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OBJECTIVES The authors implemented an explainable machine learning (ML) model to gain insight into the association

between cardiac magnetic resonance markers and adverse outcomes of cardiovascular hospitalization and all-cause death

(composite endpoint) in patients with nonischemic dilated cardiomyopathy (NICM).

BACKGROUND Risk stratification of patients with NICM remains challenging. An explainable ML model has the

potential to provide insight into the contributions of different risk markers in the prediction model.

METHODS An explainable ML model based on extreme gradient boosting (XGBoost) machines was developed using

cardiac magnetic resonance and clinical parameters. The study cohorts consist of patients with NICM from 2 academic

medical centers: Beth Israel Deaconess Medical Center (BIDMC) and Brigham and Women’s Hospital (BWH), with 328 and

214 patients, respectively. XGBoost was trained on 70% of patients from the BIDMC cohort and evaluated based on the

other 30% as internal validation. The model was externally validated using the BWH cohort. To investigate the contri-

bution of different features in our risk prediction model, we used Shapley additive explanations (SHAP) analysis.

RESULTS During a mean follow-up duration of 40 months, 34 patients from BIDMC and 33 patients from BWH expe-

rienced the composite endpoint. The area under the curve for predicting the composite endpoint was 0.71 for the internal

BIDMC validation and 0.69 for the BWH cohort. SHAP analysis identified parameters associated with right ventricular

(RV) dysfunction and remodeling as primary markers of adverse outcomes. High risk thresholds were identified by SHAP

analysis and thus provided thresholds for top predictive continuous clinical variables.

CONCLUSIONS An explainable ML-based risk prediction model has the potential to identify patients with NICM at

risk for cardiovascular hospitalization and all-cause death. RV ejection fraction, end-systolic and end-diastolic volumes

(as indicators of RV dysfunction and remodeling) were determined to be major risk markers.
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AB BR E V I A T I O N S

AND ACRONYM S

BIDMC = Beth Israel Deaconess

Medical Center

BWH = Brigham and Women’s

Hospital

LGE = late gadolinium

enhancement

LVEDVi = left ventricular end-

diastolic volume index

LVESVi = left ventricular end-

systolic volume index

LVMi = left ventricular mass

index

ML = machine learning

NICM = nonischemic

cardiomyopathy

PASP = pulmonary artery

systolic pressure

RVEDVi = right ventricular

end-diastolic volume index

RVESVi = right ventricular

end-systolic volume index

SHAP = Shapley additive

explanations

XGBoost = extreme gradient

boosting model
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R isk stratification in patients with idiopathic
nonischemic cardiomyopathy (NICM) re-
mains challenging caused by heterogeneous

clinical presentations and unpredictive disease pro-
gression.1 Patients with NICM are prone to frequent
hospitalization caused by worsening heart failure
(HF) symptoms. Indeed, frequent HF hospitaliza-
tion remains a major health care burden and hospi-
tal readmissions due to HF is being used as a
value-based metric by the Center for Medicare
and Medicaid Services. Recent studies have shown
that left ventricular ejection fraction (LVEF)
alone, a popular major marker of adverse out-
comes, is less sensitive at identifying those in
need of frequent hospitalization than predicting
arrhythmia. Myocardial fibrosis, imaged using late
gadolinium enhancement (LGE) cardiac magnetic
resonance (CMR), provides both diagnostic and
prognostic information in patients with NICM.2,3

Several studies reported both presence and extent
of myocardial fibrosis as significant indicators of
HF hospitalization.4,5 Gulati et al6 recently demon-
strated that right ventricular (RV) systolic dysfunc-
tion in patients with dilated cardiomyopathy
independently predicts transplant-free survival
and adverse HF outcomes.

Current risk prediction models are based on tradi-
tional statistical univariate or multivariate regression
analyses, which can have limitations to extract risk
markers from high-dimensional data.3-6 Recent
advances in machine learning (ML) allow building
risk prediction models without preassumptions of
which imaging or clinical markers provide prognostic
value.7,8 ML algorithms are optimized to learn asso-
ciations between patient clinical variables and
outcomes from a large sample of high-dimensional
data sets. However, the use of advanced ML models
is very limited in clinical practice because of the lack
of clear interpretation of their decision-making
process. More recently, several tools have been
introduced that shed light into ML decision-making
processes and provide a means for identifying
important predictors.9-12

In this study, we sought to implement an explain-
able ML model to gain insight into the association
between CMR imaging markers and adverse outcomes
of cardiovascular (CV) hospitalization and all-cause
death. The explainable ML model was then used to
investigate the contributions of different risk
predictors. The risk prediction model was evaluated
in an independent cohort of patients, imaged at a
different institution to assess the generalizability of
model performance.
METHODS

