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Noncontrast Cardiac Magnetic Resonance
Imaging Predictors of Heart Failure
Hospitalization in Heart Failure With

Preserved Ejection Fraction
Selcuk Kucukseymen, MD,1† Arghavan Arafati, PhD,1† Talal Al-Otaibi, MD,1

Hossam El-Rewaidy, MS,1,2 Ahmed S. Fahmy, PhD,1 Long H. Ngo, PhD,1

and Reza Nezafat, PhD1*

Background: Heart failure patients with preserved ejection fraction (HFpEF) are at increased risk of future hospitalization.
Contrast agents are often contra-indicated in HFpEF patients due to the high prevalence of concomitant kidney disease.
Therefore, the prognostic value of a noncontrast cardiac magnetic resonance imaging (MRI) for HF-hospitalization is
important.
Purpose: To develop and test an explainable machine learning (ML) model to investigate incremental value of noncontrast
cardiac MRI for predicting HF-hospitalization.
Study Type: Retrospective.
Population: A total of 203 HFpEF patients (mean, 64 � 12 years, 48% women) referred for cardiac MRI were randomly
split into training validation (143 patients, �70%) and test sets (60 patients, �30%).
Field strength: A 1.5 T, balanced steady-state free precession (bSSFP) sequence.
Assessment: Two ML models were built based on the tree boosting technique and the eXtreme Gradient Boosting model
(XGBoost): 1) basic clinical ML model using clinical and echocardiographic data and 2) cardiac MRI-based ML model that
included noncontrast cardiac MRI markers in addition to the basic model. The primary end point was defined as HF-
hospitalization.
Statistical Tests: ML tool was used for advanced statistics, and the Elastic Net method for feature selection. Area under
the receiver operating characteristic (ROC) curve (AUC) was compared between models using DeLong’s test. To gain
insight into the ML model, the SHapley Additive exPlanations (SHAP) method was leveraged. A P-value <0.05 was consid-
ered statistically significant.
Results: During follow-up (mean, 50 � 39 months), 85 patients (42%) reached the end point. The cardiac MRI-based ML
model using the XGBoost algorithm provided a significantly superior prediction of HF-hospitalization (AUC: 0.81) com-
pared to the basic model (AUC: 0.64). The SHAP analysis revealed left atrium (LA) and right atrium (RV) strains as top imag-
ing markers contributing to its performance with cutoff values of 17.5% and �15%, respectively.
Data Conclusions: Using an ML model, RV and LA strains measured in noncontrast cardiac MRI provide incremental value
in predicting future hospitalization in HFpEF.
Evidence Level: 3
Technical Efficacy: Stage 2
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Heart failure with preserved ejection fraction (HFpEF) is a
clinical syndrome that impacts nearly half of heart failure

(HF) patients with similar morbidity and mortality rates in
heart failure with reduced ejection fraction (HFrEF).1,2

HF-related readmissions are common in HFpEF and are pro-
jected to become the most common cause of hospitalization
in older adults over the coming years.1,2 In patients hospital-
ized due to HFpEF, 20% are readmitted within 30 days of
hospital discharge and >50% within a year.1,3 Following
HF-related hospitalization, the 5-year survival of HFpEF
patients is 35%, worse than that of many cancers.1,3

Predicting adverse outcomes in HFpEF is challenging
due to its high burden of comorbidities, variety of causes and
underlying mechanisms, and heterogeneous phenotype.1,2,4

Machine learning (ML) is emerging as a powerful tool for
patient phenotyping and prediction of adverse outcomes in car-
diovascular disease.5 In supervised ML modeling, we train a
model to predict an outcome of interest by presenting exem-
plary cases. During training, the algorithm will recognize pat-
terns of risk markers that are associated with an outcome.
Subsequently, the performance of the model will be tested on
an independent dataset. ML is well suited in HFpEF for
phenotyping patients and assessing the risk of adverse out-
comes. Application of ML in HFpEF was deemed as a research
priority by the recent National Health and Lung Blood Insti-
tute HFpEF working group.6 In the ML risk prediction
modeling, the performance of the ML model will be highly
dependent on the risk predictors that capture underlying mech-
anisms of adverse functional and structural remodeling.

Noninvasive imaging plays a major role in the manage-
ment of HFpEF patients.1,3,4 Left ventricular myocardial strain
measured using speckle-tracking echocardiography is strongly
associated with adverse outcomes in HFpEF.7 Recent studies
have also highlighted the importance of myocardial remodeling
and dysfunction in other cardiac chambers,8,9 including peak
left atrial longitudinal strain (PALS) and right ventricle free
wall longitudinal strain (RV-fwLS).8–12 However, strain mea-
surements for both LA and RV can be challenging by echocar-
diography.10,11,13 Cardiac MRI is an alternative imaging
modality that is increasingly being used in HF patients for
assessment of cardiac function and tissue characterization.14,15

A significant proportion of HFpEF patients are not eligible for
a gadolinium contrast-enhanced cardiac MRI; therefore, the
incremental value of a noncontrast cardiac MRI exam in
predicting adverse outcomes in HFpEF remains uncertain.
Nevertheless, higher spatial resolution and excellent tissue con-
trast in cardiac MRI allow for more reproducible measure-
ments of myocardial strain from cine images by feature
tracking compared to echocardiography.14,15

Thus, the aim of this study was to develop and test an
explainable ML system to predict HF-related hospitalization
in HFpEF patients combining clinical data and echocardiog-
raphy parameters with noncontrast cardiac MRI biomarkers

of function, structure, and strain, and compare its perfor-
mance to an ML model without cardiac MRI parameters.

