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Background. We developed machine-learning (ML) models to estimate a patient’s risk of
cardiac death based on adenosine myocardial perfusion SPECT (MPS) and associated clinical
data, and compared their performance to baseline logistic regression (LR). We demonstrated
an approach to visually convey the reasoning behind a patient’s risk to provide insight to
clinicians beyond that of a ‘‘black box.’’

Methods. We trained multiple models using 122 potential clinical predictors (features) for
8321 patients, including 551 cases of subsequent cardiac death. Accuracy was measured by area
under the ROC curve (AUC), computed within a cross-validation framework. We developed a
method to display the model’s rationale to facilitate clinical interpretation.

Results. The baseline LR (AUC = 0.76; 14 features) was outperformed by all other
methods. A least absolute shrinkage and selection operator (LASSO) model (AUC = 0.77;
p = .045; 6 features) required the fewest features. A support vector machine (SVM) model
(AUC = 0.83; p < .0001; 49 features) provided the highest accuracy.

Conclusions. LASSO outperformed LR in both accuracy and simplicity (number of fea-
tures), with SVM yielding best AUC for prediction of cardiac death in patients undergoing
MPS. Combined with presenting the reasoning behind the risk scores, our results suggest that
ML can be more effective than LR for this application. (J Nucl Cardiol 2019;26:1746–54.)

Key Words: Cardiac death Æ risk model Æ machine learning Æ feature selection Æ data
visualization

Abbreviations

SPECT Single-photon emission computed

tomography

MPS Myocardial perfusion SPECT

SSS Summed stress score

SRS Summed rest score

LV Left ventricular

ROC Receiver operating characteristic

AUC Area under the curve

SVM Support vector machine

LASSO Least absolute shrinkage and selection

operator

LR Logistic regression
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INTRODUCTION

It is well established that myocardial perfusion

single-photon emission computed tomography (MPS)1

can provide prognostic information for patients with

coronary artery disease.2–7 However, assessment of

prognosis and consequently selection of appropriate

therapies may be improved through consideration of a

diverse set of additional clinical data that, although

available for a given patient, may be challenging for the

clinician to aggregate effectively. Therefore, it may be

beneficial to provide the clinician with an accurate

quantitative assessment of the risk of adverse outcomes,

such as cardiac death, based on the combination of

clinical information and MPS data. In this paper, we

explore the extent to which the burgeoning field of

machine learning (ML)8–10 can provide risk assessments

that are more accurate and useful than those produced by

logistic regression (LR),11 which is a traditional, com-

monly used model in this context.12–14

In this work, we compare several ML algorithms to

a baseline LR model according to two criteria: (1)

prediction accuracy, measured by using the area under

the receiver operating characteristic curve (AUC); and

(2) simplicity of the model, described by the number of

predictors (known in ML as features).

Importantly, a clinician may not fully benefit from a

computer-generated risk score without some explanation

as to the reasoning behind it. Without the rationale

behind the risk score, the prediction model may be

perceived as an uninterpretable ‘‘black box.’’ To

address this, we demonstrate a method of displaying a

model’s reasoning to the clinician. To facilitate inter-

pretability, we sought to develop models that use a small

number of features, so that the clinician can readily gain

insight by viewing the model’s findings using a simple

display. Although, in general, the ML models are

sophisticated in their theoretical underpinnings, the

ML linear models that we studied are simply a weighted

sum of the features; therefore, the results are easy to

interpret.

MATERIALS AND METHODS

Patient Data

Our study was based on a set of clinical data for 8321

patients with a mean age of 71 ± 12 years and all clinical

variables recorded, who had undergone dual-isotope MPS with

adenosine stress and adenosine stress with walking as an

adjunct15 at Cedars-Sinai Medical Center between January

1991 and December 1999. Among these were 551 subsequent

cases of cardiac death during a follow-up period of

3.15 ± 1.99 years. Cardiac death was confirmed by review of

the death certificate, hospital chart, or physician’s records.

Each patient was characterized by a broad array of

features, including MPS and ECG findings, and many other

clinical variables. The clinical variables considered numerous

attributes of the patient, such as demographic risk factors,

medications, hemodynamics, and the clinical history of the

patient (see Table 1). The MPS findings included the clinically

recorded visual summed stress score (SSS), summed rest score

(SRS), and summed difference score, obtained from the 20-

segment model and the corresponding converted % scores.16

The images were not reprocessed in any other way.