STUDY POPULATION. The study cohorts
consist of patients with NICM from 2 different
academic medical centers: Beth Israel
Deaconess Medical Center (BIDMC) and Brig-
ham and Women’s Hospital (BWH) (Central
Illustration). The study was Health Insurance
Portability and Accountability Act compliant
and approved by the Institutional Review
Boards at BIDMC and BWH. At BIDMC, we
retrospectively identified patients with NICM
who had been referred for a clinical CMR
exam between January 2010 and July 2019.
The diagnosis of NICM was confirmed using
information extracted from electronic medi-
cal records. The BWH cohort included
consecutive patients enrolled between
January 2009 and December 2015 and
referred for a clinical CMR exam. The com-
mon exclusion criteria for both data sets
included: 1) hypertrophic, inflammatory,
infiltrative, cardiac sarcoidosis and arrhyth-
mogenic cardiomyopathies; 2) ischemic cor-
onary disease defined as a history of
myocardial infarction, presence of epicardial

coronary artery diameter stenosis >70%, or presence
of a subendocardial/transmural LGE pattern.
IMAGE ACQUISITION AND ANALYSIS. CMR images
were acquired on a 1.5-T CMR system (Achieva, Phi-
lips Healthcare, Best, the Netherlands) equipped with
a 32-channel cardiac coil or a 3.0-T (Vida or Tim Trio,
Siemens Healthineer, Erlangen, Germany) CMR sys-
tem using an 18-channel body coil. Breath-hold,
retrospectively-gated cine images were collected
using balanced steady-state free-precession sequence
in the 2- and 4-chamber long-axis views, left ven-
tricular (LV) outflow tract view, and short-axis stack
covering the entire LV (8-mm slices with 2-mm gaps
at BIDMC and no gaps at BWH). On cine short-axis
images, end-diastolic and end-systolic cardiac
phases were identified and the epicardial layer was
detected along the compact myocardium. We
measured the following CMR parameters of the LV
and RV: ejection fraction, end-diastolic volume,
end-systolic volume, stroke volume, cardiac output,
and myocardial mass in end-diastolic phase. Param-
eters were indexed to body surface area (BSA).

LGE images were obtained using either a
2-dimensional or 3-dimensional phase-sensitive
inversion-recovery sequence during end-diastolic
phases 10 to 15 minutes after administration (0.1
to 0.2 mmol/kg) of gadolinium. Gadolinium agent
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Shapley additive explanations analysis allows explainable model predictions for each patient to determine the most important factors

associated with adverse outcomes of cardiovascular (CV) hospitalization and all-cause death. AUC ¼ area under the curve; DBP ¼ diastolic
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types included gadobenate dimeglumine (Multi-
hance, Bracco Diagnostics Inc), gadopentetate
dimeglumine (Magnevist, Bayer Schering Pharma
AG, Berlin, Germany), and gadolinium diethylene-
triaminepentaacetic acid (Magnevist, Bayer Health-
Care Pharmaceuticals).
LGE presence, extent (g), and %LGE (ie, LGE [g]/LV
mass [g]$100) were assessed with the 3 SD threshold
method using CVI42 v.5.10 (Circle Cardiovascular
Imaging Inc) at BIDMC, and MASS v.15 (2008, Medis)
at BWH.13 The scar location of LGE was assessed using
the 17-segment American Heart Association model.
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Midwall myocardial scarring involving the septum
was also identified and used as a predictor in the
developed model.

CLINICAL FOLLOW-UP AND OUTCOME DEFINITION.

Clinical follow-up was assessed by reviewing all
available electronic medical records. In case of
insufficient medical records, patients were sent a
consent and contacted by mail or a scripted telephone
interview in the BWH cohort. All-cause death was
confirmed by reviewing medical records and the So-
cial Security Death Index. We extracted all relevant
outcome measures associated with CV-related hospi-
talization and all-cause death. The outcome of inter-
est was defined as the composite endpoint of CV
hospitalization and all-cause death. We recorded the
time duration between CMR scan and the first event
of the composite outcome.

RISK PREDICTION MODEL DEVELOPMENT AND

EVALUATION. An explainable ML model using the
extreme gradient boosting model (XGBoost) was used
to develop a predictive model for hospitalization and
all-cause death.14 XGBoost is a nonparametric method
based on training thousands of sequential decision
trees that can optimally handle diverse variable types
and imbalanced data sets in terms of low event
rates.15,16 XGBoost iteratively optimizes the prediction
model while applying L1- and L2-norm regularizations
to prevent overfitting.17,18 Our model was built using
standard demographics, comorbidities, and CMR im-
aging parameters. XGBoost models can account for
missing data and thus do not require imputation of
missing values. For model development, patients in
the BIDMC data set were randomly partitioned into
training-validation (70%) and internal testing (30%)
subsets. We used a 10-fold cross-validation process to
tune the model hyperparameters using grid search.
The area under the receiver operating curve (AUC) was
used as a model evaluation metric to mitigate the
biases in class imbalance and low event rates. The
tuned hyperparameters were: L2 regularization with
weight ¼ 1, learning rate ¼ 0.001, the maximum tree
depth ¼ 3, fraction of samples/tree ¼ 0.50, fraction of
predictors/tree ¼ 0.75, minimum number of points/
node ¼ 6, Lagrange multiplier ¼ 0.0, and number of
modeling sequential trees ¼ 47. The code used for our
model is available online.19 In addition to the internal
validation data set (30% of BIDMC data set), we used
the entire BWH cohort as an external validation data
set to evaluate the model’s performance and
generalizability.