Methods
Patient Selection
The Institutional Review Board approved the research proto-
col with a waiver of informed consent. In this retrospective
study, we identified HFpEF patients referred for a clinical
cardiac MRI exam because of heart failure symptoms such as
shortness of breath and lower extremity swelling from July
2006 to January 2018.

The diagnosis of HFpEF was made according to the
current guidelines of the European Society of Cardiology
(ESC)16 and the American College of Cardiology Founda-
tion/American Heart Association (ACCF/AHA).17 For the
diagnosis of HFpEF, the following diagnostic criteria had to
be fulfilled: 1) clinical symptoms of heart failure (dyspnea,
fatigue, swollen legs, and radiologic findings), 2) LV ejection
fraction (EF) ≥50% and/or LV end-diastolic volume index
≤97 mL/m2, and 3) evidence of abnormal left ventricular
relaxation, filling or diastolic stiffness. HFpEF was considered
likely in patients with an early mitral diastolic inflow velocity
(E) to early diastolic mitral annular velocity (e’) ratio > 15
and/or a left atrial enlargement and unlikely in patients with an
E/e’ ≤ 8. In intermediate cases with 15 > E/e’ ratio ≥ 8, serum
N-terminal pro–B-type natriuretic peptide (NT-proBNP) levels
were determined, and if NT-proBNP level exceeded 125 pg/
mL, HFpEF was considered. Exclusion criteria included: 1)
greater than moderate valvular disease and 2) specific cardiomy-
opathies (such as hypertrophic cardiomyopathy, amyloidosis).

Clinical Data
Of 848 patients evaluated using the Hospital Online Medical
Records (OMR) during the study period of July 2006 to
January 2018, we identified 203 patients who met our inclu-
sion/exclusion criteria (Supplementary Fig. S1). The mean
patient age was 64 � 12 years of age, 48% were female, and
the majority of patients were white (79.8%). Baseline demo-
graphics and medical histories such as coronary artery disease
(CAD), myocardial infarction (MI), atrial fibrillation (AFib),
hypertension (HTN), diabetes mellitus (DM), dyslipidemia,
tobacco use, chronic kidney disease (CKD), chronic obstruc-
tive pulmonary disease (COPD), pharmacotherapy, and labo-
ratory tests including NT-proBNP, clinical characteristics,
electrocardiography (ECG) parameters, and heart rate
were collected from online medical records. Vital parameters,
NT-proBNP, and ECG were recorded before and after
3 months from the cardiac MRI exam.

Follow-Up and Outcome
Patient follow-up was initiated on the day of the cardiac MRI
exam. Information on HF-related hospitalization was
obtained from a review of all hospital admissions, patient
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hospital charts, and letters from the referring physician avail-
able on online medical records. The primary end point was
an unplanned hospitalization due to worsening HF. HF-
related hospitalization was defined as patients requiring intra-
venous diuretics, either treated in the emergency department
or admitted to the hospital. Patients had at least one symp-
tom and two signs of HF (peripheral edema, pulmonary
crackles, high NT-proBNP level, radiologic signs of pulmo-
nary congestion, or hemodynamic evidence).

Cardiac MRI Protocol and Analysis
Cardiac MRI was performed on a 1.5-T scanner (Phillips
Achieva, Best, the Netherlands), using a 32-channel cardiac
receiver coil. To assess LV/RV myocardial function and struc-
ture, 10–12 short-axis stack, 2-chamber, 3-chamber, and
4-chamber long-axis cine images were acquired with end-
expiratory breath-hold steady-state free precession sequence with
retrospective ECG gating (TR = 3.1 msec, TE = 1.5 msec,
slice thickness = 8 mm, gap = 2 mm, in-plane spatial
resolution = 2 � 2 mm, 30 msec temporal resolution).

Cardiac MRI images were analyzed using commercially
available software (Extend MR WorkSpace, version 2.3.6.3,
Philips Healthcare, OsiriX environment, Pixmeo, Geneva,
Switzerland). At end-diastole and end-systole, epi- and endo-
cardial LV/RV borders were manually traced, excluding
trabeculations for RV, and papillary muscles and
trabeculations from contiguous short-axis cine images cover-
ing the LV apex to the mitral valve plane to calculate LV and

RV end-diastolic volume and end-systolic volume, stroke vol-
ume, and EF. LV end-diastolic and end-systolic diameters
were measured on the short-axis cine image of the LV at the
level of the papillary muscles. LV mass was calculated as the
sum of the myocardial volume multiplied by the specific grav-
ity (1.05 g/mL) of the myocardial tissue. All volumetric and
mass data were indexed to the body surface area.