Continuous features were scaled to the range 0 to 1. For

consistency, discrete features having multiple categories were

re-coded as a set of binary variables using one-hot encoding,17

i.e., we created a binary feature for each different category of

the discrete variable, and for each patient only one of the

binary features takes the value 1. We ignored the features that

had missing values, since more than half of their entries were

missing and imputation methods would not lead to accurate

Table 1. Patient characteristics

Demographic risk factors

Patient’s age (years) 71 ± 12

Gender (male) 52%

Hypertension 60%

Diabetes 27%

Family history of CAD 23%

Hypercholesterolemia 44%

Smoking 13%

Angina 49%

Shortness of breath 12%

Medications

Beta-blocker 15%

Calcium channel blocker 12%

Nitrate (any) 10%

Digoxin 10%

Clinical history

History of MI 28%

History of PCI 16%

History of CABG 18%

Hemodynamics

Rest systolic BP (mm Hg) 150 ± 28

Rest diastolic BP (mm Hg) 80 ± 12

Stress systolic BP (mm Hg) 135 ± 26

Stress diastolic BP (mm Hg) 72 ± 13

Rest HR (per min) 72 ± 14

Stress HR (per min) 92 ± 20

CAD, coronary artery disease; MI, myocardial infarction; PCI,
percutaneous coronary intervention; CABG, coronary artery
bypass grafting; BP, blood pressure; HR, heart rate
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results. After data cleaning and normalization, the final data set

consisted of 122 features in the range from 0 to 1.

Score Validation and Statistical Analysis

We characterized the distribution of each continuous feature

by way of its mean and standard deviation, while the binary

categorical features are described by their prevalence within the

data set. We fit and test the models in different sets of data to

ensure unbiased performance evaluation. We used nested, strat-

ified, fivefold cross-validation in our experiments. The data are

divided in five parts (known as folds) of similar size, and then each

fold is used only once for validating the performanceof themodel;

the final performance is the average of the five iterations. We

‘‘stratified’’ the folds to preserve the percentage of patients of

each class in the divisions, and we used a ‘‘nested’’ framework to

optimize the search of the model’s hyperparameters and avoid

overfitting the model—an inner fivefold cross-validation is used

within the training data to select the best values of the hyperpa-

rameters, while the outer cross-validation evaluates the

performance of the ML models. We compared the performance

of various methods for prediction of cardiac death using receiver

operating characteristic (ROC) analysis, specifically the area

under the curve (AUC), which summarizes ROC performance.

We conducted a statistical analysis to compare the AUC values

obtained from several ML and LR models. The difference in

performance between a test model and a baseline LR model

(described in the ‘‘Results’’ section) was considered to be

statistically significant when the p value was less than 0.05, using

the test described in the Reference 18.

Prediction Models

We implemented several variations of LR, and the follow-

ing four categories of ML models19–23: (1) the least absolute

shrinkage and selection operator (LASSO); (2) the support

vector machine (SVM); (3) random forests; and (4) AdaBoost.

The LASSO automatically performs shrinkage, in which an

internal mechanism is used to automatically select a minimal

number of predictive features. SVM is a technique that places an

emphasis on distinguishing the example cases that are the most

difficult to predict. The random forests method forms a

consensus decision among multiple decision trees. AdaBoost

iteratively refines a model by favoring example cases that are

misclassified by previous iterations of the model.

LR. The simplicity and good performance of LR have

led to its adoption as a widely used method to predict adverse

clinical outcomes. To understand the characteristics of LR

when applied to our data, and provide a basis for comparison to

the ML models, we implemented three LR variations24,25: (1)

LR with prognostically important features identified based on a

Cox proportional hazards analysis; (2) LR applied to all 122

features (LR-All); and (3) stepwise LR, in which features are

successively added or removed based on significance of the

regression coefficients (LR-Stepwise). In the LR-Stepwise

model, we set p\ .05 as the threshold for entry of variables

into the model, and p[ .10 for their removal. We defined the

first of these three LR variations as our baseline model (hence,

we refer to it as LR-Baseline), because it is widely accepted;

and, as we show in the Results section, it yielded the simplest

(most interpretable) of the LR models, while still exhibiting

good prediction accuracy.