EXPLAINABLE ML MODEL INTERPRETATION. To
gain insight into the risk prediction model, we used
Shapley additive explanations (SHAP) analysis and
investigated the contributions of the different clinical
variables.10 SHAP analysis provides a generic tool for
estimating feature importance in ML models. Feature
importance is determined for each data point (ie, pa-
tient) based on Shapley values, which is a game theory
concept introduced in 1950s.20 This concept aimed to
find the contribution of each teammember (eg, clinical
variable) to the final outcome of the game (eg, com-
posite endpoint). The SHAP value of a clinical variable,
V (eg, right ventricular ejection fraction [RVEF]), is
computed as an average of this variable’s contribu-
tions across all possible combinations of clinical vari-
ables that include V. Specifically in our model, the
SHAP value of a clinical variable can be positive or
negative suggesting an increased or decreased likeli-
hood of developing a particular outcome. In explain-
able ML, SHAP values are used to explain the model
outputs by computing the contribution of each input
feature for all samples in the data set.9,10,12 In our
study, the impact and interaction among the clinical
variables were investigated by visualizing SHAP
values in global (cohort level) and local (patient-spe-
cific) forms. To investigate the dependency of cohort-
level SHAP values on the specific selection of the
training subcohort, we used 10-fold cross-validation to
randomly select the training data set and repeated
model development and identification of the most
significant predictors based on the resulting SHAP
values. Furthermore, to investigate the reliability of
our model given the low event rate, we retrained the
model using a reduced event rate by excluding 3 (12%,
n ¼ 24) patients with positive outcomes and reported
the change in the most important set of predictors.

SURVIVAL ANALYSIS. Kaplan-Meier estimates were
used to analyze survival rates. The CMR scan date
represented the start date in both cohorts. The dura-
tion of follow-up was calculated as the time between
the CMR scan and either the first outcome (either CV
hospitalization or death) or start date of data analysis.
The end dates were November 1, 2019, and August 30,
2015, for BIDMC and BWH cohorts, respectively. The
Kaplan-Meier analysis method was used in the anal-
ysis of the survival rates and survival curve differences
through the log-rank test. Cutoff values were chosen
based on local SHAP analysis for each parameter.

STATISTICAL ANALYSIS. Descriptive statistics sum-
marized patient characteristics in each subgroup in
both data sets. Variables are expressed as frequency
(%) for categorical data and mean � SD for continuous
data for both patient groups with and without out-
comes. Differences between these patient groups
were assessed using the unpaired 2-tailed Student
t-test for continuous variables and the Pearson chi
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square test or Fisher exact test for categorical vari-
ables. P values >0.05 were considered statistically
significant. Model performance for outcome predic-
tion was assessed using AUC, and the area under the
precision-recall curve (average precision [AP]). All ML
modeling and interpretation was performed using
Python, version 3.5, and ML packages XGBoost li-
brary, version 1.3.3, scikit-learn, versions 0.20.2/
0.24.2, and SHAP, version 0.39.

RESULTS

PATIENT POPULATION. Baseline clinical character-
istics in the BIDMC and BWH cohorts are provided
in Tables 1 and 2, respectively. BIDMC and BWH
cohorts consisted of 328 patients with NICM (mean
age, 56 years; 219 [67%] males), and 214 patients
with NICM (mean age, 48 years; 136 [63%] males),
respectively. The mean duration of follow-up (after
enrollment) among patients with BIDMC was
1,220 days (range 25 to 3,588 days) and 1,425 days
(range 2 to 2,411 days) for patients with BWH.
Approximately 10% of patients at BIDMC and 16% at
BWH reached the composite outcomes. There was
high usage of beta blockers (67% for BIMDC and
52% for BWH). CMR characteristics are summarized
in Tables 1 and 2. RVEF and LVEF tended to be
significantly lower for patients with outcomes (P <

0.001 in the BIDMC cohort and P < 0.01 in the BHW
cohort). Patients with higher LV end-diastolic vol-
ume index (LVEDVi), LV end-systolic volume index
(LVESVi), LV mass index (LVMi), RV end-diastolic
volume index (RVEDVi), and RV end-systolic vol-
ume index (RVESVi) values were more likely to
have adverse outcomes. LGE was observed in 141
patients (43%) in the BIDMC cohort, and in 73 pa-
tients (34%) in the BWH cohort.

MODEL PERFORMANCE AND INTERPRETATION.

Receiver operating curve and precision-recall curves
for our XGBoost model trained on 229 patients (70%)
from the BIDMC cohort is shown in Figure 1, demon-
strating AUCs of 0.71 and 0.69 and APs of 0.25 and
0.30 for the internal (30% of BIDMC cohort) and
external (BWH) validation cohorts, respectively.
Model interpretation for the top 12 (n ¼ 46) risk
markers is shown in Figure 2. Figure 2A shows the top
features in descending order, evaluated by the
average absolute SHAP values. Eight CMR parameters
were among the top variables: RVEDVi, RVESVi,
RVEF, RV stroke volume index (RVSVi), LVEDVi, LV
stroke volume index (LVSVi), LVMi, and LVEF.
Feature ranking (y-axis) indicates the feature impor-
tance in the prediction model. In Figure 2B, each dot
represents a patient with its x-axis location
represents the SHAP value of the predictor at the
same row. The dot color indicates the measured value
of the predictor. For example, RVEF has a high
“negative” impact on outcome prediction (ie, the
higher the RVEF, the lower the probability of an
adverse outcome). The high effect is determined from
the feature rank (along the y-axis), and the negative
impact is shown as red dots (ie, high RVEF) on the
negative side of the x-axis, and blue dots (ie, low
RVEF) on the positive side of the x-axis. Similarly,
LVSVi, LVEF, RVSVi, diastolic blood pressure (DBP),
systolic blood pressure (SBP), and age have highly
negative contribution to the model. Examples of
clinical variables that have high “positive” contribu-
tions with respect to outcome prediction (ie, the
higher the measured value, the higher the probability
of adverse outcome) include pulmonary artery sys-
tolic pressure (PASP), RVEDVi, RVESVi, LVEDVi, and
LVMi. Repeating model development using 10-fold
cross-validation showed that 3 RV clinical parame-
ters (namely, RVESVi, RVEDVi, and RVEF) were
among the 10 most significant predictors of the
adverse outcomes in our study cohort. We also found
that %LGE was a significant predictor of rank (11th).
Repeating model training with reduced event rates
yielded the following set of most significant factors:
PASP, RVEDVi, age, LVMi, RVEF, LVEDVi, LVSVi,
LVESVi, LVEF, heart rate, %LGE, RVSVi. That is, 9
significant parameters reported in our main experi-
ments (namely, PASP, RVEDVi, RVEF, RVSVi, age,
LVSVi, LVEF, LVMi, and LVEDVi) remained among
the most significant parameters even after reducing
the number of patients with positive outcomes.