Myocardial strain parameters were measured using fea-
ture tracking analyses (cvi42; v5.11, Circle Cardiovascular
Imaging, Calgary, Canada). For the LV strain measurements,
we used a stack of short-axis views and three long-axis views
(two-chamber, three-chamber, and four-chamber view).
Global radial peak strain (GRS), global circumferential peak
strain (GCS), and global longitudinal peak strain (GLS)
values were averaged from peak values of all 16 American
Heart Association segments, excluding the most basal and
apical sections. For LA strain measurements, LA borders were
manually delineated using a point-and-click approach when
the atrium was at its maximum and minimum volumes in
both the 2- and 4-chamber cine images (pulmonary veins and
LA appendage were excluded) (Fig. 1). Peak atrial longitudi-
nal strain was calculated as the average of the 2- and
4-chamber views. For assessment of RV-free wall strain, we
evaluated the value of the longitudinal peak systolic strain
only from the free wall in the apical 4-chamber view (the tra-
becular structure was excluded) (Fig. 2). Cardiac MRI feature
tracking measurements were visually reviewed to ensure accu-
rate tracking. In cases of inadequate tracking, the endocardial

FIGURE 1: Representative measures of atrial deformation derived from long-axes cine images. Measurement of PALS using Cardiac
MRI feature tracking from apical 4-chamber (bottom) and 2-chamber (top) views in representative patients with and without HF-
related hospitalization. Strain/time curves showing atrial global longitudinal strain at different phases for both groups. Patient with
HF-related hospitalization showed lower PALS than nonhospitalized patients. PALS = peak atrial longitudinal strain; HF = heart
failure.
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border was re-adjusted, and the propagation algorithm was re-
applied. Cardiac MRI readers (S.K. 5 years of experience and
T.A. 6 years of experience) were blinded to both ML model
results. In order to assess reproducibility of strain measure-
ments, we calculated the intraclass correlation coefficients by
assessing 20 randomly selected patients. Intraobserver repro-
ducibility was established by the same observer (S.K.) who re-
analyzed the same 20 patients after 2 weeks. Interobserver
reproducibility was assessed by a second-independent observer
(T.A.), blinded to the first observer’s results.

2D Doppler-Echocardiography Study
Doppler-echocardiography examinations were performed
before or after a mean interval of 11 � 13 months from car-
diac MRI scan by accredited sonographers in accordance with
the American Society of Echocardiography/European Associa-
tion of Cardiovascular Imaging guidelines using a commer-
cially available echocardiography system.18 Mitral inflow
parameters using pulsed-wave Doppler were recorded as rec-
ommended: early (E) and late (A) trans-mitral inflow veloci-
ties and deceleration time (DT) were measured. The septal,
lateral, and average early diastolic velocity (e’) and late dia-
stolic velocity (A’) were recorded, and the ratio of mitral flow
E-wave to e’ for each of these annular velocities was calcu-
lated. Pulmonary artery systolic pressure (PASP) was com-
puted as the sum of the trans-tricuspid gradient and the
estimated right atrial pressure.

ML Predictive Modeling
Two ML models based on tree boosting technique and the
eXtreme Gradient Boosting model (XGBoost)19 were built to
predict HF-related hospitalization: 1) baseline clinical model

composed of patient demographics, laboratory biomarkers,
comorbidities, and echocardiographic data, and 2) cardiac
MRI-based model was the combination of the baseline clini-
cal model with noncontrast cardiac MRI parameters. The
cohort was randomly split into development (i.e. training and
validation) and test subsets with 143 patients (�70%) and 60
patients (�30%), respectively. To perform the hyper-parame-
ter tuning, we conducted 5-fold cross-validation using the
development set. We grid-searched a parameter space in a
stepwise variable tuning manner. In each step, we selected the
searched parameters that produced the best average area
under the receiver operating characteristic (ROC) curve
(AUC) across the 5-fold.

Feature Selection
A key step in the development of prediction models is the
selection of the most important input variables removal of
irrelevant variables.20 By removing nonreplicable or irrelevant
variables, the fitted model can make accurate predictions
when new, unseen data are used as input.21 This is specifi-
cally crucial for datasets with a limited number of events. A
rule of thumb for maintaining the power of the analysis is to
ensure at least 10 events per input parameter. In this study,
we took advantage of the Elastic Net feature selection
method, which is a stable and reliable20 linear regression-
based method with L1 (Lasso) and an L2 (ridge) penalty terms
used for regularization.22 The variable selection process is
embedded in this model such that some coefficients are
zeroed and hence eliminated from the model. Thus, the fea-
tures with non-zero coefficients were chosen for ML model-
ing. We performed 10-bin calibration analysis to check the
reliability of the developed prediction model and used Platt

FIGURE 2: Cardiac MRI feature tracking analysis of RV free wall longitudinal strain. RV-fwLS in the 4- and 2- chamber views at end-
diastole (left-sided images) for each window for a sample case. RV-fwLS curves for both groups are shown at the bottom. The curve
is lower, and strain values are worse in patients with HF-related hospitalization than in non-hospitalized patients. RV-fwLS = right
ventricular free wall longitudinal strain; HF = heart failure.
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TABLE 1. Demographic and Clinical Characteristics

All Patients
(N = 203)

Nonhospitalized
Patients (N = 119)

Hospitalized
Patients (N = 84) P Value

Age,a years 64 � 12.7 62.8 � 14 66.8 � 10 0.033

Gender (female),a N (%) 97 58 (49) 39 (46) 0.745

Race, N (%) 0.973

White 162 96 (81) 66 (79)

Asian 5 3 (3) 2 (2)

Black 32 18 (15) 14 (17)

Other 4 2 (2) 2 (2)

