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Abstract

OBJECTIVES: Use machine learning to more accurately predict survival after echocardiography.

BACKGROUND: Predicting patient outcomes (e.g. survival) following echocardiography is 

primarily based on ejection fraction (EF) and comorbidities. However, there may be significant 

predictive information within additional echocardiography-derived measurements combined with 

clinical electronic health record data.

METHODS: We studied mortality in 171,510 unselected patients who underwent 331,317 

echocardiograms in a large regional health system. We investigated the predictive performance of 

non-linear machine learning models compared with that of linear logistic regression models using 

3 different inputs: 1) clinical variables (CV), including 90 cardiovascular-relevant ICD-10 codes, 

age, sex, height, weight, heart rate, blood pressures, LDL, HDL, smoking; 2) CV plus physician-

reported EF; and 3) CV, EF, plus 57 additional echocardiographic measurements. Missing data 

were imputed with a multivariate imputation by chained equations (MICE) algorithm. We 

compared models to each other and baseline clinical scoring systems using a mean area under the 

curve (AUC) over 10 cross-validation folds and across 10 survival durations (6–60 months).

RESULTS: Machine learning models achieved significantly higher prediction accuracy (all 

AUC>0.82) over common clinical risk scores (AUC=0.61−0.79) with the non-linear random forest 

models outperforming logistic regression (p<0.01). The random forest model including all 

echocardiographic measurements yielded the highest prediction accuracy (p<0.01 across all 
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models and survival durations). Only 10 variables were needed to achieve 96% of the maximum 

prediction accuracy, with 6 of these variables being derived from echocardiography. Tricuspid 

regurgitation velocity was more predictive of survival than LVEF. In a subset of studies with 

complete data for the top 10 variables, MICE imputation yielded slightly reduced predictive 

accuracies (difference in AUC of 0.003) compared to the original data.

CONCLUSIONS: Machine learning can fully utilize large combinations of disparate input 

variables to predict survival after echocardiography with superior accuracy.
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INTRODUCTION

Echocardiography is fundamental to the practice of cardiology, with over 10 million 

echocardiograms performed annually in Medicare patients alone (1). From these image data, 

cardiologists often derive hundreds of measurements, in addition to a patient’s demographics 

and relevant clinical history, to arrive at a final clinical interpretation. This clinical 

interpretation helps to provide a diagnosis, prognosticate patient outcomes and ultimately 

guide therapeutic decisions. With the increasing amount of acquired image data and 

measurements derived from the images, along with the rapidly growing amount of electronic 

health record (EHR) data, humans may no longer be able to fully and accurately interpret 

these data.

For example, there are over 500 measurements derived from echocardiography at our 

institution, each echocardiogram consists of thousands of images, and there are 76 

international classification of diseases version 10 (ICD-10) high-level diagnostic codes that 

fall into the category of “diseases of the circulatory system.” With this amount of data and 

the limited time available to physicians for interpretation, it is highly likely that the full 

potential of echocardiographic data is not being realized in current clinical practice.

Machine learning can help to overcome these limitations by providing automated analysis of 

large clinical datasets (2). In fact, machine learning has been gradually permeating into 

cardiovascular research already with recent examples in the literature showing its ability to 

1) provide assistance with challenging differential diagnoses such as restrictive 

cardiomyopathy vs constrictive pericarditis (3) and physiologic vs pathologic cardiac 

hypertrophy (4), 2) predict survival from coronary CT data (5), 3) predict in-hospital 

mortality in patients undergoing surgery for abdominal aortic aneurysm (6), and 4) develop 

refined classifications or “phenotypes” of patients with heart failure and preserved ejection 

fraction (7). These studies demonstrated the promise of machine learning in cardiovascular 

medicine. However, sample sizes in these studies are relatively small for machine learning to 

efficiently learn from dozens of features, especially given tendencies for overfitting small 

datasets (8). Additionally, most of these studies used clean and complete datasets acquired 

prospectively, which may not render immediate clinical application like EHR data.
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To date, there has been no effort to use machine learning to take advantage of standard 
clinical and echocardiographic data to help physicians predict outcomes in the broad 

population of patients who undergo echocardiography during routine clinical care. We 

hypothesized that nonlinear machine learning models would have superior accuracy to 

predict all-cause mortality compared to linear models, and that utilizing all measurements 

obtained from routine echocardiograms would provide superior prediction accuracy 

compared to standard clinical data (including common clinical risk scores (9–12)) and 

physician-reported left ventricular ejection fraction (LVEF). We built on previous machine 

learning studies in cardiology by using a large, clinically-acquired dataset (331,317 

echocardiograms from 171,510 patients) linked to extensive outcome data (median follow-

up duration of 3.7 years). We also used machine learning to uncover new pathophysiological 

insights by quantifying the relative importance of input variables to predicting survival in 

patients undergoing echocardiography. Finally, we assessed how many and which variables 

were most informative for accurate survival prediction.