Figure 3 provides personalized feature attributions
for 2 representative patients with and without
adverse events from our BIDMC cohort. The predic-
tion starts from the base value (bias), which is the
average of all predictions across the training data
set.10 The contribution of each feature is shown as an
arrow that pushes to decrease (negative value) or
increase (positive value) the probability of the
outcome. The arrows are sorted based on their impact
on the outcome, and their colors represent positive
(red) or negative (blue) contributions. The length of
each arrow is proportional to the SHAP value for a
given feature. The output obtained for these partic-
ular instances are shown as model output values. In
the patient with adverse outcomes, high values of
LVEDVi (173 mL/m2), LVMi (98 g/m2), PASP
(26 mm Hg), RVEDVi (117 mL/m2), and low values of
RVEF (27%), LVEF (27%), and age (40 years) were
driving a high risk prediction against high LVSVi
(46 mL/m2) (Figure 3A). In the patient without
adverse outcomes, relatively high RVESVi (40 mL/m2)



TABLE 1 Patient Clinical Characteristics From the BIDMC Cohort

All Patients
(N ¼ 328)

With Outcome
(n ¼ 34)

Without Outcome
(n ¼ 294) P Values

Female 109 (0.33) 8 (0.24) 101 (0.34) 0.209

Age, y 55.76 � 14.24 52.09 � 14.88 56.17 � 14.10 0.114

Valvular disease 50 (0.15) 6 (0.18) 44 (0.15) 0.696

Aortic stenosisa 2/1/1 0/0/0 2/0/1

Aortic regurgitationa 14/6/1 0/1/0 14/5/1

Mitral stenosisa 1/0/0 0/0/0 1/0/0

Mitral regurgitationa 21/13/4 3/1/1 18/12/3

Tricuspid regurgitationa 21/5/0 1/0/0 20/0/0

Pulmonary regurgitationa 11/2/0 1/0/0 10/2/0

PASP, mm Hg 30 � 12 36 � 13 29 � 11 0.020

Diabetes mellitus 52 (0.16) 10 (0.29) 42 (0.14) 0.020

Kidney disease 25 (0.08) 8 (0.24) 17 (0.06) <0.001

eGFR, mL/min/1.73 m2 79 � 23 76 � 24 79 � 23 0.518

Malignant disease 51 (0.15) 10 (0.29) 41 (0.14) 0.016

Hospitalization at time of CMR 102 (0.31) 14 (0.41) 88 (0.30) 0.095

Tobacco use 139 (0.42) 17 (0.50) 122 (0.34) 0.469

Prior/current smoker 109/30 10/7 99/23

AF/AFL 62 (0.19) 7 (0.21) 55 (0.18) 0.762

Syncope 15 (0.05) 1 (0.03) 14 (0.05) 0.640

Aspirin 110 (0.34) 15 (0.44) 95 (0.33) 0.177

Amiodarone 23 (0.07) 4 (0.12) 19 (0.06) 0.241

ACEI/ARB 159 (0.49) 17 (0.50) 142 (0.49) 0.882

Aldosterone 52 (0.16) 11 (0.32) 41 (0.14) 0.005

Beta-blocker 217 (0.67) 22 (0.65) 195 (0.67) 0.808

Statin 123 (0.38) 16 (0.47) 107 (0.37) 0.232

Calcium channel blocker 9 (0.03) 1 (0.03) 8 (0.03) 0.930

Diuretics 85 (0.26) 15 (0.44) 70 (0.24) 0.011

Diuretics typeb 69/7/4/0 14/0/1/0 55/7/3/0

Digoxin 11 (0.03) 1 (0.03) 10 (0.03) 0.898

BSA, m2 2.01 � 0.27 2.03 � 0.25 2.01 � 0.27 0.599

SBP, mm Hg 123 � 21.26 119 � 20.25 124 � 21.32 0.204

DBP, mm Hg 73 � 13.91 69 � 12.94 74 � 13.93 0.056

Heart rate, beats/min 75 � 17.41 76 � 13.97 75 � 17.76 0.746

LVEDVi, mL/m2 112.86 � 39.10 137.34 � 51.06 110.07 � 36.46 <0.001

LVESVi, mL/m2 71.84 � 40.52 97.41 � 52.83 68.92 � 37.78 <0.001

LVSVi, mL/m2 40.59 � 11.63 39.93 � 11.60 40.67 � 11.63 0.725

LVEF, % 40.17 � 15.51 33.61 � 15.68 40.92 � 15.31 0.009

LVCOi, L/min/m2 2.94 � 0.77 2.97 � 0.82 2.94 � 0.76 0.828

LVMi, g/m2 65.68 � 20.88 73.71 � 22.03 64.77 � 20.55 0.018

RVEDVi, mL/m2 83.54 � 24.25 101.53 � 32.30 81.48 � 22.24 <0.001

RVESVi, mL/m2 44.26 � 21.97 59.20 � 28.38 42.56 � 20.43 <0.001

RVSVi, mL/m2 39.16 � 11.12 38.62 � 12.99 39.22 � 10.88 0.765

RVEF, % 48.88 � 13.01 42.48 � 15.21 49.61 � 12.53 0.002

LGE 141 (0.44) 18 (0.53) 123 (0.42) 0.250

LGE mass, % 6.49 � 11.62 9.83 � 14.94 6.11 � 11.12 0.077

LGE volume, % 5.04 � 9.11 7.55 � 11.22 4.75 � 8.80 0.091

LGE involving septal midwall 36 (0.11) 4 (0.12) 32 (0.11) 0.430

Follow-up, d 1,220 � 747.18 1,502 � 950 1,188 � 713

Values are n (%) or mean � SD. aData represent number of patients with mild/moderate/severe level of disease. bData represents number of patients on different diuretics:
loop/thiazide/both-loop-and-thiazide/aldosterone (data were not available for 5 patients).

ACEI ¼ angiotensin converting enzyme inhibitor; AF ¼ atrial fibrillation; AFL ¼ atrial flutter; ARB ¼ angiotensin receptor blockers; BIDMC ¼ Beth Israel Deaconess Medical
Center; BSA ¼ body surface area; CMR ¼ cardiac magnetic resonance; DBP ¼ diastolic blood pressure; eGFR ¼ estimated glomerular filtration rate; LGE ¼ late gadolinium
enhancement; LVCOi ¼ left ventricular cardiac output index; LVEDVi ¼ left ventricular end-diastolic volume index; LVEF ¼ left ventricular ejection fraction; LVESVi ¼ left
ventricular end-systolic volume index; LVMi ¼ left ventricular mass index; LVSVi ¼ left ventricular stroke volume index; PASP ¼ pulmonary arterial systolic pressure;
RVEDVi ¼ right ventricular end-diastolic volume index; RVEF ¼ right ventricular ejection fraction; RVESVi ¼ right ventricular end-systolic volume index; SBP ¼ systolic blood
pressure.
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TABLE 2 Patient Clinical Characteristics for the BWH Cohort

All Patients
(N ¼ 214)

With Outcome
(n ¼ 33)