SBP, mmHg 125 � 20 129 � 18 120 � 21 0.003

DBP, mmHg 70 � 12 71 � 12 68 � 11 0.094

HR, bpm 79 � 14 77 � 13 80 � 15 0.132

Previous known AF,a N (%) 48 25 (21) 23 (27) 0.293

Weight, kg 87.4 � 25 87.5 � 26 86.8 � 25 0.858

Height, cm 169 � 14 168 � 16 171 � 10 0.282

BMI,a kg/cm2 30.3 � 8 30.7 � 8.7 29.7 � 7.4 0.384

Co-morbidities

CAD,a N (%) 74 38 (32) 36 (43) 0.111

MI,a N (%) 27 13 (11) 14 (16) 0.235

Dyslipidemia, N (%) 111 58 (49) 53 (63) 0.054

DM,a N (%) 86 48 (40) 38 (45) 0.443

HTN,a N (%) 118 66 (56) 52 (62) 0.359

CKD,a N (%) 88 43 (36) 45 (53) 0.014

Tobacco use, N (%) 68 37 (31) 31 (37) 0.388

Obesity, N (%) 64 36 (31) 28 (33) 0.642

COPD,a N (%) 59 38 (32) 35 (41) 0.155

OSAS, N (%) 59 32 (27) 27 (32) 0.417

VHD (mild–moderate), N (%) 28 12 (43) 16 (57) 0.068

Anemia, N (%) 36 19 (16) 17 (20) 0.449

EKG features

PR duration, msec 166 � 35 162 � 32 174 � 38 0.029

QRS duration, msec 101 � 20 100 � 21 103 � 20 0.395

QTc duration, msec 442 � 34 440 � 31 444 � 39 0.383

Treatments

Diuretics,a N (%) 194 113 (95) 81 (96) 0.616

Beta-blockers,a N (%) 124 65 (55) 59 (70) 0.029

ACEI/ARB,a N (%) 109 62 (52) 47 (56) 0.588
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scaling for model calibration.23 We used Brier score to evaluate
the improvement when calibrating the model predictions.24

Calibration analysis was performed using the open-source scikit-
learn package version 0.20.25

Explainable ML Model Interpretation and
Predictors of HF-Related Hospitalization
To gain insight into our ML model, we leveraged the
SHapley Additive exPlanations (SHAP) method, a novel
approach to improve our understanding of namely “black-box”
ML models.26,27 SHAP is based on Shapley values,28 a concept
in cooperative game theory, to determine how much each player
in a collaborative game contributes to its success. In the present
study, each SHAP value measured how much each parameter in
our model contributed, either positively or negatively, to a
patient’s probability of HF-related hospitalization. SHAP breaks
down every individual prediction into the contributions of dif-
ferent predictive features. The SHAP value for each feature is

then computed as the average of the marginal contributions
across all permutations and possible sets of parameters. The
SHAP analysis provides explanations not only on an individual
(local) level but also ranks feature importance at the global
(cohort) level.

Statistical Analysis
Data are presented as mean � standard deviation for quanti-
tative variables and frequency/percentage for qualitative vari-
ables. Comparisons were performed using Student’s t-test for
continuous parameters and Pearson’s chi-square test for cate-
gorical parameters. All conventional statistical analyses
were performed using SPSS version 25.0 (IBM SPSS, Inc.,
Chicago, IL, USA). All tests were two-sided, and a P-value
<0.05 was considered statistically significant. Model perfor-
mance for outcome prediction was assessed using AUC and
the area under the precision-recall (PR) curve (average preci-
sion [AP]). In order to compare ROC curves and show

TABLE 1. Continued

All Patients
(N = 203)

Nonhospitalized
Patients (N = 119)

Hospitalized
Patients (N = 84) P Value

CCB, N (%) 78 45 (38) 33 (39) 0.869

Statins,a N (%) 133 66 (56) 67 (80) <0.001

Heart failure signs/symptoms

Fatigue and Malaise, N (%) 93 47 (40) 46 (55) 0.032

SOB, N (%) 147 81 (68) 66 (79) 0.099

Swelling, N (%) 97 52 (44) 45 (54) 0.165

Radiologic evidence for HF,a N (%) 191 109 (92) 82 (98) 0.073

H2FPEF score, pts 3.85 � 1.9 3.56 � 1.8 4.22 � 1.8 0.017

Laboratory parameters

Hb, g/dL 14.3 � 1.8 14.3 � 1.9 14.4 � 1.8 0.974

Glucose, mg/dL 82 � 41 80.9 � 34 84.6 � 50 0.529

Creatinine, mg/dL 0.85 � 0.5 0.83 � 0.4 0.88 � 0.5 0.487

Na, mg/dL 132 � 6 132 � 5 131 � 6 0.202

BUN, mg/dL 14.3 � 12 13.8 � 11 15.1 � 15 0.491

NT-proBNP,a pg/mL 2693 � 4225 2734 � 4440 2623 � 3930 0.868

Values are mean � SD or N (%).
aParameters used in feature selection method for baseline clinical ML method.
SBP = systolic blood pressure; DBP = diastolic blood pressure; HR = heart rate; AF = atrial fibrillation; BMI = body mass index;
CAD = coronary artery disease; MI = myocardial infarction; DM = diabetes mellitus; HTN = hypertension; CKD = chronic kidney
disease; COPD = chronic obstructive pulmonary disease; OSAS = obstructive sleep apnea syndrome; VHD = valvular heart disease;
ACE/ARB = angiotensin-converting enzyme/ angiotensin receptor blocker; CCB = calcium channel blocker; SOB = shortness
of breath; HF = heart failure; Hb = hemoglobin; BUN = blood urea nitrogen; NT-proBNP = N-terminal pro b-type natriuretic
peptide.
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TABLE 2. Cardiac Imaging Features by Cardiac MRI and TTE