AdaBoost and random forests. We imple-

mented AdaBoost and random forests in only the standard

fashion.26,27

SVM. SVM may be implemented as a linear model (i.e.,

the computed risk score being merely a weighted sum of the

features), or as a more-complicated nonlinear version.21 We

compared two variations of linear SVM: SVM using all 122

features (SVM-All), and SVM trained within a sequential

forward-selection procedure (SVM-SFS) to choose the best

features.28 We also compared two variations of nonlinear

SVM: SVM with radial basis function kernel (SVM-RBF), and

SVM with quadratic kernel (SVM-Q).29

LASSO. We implemented two prediction models based

on the LASSO method. LASSO internally selects the features

that it uses through an optimization mechanism that involves a

so-called shrinkage parameter, which controls the extent to

which the LASSO reduces the number of features.30 In the

standard method (LASSO-Standard) that we implemented,

LASSO chose the shrinkage parameter automatically. In a

modified approach (LASSO-Modified), we sought to deter-

mine the extent to which the LASSO could further shrink the

number of required features, without substantial loss of

prediction accuracy. Toward this end, LASSO-Modified was

programmed to increase its shrinkage parameter as much as

possible without causing LASSO’s performance to drop below

that of LR-Baseline.

Accuracy vs. Simplicity

The objective of our study was to study both the accuracy

and complexity of various models, where we define complex-

ity as the number of features required by the model to obtain its

predictions. For purposes of interpretability, it would be

desirable to identify a model that is effective with as few

features as possible. Thus, we examine the number of required

features, as well as the accuracy, when comparing the models.

Converting the Risk Score to a Probability

The LR and ML prediction models each seek to predict a

normalized risk score that lies in the range from 0 to 1, with 1

representing the highest level of risk. We convert the score in

an individual patient to a true probability of cardiac death by

relating it to the outcomes of the population of patients in the

data set.31,32 Thus, the final output is a probability of cardiac

death.

‘‘Rationale’’ Display

ML is sometimes perceived as yielding a model that is

merely a ‘‘black box,’’ producing a decision without any

explanation as to the reasoning behind it. To address this
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limitation and provide the clinician with helpful insight, we

developed a data-visualization approach that shows the user

two ways of understanding the model’s risk assessment. First,

we show the relative contributions of the risk factors (fea-

tures)—using clinical and MPS variables—to a patient’s risk

assessment, expressed as a percentage. A risk factor’s contri-

bution to the score is the product of the risk factor with the

corresponding model coefficient, expressed as a percentage of

the total. Thus, the output can be interpreted to mean that ‘‘X%

of the patient’s risk score is due to feature x, Y% is due to

feature y, etc.’’ Using unity-based normalization (scaling to the

range [0,1]), as we have done in this study, guaranteed that

these contributions are non-negative if the model coefficients

and class labels are non-negative. That was the case in our

study (the labels were 1 for death, 0 otherwise; and all the

variables are positive predictors). In situations where one or

more variables are negative predictors (which would lead to

negative model coefficients), one can invert the scale of such

variables, thus leading to non-negative contributions from the

model coefficients.

As a second aid for ML decision understanding, we show

the percentile ranking of the patient with respect to the patient

population used for the ML development. This can be viewed

as a ‘‘severity’’ rank, showing how severe is a given variable

in relation to other patients. We illustrate these ‘‘at-a-glance’’

display approaches in the Results section.

RESULTS

Comparisons of Model Performance

The accuracy and complexity of the models are

shown in Figure 1, in which each bar represents mean

AUC performance of a model, and each error bar

represents one standard deviation. In the label below

each bar in the graph, we indicate the number of features

used by that model, as well as the p value in comparison

of the model’s AUC performance to that of the baseline

LR model (LR-Baseline).

The results obtained by the three LR variations were

as follows: (1) LR-Baseline: mean AUC = 0.76, 14

features; (2) LR-All: AUC = 0.77, 122 features, p = .03;

(3) LR-Stepwise: mean AUC = 0.78, 24 features,

p\ .0001. The features selected by the LR-Baseline

Figure 1. Performance comparison of all models tested. Mean AUC, with error bars representing
one standard deviation, is shown for each model. For each model, we show how many features it
required and the p value when comparing that model vs. LR-Baseline. We draw the reader’s attention
to three models in particular, indicated by a box drawn around each one’s label. The results show that
all of the methods we tested are able to surpass the baseline logistic regression (LR-Baseline) in terms
of AUC performance. The LASSO-Modified method provides both better AUC performance and
requires fewer features, so it surpasses LR-Baseline in both respects. If sheer AUC performance is the
goal, then one would choose SVM-SFS, which produces substantially better performance than any of
the other methods, the disadvantage being that it requires 49 features. In summary, LASSO-Modified
produces the most parsimonious model, while SVM-SFS yields the best AUC performance.
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method are shown in Table 2. Note that, of the LR

methods, the LR-Baseline uses fewer features while

maintaining good prediction accuracy.