Without Outcome
(n ¼ 181) P Values

Female 78 (0.37) 12 (0.36) 66 (0.37) 0.961

Age, y 47.85 (16.37) 55.56 (13.43) 46.45 (16.47) 0.003

Valvular disease 122 (0.57) 24 (0.73) 98 (0.54) 0.050

Aortic stenosisa 2/3/0 1/0/0 1/3/0

Aortic regurgitationa 17/2/0 2/0/0 15/2/0

Mitral stenosisa 0/0/0 0/0/0 0/0/0

Mitral regurgitationa 57/27/1 15/7/0 42/20/1

Tricuspid regurgitationa 51/8/0 10/3/0 41/5/0

Pulmonary regurgitationa 9/0/0 2/0/0 7/0/0

PASP, mm Hg 32 (10.5) 37.2 (12.1) 30.9 (9.7) 0.014

Diabetes mellitus 27 (0.13) 7 (0.18) 20 (0.12) 0.289

Kidney disease 2 (0.01) 1 (0.03) 1 (0.01) 0.172

eGFR, mL/min/1.73 m2 60 (9.5) 57.6 (8.9) 61.1 (9.5) 0.079

Hospitalization at time of CMR 0 (0.0) 0 (0.0) 0 (0.0) 1.00

Tobacco use 35 (0.16) 6 (0.15) 29 (0.16) 0.849

Prior/current smoker 23/8 2/3 21/5

AF/AFL 5 (0.03) 0 (0) 5 (0.03) 0.575

Syncope 10 (0.05) 0 (0) 10 (0.05) 0.323

Aspirin 79 (0.37) 25 (0.76) 54 (0.30) <0.0001

Amiodarone 10 (0.05) 3 (0.09) 7 (0.04) 0.188

ACEI/ARB 121 (0.57) 24 (0.73) 97 (0.54) 0.044

Beta-blocker 112 (0.52) 25 (0.76) 87 (0.48) 0.003

Statin 45 (0.21) 10 (0.30) 35 (0.19) 0.150

Calcium channel blocker 13 (0.06) 1 (0.03) 12 (0.07) 0.429

Diuretics 79 (0.37) 25 (0.76) 54 (0.30) <0.0001

Diuretics typeb 47/9/4/2 13/3/1/1 34/6/3/1

Digoxin 9 (0.04) 5 (0.15) 4 (0.02) <0.001

BSA, m2 1.96 (0.27) 1.96 (0.25) 1.96 (0.27) 0.877

SBP, mm Hg 120.68 (19.00) 113.03 (19.18) 122.06 (18.63) 0.012

DBP, mm Hg 69.95 (12.94) 65.18 (12.85) 70.81 (12.77) 0.021

Heart rate, beats/min 71.84 (16.39) 81.06 (17.41) 70.17 (15.63) <0.001

LVEDVi, mL/m2 114.32 (30.76) 127.31 (34.63) 111.97 (29.39) 0.008

LVESVi, mL/m2 68.34 (34.28) 90.73 (35.40) 64.28 (32.46) <0.001

LVSVi, mL/m2 45.98 (14.03) 36.59 (16.67) 47.68 (12.78) <0.001

LVEF, % 42.85 (14.75) 30.15 (12.86) 45.15 (13.88) <0.001

LVCOi, L/min/m2 3.19 (0.92) 2.84 (0.95) 3.26 (0.90) 0.015

LVMi, g/m2 63.78 (19.97) 73.38 (25.43) 62.04 (18.28) 0.003

RVEDVi, mL/m2 84.62 (20.99) 84.45 (25.71) 84.65 (20.01) 0.959

RVESVi, mL/m2 47.74 (18.60) 54.69 (23.00) 46.48 (17.39) 0.019

RVSVi, mL/m2 36.88 (10.38) 29.77 (9.39) 38.17 (10.02) <0.001

RVEF, % 44.65 (10.71) 36.84 (10.51) 46.07 (10.13) <0.001

LGE 73 (0.34) 18 (0.55) 55 (0.31) 0.008

LGE mass, % 3.26 (8.86) 6.43 (14.27) 2.69 (7.32) 0.025

LGE volume, % 3.18 (7.46) 5.80 (11.38) 2.70 (6.38) 0.028

LGE involving septal midwall 33 (0.15) 10 (0.30) 23 (0.07) <0.001

Follow-up, d 1,425 (550.77) 1,009.18 (668.86) 1,501 (489.98)

Values are n (%) or mean � SD. aData represent number of patients with mild/moderate/severe disease. bData represents number of patients on different diuretics: loop/
thiazide/both-loop-and-thiazide/aldosterone.

Abbreviations as in Table 1.
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increased the patient’s risk; however, low
PASP (20 mm Hg) and high values of RVEDVi
(74 mL/m2), LVSVi (48 mL/m2), RVEF (46%), and age
(80 years) decreased the risk of having an outcome
(Figure 3B).
Figure 4 plots the SHAP values versus the measured
value of each predictor for the 12 most significant risk
predictors in the internal cohort of patients. A cutoff