All Patients
(N = 203)

Nonhospitalized
Patients (N = 119)

Hospitalized
Patients (N = 84) P Value

Cardiac MRI features

LVEDD, mm 53 � 7 53 � 7 52 � 7 0.533

LVEDDIa, mL/m2 27 � 3 27 � 4 26 � 4 0.597

LVESD, mm 35 � 14 37 � 17 34 � 7 0.252

LVEDV, mL 151 � 51 152 � 51 150 � 49 0.853

LVEDVI,a mL/m2 76 � 22 76 � 23 76 � 20 0.994

LVESVa, mL 63 � 33 64 � 38 63 � 25 0.893

LV stroke volumea, mL 90 � 27 91 � 27 88 � 25 0.506

LVEFa, % 60 � 7 61 � 8 59 � 6 0.086

AS wall, mm 9.8 � 2.7 9.8 � 2.5 9.7 � 2.8 0.938

IL wall, mm 8.5 � 2.2 8.4 � 2.2 8.5 � 2.3 0.751

LV mass, g 114 � 43 113 � 42 115 � 43 0.743

LVMIa, g/m2 56 � 18 56 � 18 57 � 19 0.709

GRSa, % 25 � 9 26 � 9 23 � 8 0.024

GCSa, % �15.6 � 3.7 �16.1 � 3.7 �14.8 � 3.6 0.041

GLSa, % �13.6 � 3.5 �14.1 � 3.3 �12.9 � 3.8 0.032

RVEDV, mL 148 � 47 148 � 48 149 � 45 0.863

RVEDVIa, mL/m2 75 � 23 75 � 24 75 � 21 0.991

RVESVa, mL 64 � 29 63 � 31 65 � 26 0.721

RV stroke volumea, mL 86 � 25 86 � 26 85 � 27 0.752

RVEFa, % 58 � 9 59 � 10 57 � 8 0.245

RV-fwLSa, % �17.5 � 5.1 �19.6 � 4.4 �14.6 � 4.6 <0.001

LA diameter PLXa, mm 42 � 9 42 � 8 44 � 9 0.166

LA diameter 4cha, mm 61 � 10 59 � 10 63 � 9 0.019

LA diameter 2cha, mm 59 � 12 58 � 12 61 � 10 0.149

PALSa, % 15.2 � 8.9 19.1 � 8.3 9.6 � 6.4 <0.001

RA diametera, mm 57 � 10 56 � 9 58 � 11 0.073

TTE features

E average velocityb,
cm/sec

99 � 31 98 � 31 100 � 28 0.582

A average velocityb,
cm/sec

74 � 31 81 � 32 64 � 28 0.002

e’ average velocityb,
cm/sec

7.1 � 2.5 7.2 � 2.5 6.9 � 2.4 0.578

E/A ratiob 1.6 � 1.4 1.3 � 0.7 2 � 1.9 0.002

E/e’ ratiob 12.7 � 4.8 12.1 � 4.2 13.4 � 5.5 0.095
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statistically significant differences between the two developed
ML models, DeLong’s test29 was implemented. All ML
modeling and interpretations were performed using Python
Version 3.6.5 (the XGBoost, sklearn, and SHAP packages).

Results
Study Population
During the mean follow-up of 50 � 39 months, HF-related
hospitalization occurred in 85 of 203 (42%) patients. Patients
with HF-related hospitalization were significantly older, had
significantly higher systolic blood pressure, significantly lon-
ger PR duration on ECG, significantly higher prevalence of
fatigue and malaise and history of CKD, and were signifi-
cantly more likely to use beta-blockers and statins. However,

HF-hospitalized patients had a similar percentage of female
patients (P = 0.745), diastolic blood pressure (P = 0.094),
heart rate (P = 0132), body mass index (BMI) (0.384), QRS
and QTc durations (P = 0.395 and 0.383, respectively), lab-
oratory parameters such as hemoglobin (Hb) (P = 0.974),
glucose (P = 0.529), creatinine (P = 0.487), Na
(P = 0.202), blood urea nitrogen (BUN) (P = 0.491), and
NT-proBNP (P = 0.868), and had similar prevalence of his-
tory of coronary artery disease (CAD) (P = 0.111), myocar-
dial infarction (MI) (P = 0.235), dyslipidemia (P = 0.054),
diabetes mellitus (DM) (P = 0.443), chronic obstructive pul-
monary disease (COPD) (P = 0.155) and number of patients
with mild-to-moderate valvular heart disease (P = 0.068). All
baseline demographic, clinical, and laboratory characteristics
are summarized in Table 1.