Both of the linear SVMs outperformed LR-Baseline

very significantly: SVM-SFS achieved mean AUC =

0.83 (49 features, p\ .0001), and SVM-All yielded

mean AUC = 0.80 (122 features, p\ .0001). The two

nonlinear variations SVM performed about the same as

SVM-All, but they increase the complexity of the

classifier; therefore, they offer no benefit in this dataset.

Random forests and AdaBoost achieved mean

AUC = 0.77 (122 features, p = .18) and AUC = 0.79

(122 features, p\ .0001), respectively.

In the standard method (LASSO-Standard) that we

implemented, LASSO chose the shrinkage parameter

automatically; LASSO-Standard yielded AUC = 0.79

(p\ .0001) using 63 features.

Next, we sought to determine the extent to which

the LASSO could further shrink the number of required

features, without substantial loss of prediction accuracy.

Toward this end, we developed a modified LASSO

(LASSO-Modified), in which we programmed LASSO

to increase its shrinkage parameter as much as possible

without causing LASSO’s performance to drop below

that of LR-Baseline. By this approach, LASSO-Modi-

fied reduced the number of features to just six, while still

producing better accuracy than LR-Baseline (AUC =

0.77; p = .045).

The six features identified by LASSO-Modified, in

order of importance, are as follows: summed stress score

(SSS), age, summed rest score (SRS), left ventricular

(LV) enlargement, lung uptake, and use of digoxin. The

model coefficients are shown in Table 3.

We interpret the results of the study as follows. (1)

When provided with a large number of features, the ML

methods produce the best overall prediction perfor-

mance, in some cases by a large margin. (2) LR

underperforms the ML methods, even when provided

with large numbers of features. (3) If one’s goal is to

obtain good performance with a very simple model, the

LASSO-Modified is the best: it provided slightly better

performance than LR-Baseline, while requiring only six

features. (4) On the other hand, if one’s goal is strictly to

achieve maximum performance, the SVM-SFS is the

best overall by a substantial margin. Alternatively, both

models can be used together to provide a fuller picture,

with the LASSO-Modified helping with interpretation.

Displaying the Model’s Rationale

To help the clinician to interpret the features driving

the risk score for a given patient, we provide a graph

Table 2. Variables used in baseline logistic
regression model (LR-Baseline)

Variables Coefficients p value

SSS 4.3480 \ .0001

PRSSS - 4.0694 \ .0001

SRS 2.1991 \ .0001

PRSDS - 2.1159 \ .0001

Patient’s age 0.5459 .016

Abnormal rest ECG 0.3021 .028

Symptom 0.2191 .045

LV enlargement 0.1643 .001

Uninterpretable ECG 0.1400 .044

Perfusion defects 0.1302 \ .001

Perfusion findings 0.0816 .002

Bypass surgery 0.0755 .045

Likelihood of ischemia - 0.0260 .041

History of MI 0.0204 .025

SSS, summed stress score; PRSSS, percentage of LV abnor-
mal; SRS, summed rest score; PRSDS, percentage of LV
reversible; ECG, electrocardiogram; LV, left ventricular; MI,
myocardial infarction
Logistic regression model using the variables that the uni-
variable Cox proportional hazards model finds statistically
significant (the p values are shown in the table)

Table 3. Variables used by LASSO-modified
model

Variables Coefficients

SSS 0.3089

Patient’s age 0.2962

SRS 0.2325

LV enlargement 0.1916

Lung uptake 0.1747

Digoxin 0.0693

SSS, summed stress score; SRS, summed rest score; LV, left
ventricular

Table 4. Features for two example patients in
the data set

Variables Patient A Patient B

SSS 29 16

Patient’s age 68 years 60 years

SRS 26 16

LV enlargement Yes Yes

Lung uptake Severe None

Digoxin Yes Yes

Suffered cardiac death Yes No

SSS, summed stress score; SRS, summed rest score; LV, left
ventricular
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showing the contribution of each feature, expressed as a

percentage. Here, we use two patients (A and B) from

the data set to illustrate the visualization approach.

Patient A was a case of cardiac death, while Patient

B experienced no adverse cardiac event. Table 4 sum-

marizes the features of Patients A and B that were used

by the LASSO-Modified model, which estimated the

probabilities of cardiac death for Patients A and B as

63% and 10%, respectively. Figure 2 shows the risk

probability for each patient, above a graph that explains

the rationale behind the probability assessment. As we

saw in Table 4, patient A exhibited a high value for lung

uptake, which highly influenced the estimated probabil-

ity of cardiac mortality. This condition, along with the

patient’s age and the elevated value of the summed

stress score (SSS), explains 66% of the total score. For

Patient B, a younger person, lung uptake did not enter

significantly into the risk score, and his SSS and SRS

values were lower than those found in patient A,

resulting in a reduction of the risk score. Consequently,

the variables with the highest contribution to the

patient’s risk are his age and SSS, which explain 53%

of the total score.