METHODS

ELECTRONIC HEALTH RECORD DATA.

We identified all echocardiograms performed over 19 years (1998 – June 2017) from the 

EHR of a large regional health system centered in Danville, PA (Geisinger). 

Echocardiograms were required to have a resting (unstressed), physician-reported LVEF. 

Structured fields in the EHR (installed in 1996) were collected at the time of 

echocardiogram, including age, sex, smoking status, height, weight, vital signs (heart rate, 

diastolic and systolic blood pressures), cholesterol (LDL and HDL acquired within 6 months 

of echocardiograms) and 90 cardiovascular-relevant ICD-10 codes from patient problem lists 

(diseases of the circulatory system, diabetes, chronic kidney disease, dyslipidemia, and 

congenital heart defects; Online Table 1). We used the dates of all echocardiograms and the 

date of death (checked monthly against national databases) or last living encounter (for 

censoring) to study all-cause mortality. Patients with unknown survival status for the 

specified survival period were excluded. Additionally, all measurements recorded in the 

echocardiographic database (Xcelera) were extracted. This database is vendor neutral and 

therefore includes echocardiograms from multiple vendor platforms, collected by numerous 

different clinical providers throughout our large health system. The qualitative assessment of 

diastolic function from echocardiography was categorized into ‘normal’, ‘stage I’, ‘stage II’, 

or ‘stage III’ as an ordinal variable. The assessments of regurgitation and stenosis of 4 valves 

(aortic, mitral, tricuspid, pulmonary) were categorized into 5 groups: ‘absent’, ‘mild’, 

‘moderate’, ‘severe’, and ‘not assessed’. These categorical assessments of the 4 valves and 

other categorical variables (sex, smoking status, and 90 ICD-10 codes) were converted to 

binary variables. This retrospective study was approved by the Geisinger IRB and performed 

with a waiver of consent.

PRE-PROCESSING OF EHR DATA.

We removed physiologically impossible values (e.g. LVEF <0% or >100% likely due to 

human error). We also removed measurements above the average plus 3-standard deviations 

to eliminate extreme cases in unbounded measurements such as the aortic root diameter 
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(where a maximum, erroneous measurement was 85cm). We also removed ambiguous 

measurements used as placeholders in the Xcelera database, which did not carry specific 

meaning (for example, a variable named “area” not specific to a location).

Since the models required complete datasets, missing data for each remaining measurement 

were imputed using 2 steps. First, missing values in between echocardiography sessions for 

an individual patient were linearly interpolated if complete values were found in the adjacent 

echocardiograms. Next, we removed all echocardiographic measurements that were missing 

in 90% or more samples. The remaining missing values were imputed using multivariate 

imputation by chained equations (MICE) (13), implemented in the “fancy_impute” package 

(https://pypi.python.org/pypi/fancyimpute). Briefly, MICE predicts missing values by 

iteratively optimizing a series of regression models using other, potentially predictive, 

variables. The effect of imputing missing values on the prediction accuracy was investigated 

in a subgroup analysis (Appendix). The missing categorical values of diastolic function were 

imputed using logistic regression. Finally, we removed redundant variables that were derived 

solely from other measured variables (for example, the right ventricular systolic pressure is 

derived from the estimated right atrial pressure and maximum tricuspid regurgitation 

pressure gradient and is therefore redundant).

LINEAR VS NON-LINEAR PREDICTIVE MODELS.

For model comparisons, 3 different forms of input data (Online Table 2) were used: 1) 

clinical variables alone (n=100), 2) clinical variables plus physician-reported LVEF (n 

=101), and 3) clinical variables plus LVEF plus 57 non-redundant, echocardiographic 

variables (n=158). We tested performances of 6 different machine learning classifiers (linear 

and non-linear, Online Table 3) to predict 5-year all-cause mortality for the 3 forms of input 

data and chose the superior non-linear model, random forest, for subsequent analyses. The 

predictive performance of a random forest classifier was compared with that of a widely 

used linear predictive model, logistic regression.