TABLE 2. Continued

All Patients
(N = 203)

Nonhospitalized
Patients (N = 119)

Hospitalized
Patients (N = 84) P Value

Deceleration timeb,
msec

204 � 63 211 � 61 195 � 64 0.087

PASP, mmHg 33 � 15 33 � 14 35 � 10 0.385

Values are mean � SD.
aCardiac MRI parameters used for cardiac MRI-based ML model.
bParameters used in feature selection method for baseline clinical ML method.
LVEDD = left ventricular end-diastolic diameter; LVEDDI = left ventricular end-diastolic diameter index; LVESD = left ventricular
end-systolic diameter; LVEDV = left ventricular end-diastolic volume; LVEDVI = left ventricular end-diastolic volume index;
LVESV = left ventricular end-systolic volume; LVEF = left ventricular ejection fraction; AS = anteroseptal; IL = inferolateral;
LVMI = left ventricular mass index; GRS = global radial strain; GCS = global circumferential strain; GLS; global longitudinal strain;
RVEDV = right ventricular end-diastolic volume; RVEDVI = right ventricular end-diastolic volume index; RVESV = right ventricular
end-systolic volume; RVEF = right ventricular ejection fraction; RV-fwLS = right ventricular free wall longitudinal strain;
PLX = parasternal long axis; 4ch = four chamber; 2ch = two chamber; PALS = peak atrial longitudinal strain; RA = right atrium;
LA = left atrium; E = early mitral diastolic inflow wave; A = late mitral diastolic inflow wave; e’ = early diastolic mitral annular veloc-
ity; PASP = pulmonary arterial systolic pressure.

TABLE 3. Reproducibility Analysis for Strain Parameters

Interobserver Variability Intraobserver Variability

ICC 95% CI ICC 95% CI

RV-fwLS 0.89 0.79–0.97 0.94 0.85–0.98

PALS 0.96 0.92–0.98 0.98 0.96–0.99

GLS 0.97 0.92–0.99 0.98 0.96–0.99

GCS 0.87 0.71–0.95 0.90 0.76–0.96

GRS 0.90 0.83–0.94 0.92 0.85–0.95

ICC indicates intraclass correlation coefficient; CI = confidence interval; RV-fwLS = right ventricular free wall longitudinal strain;
PALS = peak atrial longitudinal strain; GLS = global longitudinal strain; GCS = global circumferential strain; GRS = global radial
strain.
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Imaging Characterization
Compared to patients without HF-related hospitalization,
HF-related hospitalized patients had similar LV diastolic
(P = 0.533) and systolic (P = 0.252) diameters, RV diastolic
(P = 0.863) and systolic (P = 0.721) volumes, functions
(P = 0.086 and 0.245, retrospectively) and similar left atrium
(LA) (P = 0.166) and right atrium (RA) (P = 0.073) diame-
ters by cardiac MRI. Additionally, all patients had similar
Doppler-echocardiography-derived PASP (P = 0.385), LA
relaxation and LV filling pressure parameters (P = 0.095 for
E/e’, P = 0.087 for deceleration time), with the exception of
a significant difference in E/A ratio (Table 2).

Patients with HF-related hospitalization had significantly
worse GRS (26% � 9% vs. 23 � 8%), GCS (�16.1% �
3.7% vs. �14.8% � 3.6%), and GLS (�14.1% � 3.3%
vs. �12.9% � 3.8%) compared to patients without HF-related
hospitalization. Moreover, patients with HF-related hospitaliza-
tion had significantly impaired PALS (19.1% � 8.3%
vs. 9.6% � 6.4%) (Fig. 1) and RV-fwLS (�19.6% � 4.4%
vs. �14.6% � 4.6%) (Fig. 2) compared to patients without
HF-related hospitalization (Table 2). Interobserver and
intraobserver variability analyses for all strain parameters showed
good reproducibility (Table 3), with ICC of 0.89 (95% CI,

0.79–0.97), and 0.94 (95% CI, 0.85–0.98), respectively, for
RV-fwLS. ICC for PALS also showed an excellent reproducibil-
ity of 0.96 (95% CI, 0.92–0.98) for interobserver variability
and 0.98 (95% CI, 0.96–0.99) for intraobserver variability.

Machine Learning Model Configuration and
Performance
For the baseline clinical model, out of 23 basic parameters,
including patients’ demographics, comorbidities, and echocar-
diography measurements (Table 1), seven parameters were
selected using Elastic Net feature selection method. Echocar-
diography parameters, such as E/A ratio, deceleration time
(DT), E/e’ ratio and A-wave, as well as the history of CAD
and indication of chronic kidney disease (CKD), and use of
statins were the selected features. The important tuned hyper-
parameters for the baseline clinical model trained based on
these seven parameters were set as following: learning rate
(learning rate = 0.005), maximum depth of each tree (max
depth = 4), and the number of modeling sequential trees
(n_estimators = 330). ROC and PR curves for this baseline
clinical model are shown in Fig. 3(a,b), demonstrating an
AUC of 0.64 and an AP of 0.33.

FIGURE 3: Performance of ML prediction models. ROC curves (a, c) and precision-recall (PR) (b, d) curves for predicting HF-related
hospitalization are provided. (a, b) Show the performance of our baseline clinical ML model trained based on basic parameters
selected from the Elastic Net method; no Cardiac MRI parameters are included in this model. In contrast, our Cardiac MRI-based ML
model was built using the first seven parameters from the baseline clinical model in addition to Cardiac MRI parameters; its
performance is shown in (c, d). AUC = area under curve; AP = average precision.
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For the cardiac MRI-based ML model, we included
the selected seven parameters from the baseline clinical
model and 19 cardiac MRI parameters (Table 2)
(26 parameters in total) based on the training set. For this
model, the important tuned hyper-parameters are as fol-
lows: learning rate (learning rate = 0.005), maximum

depth of each tree (max depth = 6), and the number of
modeling sequential trees (n_estimators = 1080). Figure 3
(c,d) illustrates ROC curve with an AUC of 0.81 and a
PR curve with an AP of 0.79 for this model.