threshold can be determined from the Figure for each
predictor to discriminate between a high risk (ie, SHAP



FIGURE 1 XGBoost Model Performance
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Hospital (BWH) cohorts. Dashed lines correspond to prediction by mere chance; eg, all patients have either positive (or negative) outcomes.

AP ¼ average precision; AUC ¼ area under receiver-operating characteristics curve.
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value >0) and low risk (ie, SHAP value <0). For
example, a decrease in RVEF below 42% increases the
SHAP values and hence the risk of an adverse outcome.
Similarly, the clinical threshold for LVEF can be
defined at 30%. The suggested cutoff points for
the most predictive CMR parameters are presented in
Table 3. Using these cutoff thresholds, Kaplan-Meier
survival analysis showed that patients with
RVEDVi #90 (mL/m2), RVESVi #36 (mL/m2), or RVEF
>42%, had a significantly better prognosis in the
BIDMC cohort (Figure 5A). In the external BWH cohort,
better prognosis was significant at RVEF >42% and
RVSVi >33 mL/m2 (Figure 5B). In both cohorts, better
prognosis was also significant in patients with



FIGURE 2 Global Interpretation of Risk Predictor Contributions in Our Explainable ML Model for the BIDMC Cohort
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(A) Bar chart of the average Shapley additive explanation (SHAP) value for each predictor. (B) bee-swarm plots, where each dot corresponds to 1 patient in the training

cohort. The SHAP values (x-axis) represents the contribution of the outcome predictor (y-axis). Higher SHAP values indicate more impact of the predictor on the model

predictions. DBP ¼ diastolic blood pressure; LVEDVi ¼ left ventricular end-diastolic volume index; LVEF ¼ left ventricular ejection fraction; LVMi ¼ left ventricular mass

index; LVSVi ¼ left ventricular stroke volume index; ML ¼ machine learning; PASP ¼ pulmonary arterial systolic pressure; RVEDVi ¼ right ventricular end-diastolic

volume index; RVEF ¼ right ventricular ejection fraction; RVESVi ¼ right ventricular end-systolic volume index; RVSVi ¼ right ventricular stroke volume index;

SBP ¼ systolic blood pressure; other abbreviation as in Figure 1.

FIGURE 3 Force Plots for 2 Patients From the BIDMC Cohort With and Without Outcome
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(A) Patients with outcome. (B) Patients with outcome. In these patients, higher risk of cardiovascular (CV) hospitalization (red arrows) can be attributed to high LVEDVi,

LVMi, RVEDVi, PASP, and RVESVi values, and low LVEF, RVEF, and age values. Lower risk (blue arrows) is attributed to low PASP and high values of age, LVSVi,

RVEDVi, and RVEF. Abbreviations as in Figure 2.
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FIGURE 4 Effect of Varying Individual Predictive Feature Values and Their Thresholds
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LVEDVi <115 mL/m2, LVMi <75 g/m2, or LVEF >30%
(Table 3). All variables selected for model develop-
ment, except PASP, were measured for more than 98%
of the patients in our data set (Supplemental Tables 1
and 2).