STATISTICAL ANALYSIS AND MODEL PERFORMANCE.

The performance of the machine learning predictive models (described below) was evaluated 

using a 10-fold cross-validation scheme (5,14). Echocardiography studies were divided into 

10 separate, equally-sized folds. No patient had an echocardiogram in both the training and 

test folds. The hyper-parameters of the predictive models such as regularization type and 

level, or number of trees, were tuned within the training set following a nested cross-

validation (15). An open source package called “scikit-learn” (16) was used to implement 

the machine learning pipeline and evaluate the models. We used Wilcoxon signed-rank tests 

(17) to statistically compare the model predictive accuracies using the 10 AUCs obtained 

from the 10 cross-validation folds described below. A p value of less than 0.05 was 

considered statistically significant. Overall performance was reported as the mean AUC and 

standard deviation over 10 cross-validation folds.
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OPTIMIZING SURVIVAL PREDICTION USING CLINICAL, LVEF AND ECHOCARDIOGRAPHIC 
DATA.

We calculated Framingham risk score (FRS) using the low-density lipoprotein cholesterol 

categorical model as in Wilson et al. (12) using 8 input variables (age, sex, LDL, HDL, 

systolic and diastolic blood pressures, diabetes and smoking status). First, we obtained the 

AUC for the FRS to predict mortality at 10 sequential survival durations ranging from 6 

months to 60 months in 6-month increments. Compared to FRS as a baseline, we then 

investigated the accuracy to predict all-cause mortality using 3 random forest models 

corresponding to the 3 forms of input data discussed in the previous section. Each of the 3 

random forest models was trained and tested using 10-fold cross-validation to predict all-

cause mortality up to 5 years after echocardiography. Since the FRS is not defined in 

patients older than 74 years of age, we excluded patients over 74 years old at the time of 

echocardiogram for FRS analysis. Later, we performed an additional comparison between 

the machine learning models after excluding patients above 74 years of age in order to 

evaluate this potential limitation.

We subsequently evaluated 5-year survival prediction performance of 3 additional clinical 

risk scoring systems: 1) the Seattle Heart Failure Model (11), 2) the Charlson Comorbidity 

Index (CCI) (10), and 3) the ACC/AHA cardiovascular risk guideline score (9,18). The 

Seattle Heart Failure Model was applied only to the subgroup of heart failure patients 

obtained from a previous study at our institution (19).

VARIABLE IMPORTANCE RANKING.

The relative importance of all predictor variables were obtained based on the “Mean 

decrease impurity” technique using the random forest classifier (20). Briefly, the proportion 

of total samples appearing at each decision node contributes to the importance of the 

variable defining the node, which was averaged across all decision trees. Since we 

maintained an equal number of samples across folds, we averaged the quantitative 

importance of an individual variable over the 10 test folds to obtain an average predictive 

importance and to rank the top 10 predictive variables separately for 1 and 5-year survival 

models. To summarize these variable importance rankings across all 10 survival prediction 

models, we obtained the rank ordering of the variables for each model, and then averaged 

these ranks across the 10 models. The top 10 variables with the highest average ranks were 

reported.

RESULTS

STUDY POPULATION.

We identified 331,317 echocardiographic studies from 171,510 unique patients within the 

Geisinger EHR that fit enrollment criteria. The median age of the patients was 65 years with 

49% of them being males (see Online Table 4 for details). Each patient underwent 2.05 

echocardiograms on average (range: 1–34). The median follow-up duration was 3.7 years 

[IQR: 1.2–7.8] using inverse Kaplan-Meier (21), and 23% of the patients had a recorded 

death. The overall missing-ness of the original dataset prior to any preprocessing and 

imputation was 22%. Figure 1 shows the overall study design and key findings.
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OPTIMIZING SURVIVAL PREDICTION USING CLINICAL, LVEF AND ECHOCARDIOGRAPHIC 
DATA.

Machine learning models showed large improvements in the prediction accuracy over that 

achieved using FRS (Figure 2) and any of the 4 clinical scoring systems (Table 1). Excluding 

patients above 74 years of age from the machine learning models, for which FRS is 

technically not defined, did not change the relative order of prediction accuracy (Online 

Table 5). When compared to the linear classifier, the non-linear random forest model showed 

significantly better (p<0.01 for all comparisons) accuracy for predicting all-cause mortality 

for all 3 sets of variable inputs (Table 2). The superiority of the non-linear model was 

evident across all 3 variable inputs for predicting both 1 and 5-year all-cause mortality. 