Upon comparison of the two models, the baseline clini-
cal ML model showed significantly inferior performance

FIGURE 4: Global interpretation of ML prediction models and feature contribution analysis. The location of each parameter on the
y-axis shows its significance according to the model prediction. (a,b) Consist of bee-swarm plots, where each dot corresponds to an
individual patient. The dot’s position in each row on the x-axis shows how that feature impacts model prediction (positively or
negatively). When multiple dots land at the same x position, they pile up to show density. The dot’s color is an indicator of that
feature value. (a) Shows the feature contributions in our baseline clinical model. In this model, Echo parameters such as E/A ratio,
deceleration time, and A-wave are the main contributors to develop outcome; (b) illustrates feature contributions for the cardiac
MRI-based ML model after the addition of the cardiac MRI parameters. Here, low absolute values for RV-fwLS and PALS (blue dots),
as well as high values for RVESV (red dots), have high SHAP values (on the right side of the x-axis) increase the likelihood of an
outcome for those patients. SHAP = SHapley Additive exPlanations; E = early mitral diastolic inflow wave; RVESV = right ventricular
end-systolic volume; RVEF = right ventricular ejection fraction; A-wave = late mitral diastolic inflow wave; LVEDVi = left ventricular
end-diastolic volume index; RVEDVi = right ventricular end-diastolic volume index; LVMI = left ventricular mass index.
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(AUC of 0.64) to the cardiac MRI-based ML model (AUC
of 0.81) (Fig. 3). These findings confirm the incremental
prognostic value of cardiac MRI and strain measurements in
outcome prediction for patients with HFpEF. The Brier score
of the model predictions was 0.193 and 0.177 before and
after calibration, respectively, indicating reliable prediction
(Supplementary Fig. 2 shows the calibration curves).

ML Model Interpretation
Global interpretations of our models and features rankings (y-
axis) are shown in Fig. 4. The collective SHAP values repre-
sent the contributions of each feature in the ML model pre-
diction, which was associated with the predictive value of
those individual parameters. The association between each
feature and the model prediction is shown. In Fig. 4, PALS
had a high and negative impact on outcome prediction. The
“high” refers to the plotted location along the y-axis, and the
“negative” impact is displayed as red dots on the negative side
of the x-axis and blue dots on the positive side. In other
words, the lower the absolute value of PALS, the higher the
prediction output (i.e. risk of HF-related hospitalization).
Similarly, right ventricular end-systolic volume (RVESV) had
a high positive impact on outcome prediction; that is, higher

RVESV related to poorer outcome (i.e. higher prediction out-
put). RV-fwLS and PALS were top significant predictors; fur-
thermore, LV strain components were among the top
20 predictors.

Figure 5 shows the value of specific features on the
x-axis and their corresponding SHAP values on the y-axis.
A drop in SHAP value—and thus risk—is seen for the
specific values of �15% for RV-fwLS and 17.5% for PALS
(Fig. 5(a,b)). Similar cut-off points can be defined for GCS
and RA diameter (Fig. 5(c,d)).

Discussion
In this study, we have demonstrated that an ML model using
noncontrast cardiac MRI parameters could identify HFpEF
patients at risk of HF-related hospitalization. Among cardiac
MRI parameters extracted from noncontrast cardiac MRI,
RV and LA strain parameters contributed the most to the pri-
mary end point of HF-related hospitalization.

There are numerous ML algorithms that could poten-
tially have been used in our modeling. The XGBoost is an
accurate and regularized implementation of gradient boosting
machines (GBMs).22 GBMs are nonparametric algorithms for

FIGURE 5: Suggested optimal clinical thresholds for some predictive features based on SHAP analysis. The SHAP dependence plot
shows how changes in a single feature value affect the output of the prediction model. SHAP values for specific features exceed
zero, representing an increased risk of adverse events development. Cut-off points such as RV-fwLS < j-15j and PALS <17.5 are
suggested. SHAP = SHapley Additive exPlanations; PALS = left atrial longitudinal strain; RV-fwLS = right ventricular free wall
longitudinal strain; GCS = global circumferential strain; RA = right atrium.
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supervised ML, constructed by combining thousands of deci-
sion trees as their base predictive algorithm in a gradual, addi-
tive, and sequential manner. Decision trees recursively
partition the input space in order to find rules that are predic-
tive of the output.19 Training is based on the boosting algo-
rithm and works by iteratively adding a weak classifier
(decision tree) to residuals of previous models. The added
decision tree is focused more on misclassified observations
from the prior round of fitting in each step. One of the main
challenges in GBMs is overfitting. However, XGBoost is an
enhanced version of GBMs that prevents overfitting through
both L1 (Lasso) and L2 (Ridge) regularizations.19 In an
exploratory analysis, we compared the performance of
XGBoost with other techniques and found that XGBoost
yielded superior performance.

