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Abstract

Objective: Current cardiac surgery risk models do not address a substantial fraction of
procedures. We sought to create models to predict the risk of operative mortality for an expanded
set of cases.
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Methods: Four supervised machine learning models were trained using preoperative variables
present in the Society of Thoracic Surgeons (STS) data set of the Massachusetts General Hospital
to predict and classify operative mortality in procedures without STS risk scores. A total of 424
(5.5%) mortality events occurred out of 7745 cases. Models included logistic regression with
elastic net regularization (LogReg), support vector machine, random forest (RF), and extreme
gradient boosted trees (XGBoost). Model discrimination was assessed via area under the receiver
operating characteristic curve (AUC), and calibration was assessed via calibration slope and
expected-to-observed event ratio. External validation was performed using STS data sets from
Brigham and Women’s Hospital (BWH) and the Johns Hopkins Hospital (JHH).

Results: Models performed comparably with the highest mean AUC of 0.83 (RF) and expected-
to-observed event ratio of 1.00. On external validation, the AUC was 0.81 in BWH (RF) and 0.79
in JHH (LogReg/RF). Models trained and applied on the same institution’s data achieved AUCs of
0.81 (BWH: LogReg/RF/XGBoost) and 0.82 (JHH: LogReg/RF/XGBoost).

Conclusions: Machine learning models trained on preoperative patient data can predict
operative mortality at a high level of accuracy for cardiac surgical procedures without established
risk scores. Such procedures comprise 23% of all cardiac surgical procedures nationwide. This
work also highlights the value of using local institutional data to train new prediction models that
account for institution specific practices.
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Mortality risk stratification models have been used to guide quality improvement and to
inform clinician and patient decision-making in cardiac surgery since the late 1980s.1-3
Previously, creation of these risk models required a large data set addressing a carefully
selected uniform set of procedures. For example, the Society of Thoracic Surgeons (STS)
Adult Cardiac Surgery Database, with more than 6 million records,* has been used to create
3 mortality risk models: coronary artery bypass graft (CABG), valve, and CABG/valve.2>
However, these models do not accommodate a substantial fraction of cardiac surgical
procedures at many quaternary care centers. Cases without STS risk models (eg, tricuspid
valve procedures, aortic procedures, left ventricular assist device placement, etc) account for
23% of all procedures nationally* and more than 40% of all procedures at many quaternary
care centers. There is, therefore, a need for new risk models that encompass the diversity and
complexity of modern cardiac surgical care.

Machine learning (ML) techniques might be useful to develop risk models for these
heterogeneous procedures. ML models can capture relationships between input variables
(“features™) that might improve prediction of outcomes compared with traditional regression
models. Provided there are sufficient data inputs, institution-specific models can be
generated as well, enabling even more locally relevant predictions. Moreover, such
institution-specific risk models can in principle learn from new data generated from every
case and be updated yearly or quarterly, in contrast to the widely used statewide or national
risk models that might be revised only once per decade.
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We therefore trained and evaluated 4 supervised ML models to: (1) estimate the probability,
and (2) classify (eg, predict the outcome) of operative mortality of procedures with no
national STS risk models using data from our institution and evaluated using data from
2 other institutions. Additionally, we present simplified models with limited preoperative
feature sets that maintain good performance.

METHODS

Patient Population

Between 2002 and 2019, 9248 procedures were performed at the Massachusetts General
Hospital (MGH; Boston, Mass) for which no STS risk models exist using STS version 2.9
definitions. These “other” case types comprise 44.5% of all cardiac surgical procedures
at MGH (Tables 1 and E1). Patients younger than the age of 18 years, or those who
underwent procedures involving circulatory arrest (n = 1503), were excluded, leaving a
class-imbalanced data set of 7745 procedures with 5.5% (n = 424) operative mortality
(see Table 1, which includes preoperative and intraoperative variables). Similar STS data
sets were obtained from Brigham and Women’s Hospital (BWH; Boston, MA; n = 7529;
2002-2019; Table E2) and Johns Hopkins Hospital (JHH; Baltimore, Md; n = 9706;
1997-2019; Table E3) for external validation. Relevant approvals from the respective
institutional review boards were obtained before the commencement of the study.

Creation of Risk Models

Variables found to be meaningful in the existing STS Risk models for operative mortality®
and used in the online calculator® were extracted from each institutional STS data set.
Because the study time frame spanned multiple STS versions, to harmonize data from
different STS versions, for variables for which definitions became more granular in
subsequent STS versions, earlier definitions, that were less granular, were used. Detailed
methodology regarding data preprocessing, in particular handling of missing data, is
reported in Appendix E1. Only preoperative variables were used for modeling and the

list is presented in Table E4. Four supervised ML risk models were trained: 2 linear
models (logistic regression with elastic net regularization [LogReg], and support vector
machine [SVM]) and 2 nonlinear models (random forest [RF], and extreme gradient boosted
trees [XGBoost]’). Hyperparameter optimization was performed via fivefold nested cross-
validation8 (not non-nested cross-validation?; see Appendix E1). For each patient, each
model estimated the probability of operative mortality, ranging between 0 to 1. This nested
cross-validation approach resulted in distinct training, validation, and test sets, such that
the same subjects are never used for training and evaluation of models. Discrimination

and calibration performance on either cross-validated test set or external cohort data

was determined via plotting receiver operating characteristic (Figure 1) and precision-
recall curves (Figure E1) and computing a variety of metrics. Probability calibration was
performed via Platt scaling; if calibrated probabilities achieved expected-to-observed event
(E/O) ratios and calibration slope (CS) was closer to 1 than uncalibrated probabilities; the
former instead of the latter were used for the calculation of metrics and plots (Figure 1).10
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Model performance is reported as median (lower bound-upper bound) using 95% confidence
intervals (Table 2). Model performance was estimated and compared by bootstrapping
(sampling with replacement) estimated probabilities of test set data 10,000 times. Features
were ranked according to absolute variable importance or coefficient, from highest to lowest
(Table 3). Detailed methodology is in Appendix E1.