Because of the superiority of non-linear models, we used random forest classifiers in 

subsequent analyses. Figure 2 demonstrates that, using the non-linear random forest model, 

adding clinically-assessed LVEF as an input variable modestly improved prediction 

performance across all 10 survival duration models when compared to using just the 100 

clinical variables alone. Inclusion of the additional 57 echo measurements to LVEF and 

clinical variables provided substantial additive benefit to the prediction accuracy, across all 

10 survival models (all p<0.01).

VARIABLE IMPORTANCE.

The relative importance of different input variables was determined using the best classifier 

(non-linear random forest) and variable inputs (clinical + LVEF + echocardiographic 

measurements). For shorter survival durations (1-year), equal numbers (5 vs. 5) of clinical 

and echocardiographic variables (including LVEF) were in the top 10 variable-ranking 

(Figure 3A). However, echocardiographic measurements outnumbered (6 vs. 4) clinical 

variables for the longer 5-year survival duration model (Figure 3B). The relative importance 

of patient age, compared to other variables, was higher for the 5-year survival duration 

model compared to the 1-year survival duration model (Figures 3A,B).

The aggregate rank ordering of the variables over time averaged across all 10 survival 

duration models (Figure 3C) showed that age and an indirect measure of pulmonary systolic 

pressure (tricuspid regurgitation jet maximum velocity) were uniformly the two most 

important variables across all 10 survival duration models. The physician-reported LVEF 

was, on average, the fifth most important variable following heart rate and LDL. Four 

clinical variables were in the top 10 (age, heart rate, LDL, and diastolic blood pressure) and 

none of the ICD codes were within the top 10. Thus, 6 of the top 10 variables were 

echocardiographic measurements (including the physician-reported LVEF), and 3 of these 

variables were indirect measures of pulmonary systolic pressure (tricuspid regurgitation jet 

maximum velocity, pulmonary artery acceleration time, and slope). Figure 4 shows that 

using the top 10 out of the 158 input variables (Figure 3B) achieved 95.5% of the accuracy 

for predicting 5-year all-cause mortality.

DISCUSSION

To our knowledge, this is the first large scale study leveraging a machine learning framework 

to generate accurate outcome predictions based on “real world” clinical cardiology data. 
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Clinicians, and cardiologists in particular, are becoming overwhelmed by the amount of data 

that is now being collected and documented about patients, particularly within clinical 

databases such as electronic health records (EHR) or imaging archives. Machine learning 

technology can assist physicians with digesting this large amount of information and will be 

critical to fully utilizing these growing datasets to help transform and optimize medical 

practice. While previous studies have supported this concept (3–5), we built on prior studies 

by using an order of magnitude larger sample size of clinically-acquired data linked to 

patient survival.

SUPERIORITY OF NON-LINEAR MODELS.

Similar to at least one prior study (14), our data show that nonlinear models are superior to 

traditional linear logistic regression for predicting survival from a broad range of EHR input 

variables. This is not surprising since non-linear models can learn complex discriminative 

patterns from large volumes of data without assuming linearity. However, at least two prior 

studies have shown contradicting results, reporting superior performance of logistic 

regression for predicting mortality after acute myocardial infarction (22) and in-hospital 

mortality of heart failure patients (23) when compared to regression trees. This discrepancy 

may be due to the fact that our random forest models were built on the ensemble of many 

decision trees (a variant of regression trees) to significantly boost the predictive performance 

by reducing overfitting.

IMPORTANCE OF FULLY UTILIZING ECHOCARDIOGRAPHIC MEASUREMENTS.

A broad array of echocardiographic measurements are clinically recorded in the EHR, yet 

the sheer number of these measurements makes it challenging for a physician to fully 

interpret these data within the context of the large amount of additional available clinical 

data. Traditional clinical practice has dealt with this, in part, by using various risk prediction 

scoring systems (9–12). However, all of these scoring systems are limited by the amount of 

clinically available measurements that are ignored, particularly imaging data. We showed 

that machine learning models have far superior accuracy to predict survival after 

echocardiography compared to these standard clinical approaches (Table 1), which is in line 

with previous studies (5,18,24). In the past, these clinical risk scoring systems were used out 

of simplicity, when the data were not readily available or easily automated as inputs into 

large models. However, with improved information technology systems and computational 

power available in healthcare, more complicated and accurate models, such as the one 

proposed in our study, can be implemented in many health systems and may soon be 

ubiquitous.