Multiple studies have provided evidence on the value of
LA function for the diagnosis of HFpEF and its important
role in optimizing overall cardiac function, even in the pres-
ence of normal LA size.9,11 Additionally, phasic LA function
measured by cardiac MRI feature tracking is independently
predictive of the risk of HF-related admission or death, even
after adjusting for LA volume and left ventricular remo-
deling.30 LA strain has also been shown to have diagnostic
and prognostic value in HFpEF.31 PALS has provided an
accurate surrogate estimate of LV filling pressure13,32 and
shown a better correlation with invasively obtained LV filling
pressures compared to Doppler indices across patient groups
with varying LV ejection fractions.13,32 Our data are consis-
tent with the literature and builds on the past work by show-
ing the improved ability of PALS to predict HF-related
hospitalization outcomes in HFpEF patients via an ML risk
model. Similar findings were shown in the echocardiography
study by Kurt et al in 62 patients undergoing cardiac cathe-
terization, whereby PALS was noted to strongly correlate with
LVEDP and NT-proBNP levels.33 However, PALS measure-
ment by echocardiography speckle tracking is challenging due
to the low signal-to-noise ratio, left atrial appendage (LAA),
pulmonary veins, and thin atrial wall.13 Our study focused
on the use of routine clinical cardiac MRI cine images for fast
and reliable quantification of LA dynamics with shorter mea-
surement times compared with echocardiography speckle
tracking. In this observational study, PALS predicted out-
comes independently and better than LV strains.

RV is more vulnerable than LV to increases in afterload,
it also associated with worse symptoms, reduced exercise
capacity, and increased mortality.12,34,35 RV failure is com-
mon in patients with HFpEF and is caused by both RV con-
tractile impairment and afterload mismatch from pulmonary
hypertension (PHT).12,35 Another mechanism underlying
RV-HFpEF relationship is reported as high pulmonary capil-
lary wedge pressure (PWCP); high pressure is associated with
a 98% increased risk for incident RV disease.36 As in HFrEF,
increased left heart filling pressures in HFpEF cause

postcapillary high pressure, which increases strain on the RV,
contributing to its failure.34 The study evaluating RV func-
tion using cardiac MRI in HFpEF patients showed a preva-
lence of RV systolic dysfunction (RVEF <45%) of 19% and
this parameter remained significantly associated with cardiac
events even after adjustment for other clinical and Doppler
echocardiography variables.37 Similar with RV dysfunction
mechanisms, there are several mechanisms associated with
impaired RV-fwLS in patients with HFpEF.10 Morris et al
showed that RV-fwLS values in HFpEF were significantly
lower than in controls and asymptomatic patients with LV
diastolic dysfunction.38 Decreased RV-fwLS were also
reported as good predictors of dyspnea and lower functional
capacities in patients with HFpEF.38 Our findings seem to
complement these observations given that, among patients
with reduced RV-fwLS, HF-related hospitalization events
were significantly higher compared to patients with more pre-
served RV-fwLS.

Our study has shown cardiac MRI-derived LA and RV
strain parameters as predictors of HF-related hospitalization
using ML. ML techniques consist of computational algo-
rithms to relate all or some of a set of predictor variables to
an outcome.39 When working with many predictor variables,
as in HFpEF syndrome, it is often challenging to know which
or how many should be used in a risk model. However, ML
models search, either randomly or deterministically, for the
best fit.39 Unlike the conventional statistical approach, ML
does not require the preselection of important variables, and
less important variables are naturally ignored in the model
fitting process.40

Limitations
This was a single-center retrospective study including only
patients referred for a clinical cardiac MRI scan. Our sample
size was small, which could impact model reliability. How-
ever, we used a feature reduction algorithm in the baseline
clinical model to reduce the number of potential candidates
of risk predictors. The ML algorithm was trained and evalu-
ated on a particular cohort with specific demographic and
clinical characteristics. Increased heterogeneity of our data
samples will improve the generalizability of the model. We
did not prefer to use traditional advanced statistical methods
such as survival or multivariable to predict this study’s out-
come. The ML model should be further evaluated in prospec-
tive studies in all HFpEF patients. We used clinically
indicated TTE imaging report, available in each patient medi-
cal record; therefore, several relevant imaging parameters,
such as tricuspid annular plane systolic excursion (TAPSE),
were not always available to us. On the other hand, the time
period between TTE and cardiac MRI was long. We did not
perform any imputation of the missing data as XGBoost can
intrinsically handle missing data during training. Strain
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calculation via echocardiography was not available to compare
with cardiac MRI-derived strain measurements. Because we
did not have access to original echocardiography images and
were not able to retrospectively perform strain measurements.
All cardiac MRI images were collected using a single vendor
at 1.5 T. It is likely that model performance could be
improved with the addition of scar and diffuse fibrosis. How-
ever, the high prevalent of chronic kidney disease in a signifi-
cant proportion of HFpEF patients are not given gadolinium;
therefore, imaging of scar and fibrosis was not available in
majority of patients. Further validation using larger sample
size with the addition of external validation dataset is needed
to further verify the importance of RV and LA strain parame-
ters in HFpEF.

Conclusion
We have demonstrated that an ML model that incorporates
clinical, echocardiographic, and noncontrast cardiac MRI
parameters could identify HFpEF patients at risk of HF-
related hospitalization. Strain parameters from the RV and
LA were among the most important risk markers, emphasiz-
ing the importance of evaluation of the RV and LA in risk
stratification of HFpEF patients.
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