associated with AF or non-AF. We conducted 10 complete 5-fold cross-validation 

experiments (each using a different 5-way split of the dataset), for a total of 50 complete 

runs, on 50 training and test sets. Notably, the repeated five-fold cross-validation scheme 
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guards against overfitting, since we are training our model repeatedly on a separate training 

set, and testing on the set that is left out.    

B1.5 Model Evaluation  

We employed several standard measures25 to assess the performance of our HCM-AF-Risk 

Model, namely, specificity, sensitivity (recall) and area under receiver operating 

characteristics (ROC) curve. The first two are defined as: Specificity = 
𝑇𝑁

𝑇𝑁+𝐹𝑃
 ,   Sensitivity 

=  
𝑇𝑃

𝑇𝑃+𝐹𝑁
 , 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 non-AF. The ROC 

curve plots the true positive rate (TPR), calculated as 
TP

TP+FN
 , as a function of false positive 

rate (FPR), calculated as 
FP

FP+TN
  (FP-false positive). The classifier performance is then 

reported based on the area under the ROC curve (also known as C-index).  

 

B1.6 Experiments  

We first employed univariate feature selection using information gain and two-sample t-

test for unequal variance, to identify salient features that are predictive of 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.  
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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 naïve 

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 subsets) for training and tests on the fifth, left out 

set. After each classification step, we evaluated the performance of the classifiers 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)32 and Meta-classification33 and found that the 

performance of our combined under- and over-sampling using SMOTE was superior 

(Table 3). 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 (Figure 2).  
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SUPPLEMENTARY TABLES 

 

Supplemental Table S1. List of 93 variables remaining in the feature set after 

preprocessing the original set of 153 variables.  

Variables Type of Variable 

Apical HCM Nominal 

Biometrics: body weight (kg) Continuous 

Biometrics: body mass index (kg/m2) Continuous 

Biometrics: height (m) Continuous 

CMR: LV mass (g) Continuous 

CMR: LGE presence Nominal 

CMR: LGE volume (mL) Continuous 

CMR: LGE mass (g) Continuous 

CMR: LGE mass as % of LV mass Continuous 

CMR: LGE >15% Nominal 

CMR: LGE > 15% of LV mass Nominal 

Creatinine, serum (mg/dL) Continuous 

Demographics: race Nominal 

Demographics: age (years) Continuous 

Demographics: sex Nominal 

ECHO: maximum IVS thickness (mm) Continuous 

ECHO: IVS ≥3 cm Nominal 

ECHO: maximum LV posterior wall thickness (mm) Continuous 

ECHO: IVS/PW ratio Continuous 

ECHO: left atrial diameter (mm) Continuous 

ECHO: LV apical wall thickness (mm) Continuous 

ECHO: deceleration time of early mitral inflow (ms) Continuous 

ECHO: LV early diastolic filling velocity (E, cm/s) Continuous 

ECHO: LV late diastolic filling velocity (A, cm/s) Continuous 

ECHO: LV diastolic function: E/A     Continuous 

ECHO: LV diastolic function: E/e′ Continuous 

ECHO: LV end-systolic volume (ml) Continuous 

ECHO: LV end-diastolic volume (ml) Continuous 

ECHO: LV outflow tract gradient at rest (mmHg)    Continuous 

ECHO: LV outflow tract gradient at peak stress (mmHg)     Continuous  

ECHO: HCM type (obstructive, non-obstructive, labile obstructive) Nominal 

ECHO: systolic anterior motion of mitral valve (SAM) Nominal 

ECHO: severity of mitral regurgitation Nominal 

ECHO: LV ejection fraction (%) Continuous 

ECHO: LV strain, global longitudinal systolic strain GLS (%) Continuous 

ECHO: LV global longitudinal systolic strain rate, SR_S (1/s) Continuous 

ECHO: LV global longitudinal early diastolic strain rate, SR_E, (1/s)  Continuous 

Exercise test, treadmill protocol Nominal 
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Exercise time (seconds) Continuous 