To our knowledge, our study is the first to show the relative value of echocardiography-

derived measurements as inputs to machine learning models for predicting important clinical 

outcomes. Recently, Motwani et al. used 44 variables derived from coronary computed 

tomography angiography (CCTA) in a similar fashion to predict 5-year all-cause mortality 

(5) in 10,030 patients who had undergone CCTA prospectively. The authors obtained an 

AUC of 0.61 with FRS for predicting 5-year all-cause mortality, which is identical to our 

result. However, the highest mean AUC reported in the Motwani paper was 0.79 using both 

CCTA and clinical variables for predicting 5-year all-cause mortality (compared to 0.89 in 

Samad et al. Page 7

JACC Cardiovasc Imaging. Author manuscript; available in PMC 2020 April 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



our study). Previously, Hadamitzky et al. studied 2-year all-cause mortality prediction using 

clinical scores and a few CCTA variables and reported an AUC of 0.68 using a linear logistic 

regression model (24). Kennedy et al. studied the ability to predict 5-year cerebral and 

cardiovascular mortality using a dataset from 100,000 patients, but also failed to achieve a 

mean AUC over 0.80 (14).

Thus, our AUC of 0.89 for predicting 5-year mortality is superior to all reported prior studies 

in this area. This superior accuracy is possibly related to our large sample size, along with 

the improved performance achieved by utilizing measurements derived from 

echocardiography. This speculation is supported by the findings from our variable rank order 

importance analysis showing that 5 out of the top 10 most important variables were derived 

from echocardiography, with no clinical diagnostic codes in the top 10. Importantly, only the 

top 10 variables were required in order to achieve 95.5% of the maximum prediction 

accuracy.

One of our major findings is the relative importance of the tricuspid regurgitation jet 

maximum velocity over the physician-reported LVEF in predicting patient survival after 

echocardiography. Three other measures of pulmonary artery systolic pressure, the 

pulmonary artery acceleration time and slope, were also within the 10 most important 

variables for predicting survival. These high rankings suggest that measures of pulmonary 

systolic pressure derived from echocardiography may in fact be more important than 

previously recognized. Prior studies have shown that the degree of tricuspid regurgitation is 

associated with an increased risk of mortality independent of LVEF (25,26), particularly in 

patients with chronic heart failure (27). Moreover, recent evidence showing that monitoring 

pulmonary artery pressure continuously with implantable devices reduces morbidity and 

mortality in patients with heart failure lends further support to our findings (28).

STUDY LIMITATIONS

Like any other EHR-based study, there were missing values for different variables at varying 

levels below 90%. A previous study on data imputation found that having actual values, not 

surprisingly, yielded the best accuracy (29). We used a sophisticated 2-step imputation 

technique (time interpolation and MICE) to fill in the missing values with as much patient-

specific data as available. The use of these imputation techniques thus represents an 

imperfect but pragmatic trade-off, enabling the analysis of such a large dataset. Note that the 

overall missingness of 22% is within the range of prior studies imputing 5%−50% missing 

data (29–31). Moreover, in agreement with previous literature (29), we showed in a 

subgroup analysis that imputation of missing data results in a slight under-estimation (AUC 

difference of 0.003) of the overall predictive ability of the fully complete dataset (Online 

Appendix).

Unfortunately, due to technical limitations of the XCelera database, e’ was not available in 

the majority of patients. However, assessment of e’ was accounted for by including the 

“diastolic function” variable which clinicians base in part on e’. New and potentially more 

predictive variables such as cardiac strains were also not available on a large scale in our 

system. Despite these limitations, our models achieved high accuracy. Future studies may be 

able to improve the prediction accuracy using deep learning. However, our preliminary work 
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suggests that the random forest model has equivalent accuracy to deep neural networks in 

this setting.

This is a predictive study which showed how machine learning can help identify patients at 

highest risk for mortality and can also identify the most important factors related to this 

elevated risk. However, this work does not provide solutions for how to manage these 

patients clinically to ultimately reduce mortality. Future, prospective studies can study 

whether we can improve patient outcomes by using machine learning models to risk stratify 

patients and target higher levels of care to those at the highest risk.