DISCUSSION

ML MODELING AND PERFORMANCE. In this proof-of-
concept study, we presented an explainable ML-
based risk prediction model for identifying patients
with NICM at risk of CV hospitalization and all-cause
death. Considering the ambiguous contribution and
nonlinear interactions of multiple features, the need
for ML-based decision support is emphasized.21 The
performance of our model in an external validation
cohort was promising (AUC ¼ 0.69) and showed its
potential generalizability of the model.

ML MODEL INTERPRETATION AND SHAP ANALYSIS.

Several legal and ethical concerns have been raised
regarding automated prediction models and the
reserved right to have meaningful information on
the logic behind these black-boxes for users.21 In
this study, SHAP analysis was used to gain insight
into model performance and the contribution of
various risk factors. It also provides a means to
identifying and modifying risk factors in an
individual patient. Additionally, this analysis also
yields thresholds for various risk markers that

https://doi.org/10.1016/j.jcmg.2021.11.029
https://doi.org/10.1016/j.jcmg.2021.11.029


TABLE 3 Suggested Optimal Cutoff Points for Top CMR Predictors Based on

SHAP Analysis

Predictor Proposed Thresholds Pa BIDMC Cohort Pa BWH Cohort

RVEDVi, mL/m2 90 0.006 0.22

RVESVi, mL/m2 36 0.005 0.70

RVEF, % 42 <0.001 <0.001

RVSVi, mL/m2 33 0.10 <0.001

LVEDVi, mL/m2 115 0.02 0.03

LVEF, % 30 0.005 <0.001

LVMi, g/m2 75 0.04 0.03

LVSVi, mL/m2 35 0.22 <0.001

aLog-rank test for comparing patients grouped based on the proposed cutoff threshold.

SHAP ¼ Shapley additive explanations; other abbreviations as in Tables 1 and 2.

FIGURE 5 Kaplan-Meier Cumulative Survival Curves for Survival of NICM Patients

on Local SHAP Analysis
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dilated cardiomyopathy; other abbreviations as in Figure 2.
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can translate into the clinical arena as an easy-to-
use approach for assessing risk in an individual
patient.

PROGNOSTIC VALUE OF RV REMODELING PARAMETERS

IN RISK DEVELOPMENT. The association between
reduced RVEF and HF mortality has previously been
reported in a number of studies using conventional
statistical analyses.22-25 These studies proposed a
number of RVEF cutoff thresholds (from 20% to 45%)
to predict patients’ risk of meeting adverse outcomes.
In our study, SHAP analysis indicated that 4 RV pa-
rameters, particularly RVEF, RVEDVi, RVSVi, and
RVESVi, significantly contribute to the patient risk of
developing an outcome. Based on SHAP analysis, we
in the BIDMC and BWH Cohorts With High-Risk Cutoff Values Based
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FIGURE 5 Continued
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proposed cutoff thresholds for these 4 RV parameters
to identify at-risk patients. In the external cohort, the
proposed cutoff values for RVEF and RVSVi allowed
differentiation between low- and high-risk patients
(P < 0.0001). Our proposed cutoff value for the RVEF
(<42%) agrees with an earlier study but is more con-
servative compared to a recently proposed threshold
(35%) estimated from a cohort of 423 patients.6,22

ML CONSISTENCY ASSESSMENT WITH CONVENTIONAL

STATISTICS MODELING. In this study, we did not
directly compare the performance of ML to conven-
tional statistical modeling. The question of whether
ML methods outperform conventional statistics with
limited sample sizes and high-dimensional data is
open to argument. High-dimensional problems
generally require large sample sizes and multiple data
sets to evaluate the validity and reliably of the pre-
diction models. On the other hand, ML methods may
not adequately model the structure of the response
measure varying over time. In an exploratory anal-
ysis, we trained and tested a logistic-regression
classifier using the same data set using the following
variables: extent of LGE scar, LVEDVi, LVESVi, LVSVi,
LVEF, left ventricular cardiac output index (LVCOi),
LVMi, RVEDVi, RVESVi, RVSVi, and RVEF. This clas-
sifier showed lower AUCs of 0.65 and 0.67 and com-
parable APs of 0.21 and 0.32 for the internal and
external validation cohorts, respectively (Supple-
mental Figure 1). This low performance can be
attributed to the low outcome rate (only 34 [10%]
patients) in our development data set. In traditional
statistical models, one typically needs 8 to 10 out-
comes per predictor which limits the maximum
number of model predictors to 3. In contrast, our ML
model used 46 predictors and showed higher perfor-
mance (AUC ¼ 0.71 vs 0.65), which suggests the ca-
pacity of our model to handle high-dimensional data.
However, further studies with much larger sample
size are required to rigorously compare the perfor-
mance of ML vs conventional statistical modeling.

DATAHETEROGENEITYANDMLMODELGENERALIZATION.