Figure 2. Rationale behind two patients’ risk score in the case study. Proportion of A patient A and
B patient B’s total score explained by each variable. We show the value of the corresponding
patient’s variables in parenthesis. Patient A suffered cardiac death, patient B experienced no event.

Journal of Nuclear Cardiology� Haro Alonso et al 1751

Volume 26, Number 5;1746–54 Prediction of cardiac death after adenosine myocardial perfusion SPECT



Figure 3 shows the percentile rank of the features

for patients A and B. This shows that several of the

variables for Patient A are generally worse than those

for Patient B, which explains the higher estimated risk

for Patient A.

DISCUSSION

Modeling Results

The goal of this work was to develop a model that

can accurately predict an individual patient’s risk of

cardiac mortality, and at the same time allow the

clinician to understand the reasoning behind the model’s

assessment. It would be preferable to obtain a model that

uses as few features as possible, so that the relative

importance of the risk factors can be readily appreciated

within the time constraints of clinical practice.

All the models tested outperformed LR-Baseline in

terms of prediction accuracy, with SVM-SFS producing

the best performance overall. The LASSO-Modified

model was the simplest of the models tested, requiring

only six features, while still outperforming LR-Baseline,

which required more than twice as many14 features.

Figure 3. Percentile rank of two patient’s characteristics in the case study. The graph compares the
value of A patient A and B patient B’s variables with those in the entire database. We show the value
of the corresponding patient’s variables in parenthesis.
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The SVM-SFS model produced the highest overall

prediction accuracy, reaching AUC = 0.83, as compared

to AUC = 0.76 for LR-Baseline, and AUC = 0.77 for

LASSO-Modified. However, SVM-SFS required 49

features, which we anticipate might be too many

features to be readily reviewed and interpreted in the

clinic. Nevertheless, we can imagine situations in which

the clinician may wish to obtain the best accuracy

possible (by using SVM-SFS), but may turn to the

LASSO-Modified output to understand the roles of the

underlying risk factors.

Limitations

Although cross-validation was used for unbiased

performance evaluation, deriving the predictive model

from historical data may not generalize in a similar way to

future data due to changes in the patient’s characteristics.

Rozanski et al. demonstrated in Reference 33 a progres-

sive decline in the prevalence of abnormal SPECT

studies, from 40.9% in 1991 to 8.7% in 2009. They also

found significant temporal trends in the average patient

age, gender, clinical history, and hemodynamics param-

eters. These temporal trends may involve potential

challenges in applying machine learning algorithms

developed on historical data to new prospective data.

Our analysis ignores the survival time and simply

predicts cardiac death at any time; therefore, we do not

distinguish between near- and long-term cardiac death

prediction. Nevertheless, the average follow-up period

that we use is relatively short (3.15 years). There are

emerging machine learning methods in which the time-

to-event can be used34; however, the current models do

not provide the patient-specific explanation capability

that we have demonstrated in our study. No analysis

adjusting for the time-to-event has been reported in

cardiovascular imaging using machine learning. The

exact prediction of time of cardiac death based on

medical imaging in cardiology is less precise than in

other fields. Further studies, especially in cohorts with

long average follow-up time, may incorporate time-to-

event information in the machine learning models.

NEW KNOWLEDGE GAINED

We have developed and compared several models

for predicting risk of cardiac death for individual

patients undergoing nuclear cardiology studies. Our

study demonstrates the potential benefit of machine

learning methods over logistic regression for prediction

of cardiac death event. To aid in interpretation of the

risk assessments provided by the models, we have

demonstrated two clinically practical methods of visu-

alizing the relevance and impact of the risk factors.

CONCLUSIONS

We used machine learning to predict a patient’s risk

of cardiac death based on the combination of MPS

findings and other clinical variables, which maximize the

prediction accuracy and minimize the number of input

variables. We have shown that an SVM algorithm can be

the most accurate but requires large number of features,

and that a LASSO model can achieve good accuracy with

only six variables. We develop a data-visualization tool

based on the rationale behind the LASSO’s risk score to

allow the clinician to interpret the results.We also provide

the percentile rank that offers an understanding of the

relative severity of the patient’s characteristics.
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