CONCLUSIONS

Machine learning models can be used to predict survival after echocardiography with 

superior accuracy by using a large combination of clinical and echocardiography-derived 

input variables. The accuracy of machine learning models is superior to standard linear 

regression models and currently utilized clinical risk scoring systems such as the 

Framingham risk score. Importantly, only 10 variables were needed to achieve 96% of the 

maximum prediction accuracy, with 5 of these variables being derived from 

echocardiography. The models also suggest that the contribution of echocardiographic 

measurements of pulmonary pressure may be superior to LVEF for predicting survival after 

echocardiography.

PERSPECTIVES

Competency in Patient Care and Procedural Skills:

A machine learning pipeline can integrate vast amounts of clinically acquired electronic 

health records data, including echocardiographic data, to optimally predict survival with 

superior accuracy compared to standard clinical scoring systems and traditional linear 

regression models.

Translational Outlook:

The clinical adoption of validated machine learning models to predict outcomes may assist 

healthcare providers in recognizing at-risk patients and ultimately enable earlier, targeted 

interventions.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Abbreviations and Acronyms

AUC area under the curve

CCTA coronary computed tomography angiography

Echo echocardiography

EF ejection fraction

EHR electronic health record

FRS Framingham risk score

ICD-10 international classification of diseases version 10

MICE multivariate imputation by chained equations

PA acc. time pulmonary artery acceleration time

TR max. vel. tricuspid regurgitation maximum velocity
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FIGURE 1: Analytical Framework for Survival Prediction.
A machine learning pipeline was used to evaluate prediction of multi-duration all-cause 

mortality after echocardiography using clinical variables, physician-reported LVEF, and 

echocardiographic measurements from electronic health records. The predictive performance 

was evaluated using linear (logistic regression) and nonlinear (random forest) machine 

learning models and the area under the curve (AUC) was reported. The top 5 most important 

variables were reported for different models.

Dias func = Diastolic function, FRS = Framingham risk score, HR = heart rate, LDL = low-

density lipoprotein, LVEF = left ventricular ejection fraction, TR max vel = tricuspid 

regurgitation jet maximum velocity
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FIGURE 2: All-cause Mortality Prediction Performance Across 10 Survival Durations.
Mean AUC of 10 survival duration models for 3 different sets of variable inputs using 

random forest.
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FIGURE 3: Variable Importance.
The top 10 variables for predicting both (A) 1-year and (B) 5-year all-cause mortality. (C) 

shows the average rank order of the input variables over all 10 survival models. Importance 

scores are scaled to show relative importance.

Dias func = diastolic function, Dias pres = diastolic blood pressure, EF = ejection fraction 

(left ventricular), HR = heart rate, LDL = low-density lipoprotein, MV P1/2t max vel = 

maximum velocity of mitral valve flow, PA acc = pulmonary artery acceleration, Pul R-R = 

pulmonary R-R time interval, Sys pres = systolic blood pressure, TR max vel = tricuspid 

regurgitation jet maximum velocity.
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FIGURE 4: Cumulative Predictive Performance of Top Ranked Variables in Predicting 5-year 
All-cause Mortality Using Random Forest.
The maximum AUC (max. AUC) was achieved using all 158 variables.
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TABLE 1

Comparing baseline clinical scores with machine learning in 5-year mortality prediction.

Patient population Predictive models Area under ROC curve

All patients Framingham Risk Score 0.61

ACC/AHA guideline score 0.74

Charlson Comorbidity Index 0.79

Machine learning with echocardiographic measurements 0.89

15942 patients with heart failure Seattle Heart Failure Model 0.63

Machine learning with echocardiographic measurements 0.80

ROC = receiver operating characteristic.
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TABLE 2

Comparing the Predictive Performance of Different Inputs and Models.

1-year mortality (AUC) 5-year mortality (AUC)

FRS 0.58 0.61

Inputs Linear Non-linear Linear Non-linear

(Number of variables)

Clinical only 0.791 0.820** 0.827 0.843**

(100) [0.787,0.792] [0.82,0.83] [0.825,0.829] [0.84,0.845]

Clinical + LVEF 0.800 0.831** 0.831 0.858**

(101) [0.797,0.802] [0.828,0.833] [0.829,0.833] [0.856,0.860]

Clinical +LVEF + Echo 0.824 0.848** 0.864 0.893**

(158) [0.822,0.826] [0.846,0.850] [0.862, 0.866] [0.892,0.895]

Values in [] denote 95% confidence intervals across 10 cross-validation folds.

**
(p<0.01), Wilcoxon signed-rank test significance compared to baseline linear model. AUC = area under the curve, Echo = echocardiographic 

measurements, FRS = Framingham risk score, LVEF = left ventricular ejection fraction
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