Exercise: metabolic equivalents     Continuous 

Exercise: systolic BP at rest (mmHg) Continuous 

Exercise: systolic BP at peak exercise (mmHg) Continuous 

Exercise: systolic BP >210 mmHg at peak exercise Nominal 

Exercise: diastolic BP at rest (mmHg)   Continuous 

Exercise: diastolic BP at peak exercise (mmHg) Nominal 

Exercise: diastolic BP >90 mmHg at peak exercise (mmHg) Continuous 

Exercise: heart rate at rest, pre-exercise (bpm) Continuous 

Exercise: heart rate at peak exercise (bpm) Continuous 

Exercise: peak heart rate achieved, expressed as % of MPHR (bpm) Continuous 

Exercise: heart rate at 1 min post-exercise (bpm) Continuous 

Exercise: abnormal BP response during exercise at first clinic visit Nominal 

Exercise: abnormal BP response during exercise, at follow up visit Nominal 

Follow-up time (years) Continuous 

Family history of HCM Nominal 

Family history of SCD Nominal 

Follow up: ICD implantation Nominal 

Follow up: inducible VT by NIPS Nominal 

Follow up: supraventricular tachycardia Nominal 

Follow up: septal myectomy or alcohol-septal ablation 

Histo 
Nominal 

History of diabetes Nominal 

History of smoking Nominal 

History of septal myectomy or alcohol-septal ablation Nominal 

History of myocardial infarction Nominal 

History of obstructive CAD Nominal 

History of hypertension Nominal 

History of dyslipidemia  Nominal 

History of ICD implantation Nominal 

History: SCD risk factors, total number  Nominal 

History of unexplained syncope Nominal 

History of NSVT Nominal 

History of active tobacco (cigarette) use Nominal 

NYHA functional class  Nominal 

PET: basal myocardial blood flow (ml/min/g) Continuous 

PET: hyperemic myocardial blood flow (ml/min/g) Continuous 

PET: myocardial flow reserve  Continuous 

PET: myocardial flow reserve >2 Nominal 

PET: summed difference score (SDS) Continuous 

PET: SDS≥2 Nominal 

Presence/absence of myocardial infarction Nominal 

Symptoms: angina Nominal 



 

18 

 

Symptoms: lightheadedness Nominal 

Symptoms: dyspnea on exertion Nominal 

Symptoms: pre-syncope Nominal 

Therapy: insulin Nominal 

Therapy: ACE-inhibitor, angiotensin receptor blockade Nominal 

Therapy: calcium channel blocker Nominal 

Therapy: oral anticoagulation agents Nominal 

Therapy: aspirin Nominal 

Therapy: beta blocker   Nominal 

Therapy: disopyramide Nominal 

Therapy: diuretic Nominal 

Therapy: metformin Nominal 

Therapy: statin Nominal 
 

HCM: hypertrophic cardiomyopathy; CMR: cardiac magnetic resonance; LV: left 

ventricle; LGE: late gadolinium enhancement; ECHO: echocardiography; IVS: maximum 

interventricular septal thickness; PW: maximum left ventricular posterior wall thickness; 

IVS/PW: ratio of maximal thickness of interventricular septum and maximal thickness of 

posterior wall of the left ventricle; MPHR: maximum predicted heart rate based on age; 

BP: blood pressure; bpm: beats per minute; ICD: implantable cardioverter defibrillator; 

SCD: sudden cardiac death; NSVT: non-sustained ventricular tachycardia; VT: sustained 

ventricular tachycardia; NIPS: non-invasive programmed stimulation; CAD: coronary 

artery disease; NYHA: New York Heart Association; PET: positron emission 

tomography; MBF: myocardial blood flow; SDS: summed difference score, a measure of 

inducible ischemia by PET imaging; myocardial flow reserve: ratio of MBF during 

maximal coronary vasodilation to resting MBF; ACE: angiotensin converting enzyme. 
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Supplemental Table S2: A summary of the base-classifiers employed in our study.  

 

Classifier Hypothesis  Cost Function Hyper Parameters  

Logistic Regression 
ℎ𝜃(𝑥) =

1

1 + 𝑒𝜃𝑇𝑥
 

(y)log(ℎ𝜃(𝑥) +  

(1-y)log(1- ℎ𝜃(𝑥)) 

Learning rate: 0.01 

Optimization Method: newton-cg 

Decision Tree ℎ(𝑥) =  −𝑃(𝑥)𝑙𝑜𝑔𝑃(𝑥) NA Pruning: Yes 

Random Forest 
ℎ(𝑥) =  −𝑃(𝑥)𝑙𝑜𝑔𝑃(𝑥) NA 

Number of trees: 200 

Pruning: Yes 

Naïve Bayes  P(y|x)  =
𝑃(𝑥|𝑦)𝑃(𝑦)

𝑃(𝑥)
 NA NA 

The leftmost column indicates the classification approach. The middle two columns 

include the hypothesis function and cost function used. The rightmost column shows the 

hyper parameters identified via grid search for each of the four baseline classifiers included 

in our experiments.  

 

 