Our validation data set was collected at 2 institutions

https://doi.org/10.1016/j.jcmg.2021.11.029
https://doi.org/10.1016/j.jcmg.2021.11.029
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with different imaging protocols and scanners. Image
analyses were also performed using different soft-
ware analysis platforms. More importantly, despite
having similar inclusion/exclusion criteria, there
were differences in referral bias between the 2 co-
horts. Patients at BIDMC were more heterogeneous
with less advanced disease and mainly consisted of
outpatients referred for assessing etiology of non-
ischemic disease. Patients at BWH often had more
advanced disease, reflected in higher event rates (16%
versus 10%). Despite these differences, the results of
our ML model showed consistent performance in both
cohorts suggesting a generalizable and clinically
useful prediction model.

THE EFFECT OF COMPOSITE OUTCOME ON RISK

FACTORS. In our study, we focused on CV hospital-
ization and all-cause death as our composite outcome
and did not include arrhythmia as an adverse
outcome because of incomplete follow-up data for
arrhythmia. HF progression and arrhythmia are 2
distinct adverse outcomes with potentially competing
risks. Therefore, separate models for each individual
endpoint may be necessary for a more clinically use-
ful interpretation of the model. Our current model is
likely derived by risk markers of advanced HF and
pump failure, rather than risk markers reflecting the
arrhythmic substrate. This was indicated by having
markers of LV and RV function as major contributors
to the model but not LGE. Absence of %LGE as sig-
nificant predictor may also be explained by patient
characteristics in the BIDMC cohort, where %LGE
measurements are comparable among patients with
positive vs negative outcomes.

CHALLENGES IN ML MODELING. Explicit clinical
interpretation of SHAP values is not as clear as the
concept of HRs, relative risks, odds ratios, or con-
founding adjustment from the traditional statistical
models. However, we foresee that further develop-
ment of SHAP values or related concepts will soon
make ML-based models more clinically interpretable.
Also, our explainable ML model does not provide a
time-to-event type analysis. To overcome this limi-
tation, we used a combination of ML and conven-
tional Kaplan-Meier time-to-event analyses. Further
studies are warranted to develop ML models for time-
to-event analysis, instead of binary classification.

We used a 10-fold cross-validation to estimate
optimal model hyperparameters and investigate the
dependency of the highlighted RV predictors on the
data set. The average rank of 3 RV parameters
(RVESVi, RVEDVi, and RVEF) was among the 10 most
significant predictors, suggesting the important role
of RV parameters for risk prediction in our study
cohort. Our results showed that 9 of the reported
significant factors did not change when we artificially
reduced the outcome rate. However, further investi-
gation using more cases with positive outcomes,
rather than reducing the outcome rate, may be
needed to rigorously validate the reliability of the
XGBoost prediction models.

Another challenge in ML-based prediction models
is the handling of missing data. In our study, missing
data were handled by XGBoost through learning an
optimal decision pathway for missed measurements
without explicitly imputing them. Recent studies
propose to impute the missed data using XGBoost.26

However, further investigations are needed to
determine the value of XGBoost handling of missing
data.

STUDY LIMITATIONS. This study had several limita-
tions. Our cohort size is relatively small, and results
should be considered preliminary. However, the
sample size in our study is much larger than current
reported studies.22-25 For ML, no formal power anal-
ysis can be performed; therefore, it is not known how
many subjects are needed. Our training cohort should
include examples of cases that we encounter during
testing and future use. The study was also retro-
spective. We did not include HF deaths as an outcome
as these data were not available.

CONCLUSIONS

This proof-of-concept study shows that an explain-
able ML model can identify patients with NICM at risk
of CV hospitalization and all-cause death and can
identify risk markers associated with these adverse
outcomes. The explainable ML model identifies RV
dysfunction as a major contributor of adverse
outcome in NICM. Prospective, large multicenter
studies are warranted to further examine the gener-
alizability of our findings.

FUNDING SUPPORT AND AUTHOR DISCLOSURES

Dr Arafati is an employee with Edwards Lifesciences. Dr Nezafat has

received grant funding from the National Institutes of Health

1R01HL129185, 1R01HL129157, 1R01HL127015, R01HL158098, and

R01HL154744 (Bethesda, Maryland, USA); and has a research agree-

ment with Siemens Healthineers, the manufacturer of the MRI system

used in a subset of patients for imaging. All other authors have re-

ported that they have no relationships relevant to the contents of this

paper to disclose.

ADDRESS FOR CORRESPONDENCE: Dr Reza Nezafat,
Beth Israel Deaconess Medical Center, 330 Brookline
Avenue, Boston, Massachusetts 02215, USA. E-mail:
rnezafat@bidmc.harvard.edu.

mailto:rnezafat@bidmc.harvard.edu


PERSPECTIVES

COMPETENCY IN MEDICAL KNOWLEDGE: In a

cohort of patients with NICM, an explainable ML model

allows accurate risk prediction of CV hospitalization and

all-cause death (AUC ¼ 0.71). RV dysfunction appears as a

major contributor of the studied adverse outcome.

Furthermore, the model allows personalized identifica-

tion of the important clinical and imaging factors

contributing to the predicted risk of each patient.

TRANSLATIONAL OUTLOOK: Large multicenter

studies are needed to validate and test the generaliz-

ability of our findings. Additional studies are needed to

evaluate the diagnostic value of the patient-specific risk

factors identified by the model.
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