External validation.—External validation was performed by using models trained on
patients from MGH to estimate mortality risk on data sets from BWH and JHH. Institution-
specific risk models were also trained and assessed on BWH and JHH cohorts using the
nested cross-validation method as previously described.

Parsimonious model.—To evaluate discriminative performance versus number of top
variables, logistic regression risk and calibration models were trained on MGH “other”
case types using forward feature selection to select a smaller subset of variables. To

assess external validity, these parsimonious models were applied to BWH and JHH cohorts.
Additional details are in Appendix E1.

All Models Achieve Similar Performance for Models Trained and Evaluated at MGH

Discriminative performance of LogReg (area under receiver operating characteristic curve
[AUC], 0.82; E/O, 1.00) was comparable with SVM (AUC, 0.82; P=.36; E/O, 1.00), RF
(AUC, 0.83; P=.09; E/O, 1.00) and XGBoost (AUC, 0.82; P=.80; E/O, 0.99; Table

2). Across models, the most predictive variables of operative mortality for patients who
underwent cardiac surgical procedures that did not have STS risk scores were cardiogenic
shock and clinical status (elective, urgent, emergent, emergent salvage; Table 3). Receiver
operating characteristic curves and calibration plots are shown in Figure 1.

Risk Models and ML Methodology Generalize to Cohorts From 2 Different Institutions

We assessed the generalizability of the 4 MGH-trained predictive models using STS data
from BWH and JHH (Table 2). For BWH cases, the highest AUC was 0.81 (RF). For JHH
cases, the highest AUCs were 0.79 (Log-Reg/RF; Table 2). For BWH-specific risk models
trained on BWH data and JHH-specific risk models trained on JHH data, LogReg/RF/
XGBoost had the highest AUCs of 0.81 and 0.82, respectively (Figure 2).

For BWH, AUCs were not significantly different for all models trained on BWH data,
compared with models trained on MGH data (Table 2). For JHH, however, AUCs were
significantly higher for models trained on JHH data, compared with models trained on MGH
data (Table 2). Full classification performance metrics of each model are presented in Tables
E5-EOQ.

A Parsimonious Model Selects a Subset of Variables and Maintains Good Discriminatory
Performance and Calibration

To assess the relationship between number of predictive variables and performance, we
trained a parsimonious model on the other case types at MGH using a subset of variables
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selected via forward feature selection. The mean AUC across test set data reached an
asymptote at 0.82 with 8 variables (Figure 3, A, Table 4). The model achieved similar
discrimination but was less well calibrated than the nonparsimonious models, with a Brier
score of 0.05, CS of 1.34, and E/O of 0.77. When this parsimonious model was externally
validated on the BWH and JHH cohorts, the AUCs were both 0.79 (Figure 3, B-C). The CS
was 1.25 and E/O was 0.88 in the BWH cohort, but the CS was 1.63 and E/O was 0.57 in the
JHH cohort.

DISCUSSION

This study shows novel risk classification and probability estimation models for
heterogeneous cardiac surgical procedures. Furthermore, we show institution-specific risk
predictions by training and applying these models to institution-specific data, which

could improve the accuracy of preoperative informed consent. Such an approach provides
clinicians with new tools to stratify risk and facilitate clinical decision-making across

the full spectrum of cardiac surgical procedures. This might prove valuable in selecting
recommendations among interventional options, a particularly important issue in the current
era with the rapid development of multiple complementary treatment modalities including
open and catheter-based technologies. It will also enable quality assessment and quality
improvement efforts focused on these complex procedures.

There are many advantages to models trained on the national STS database, which are
designed for frequent cardiac surgical procedures, such as CABG surgery, valve surgery, or
both. Our intent was not to directly compare to the national STS models. In this present
study, we focused specifically on procedures with no STS risk scores. The published
performance for the STS risk models, however, can serve as a useful benchmark of ballpark
performance for this work. The STS risk models have a summary AUC of 0.77 in a
meta-analysis of 22 studies!! and AUC of 0.75-0.79 (STS 2008 model) to 0.76-0.80 (STS
2018 model).2 Our models achieved a highest mean AUC of 0.83.

The top 5 variables that predicted operative mortality differed slightly according to model
and institution. However, the most consistent top variables across model and institution
were cardiogenic shock and clinical status (Table 3). Accurately predicting postoperative
outcomes and identifying factors that affect mortality influence postoperative management
by affecting the threshold to perform additional tests or interventions in patients predicted to
be at high risk of mortality. Furthermore, in this era of advanced temporary mechanical
support, these data might inform discussions and decision-making regarding type and
duration of such support.

Institution-specific risk models are also a potentially powerful application of our approach.
Additional variables, even if not recorded in the national STS database, could be added to

a local institutional database, and models can be retrained on these data to investigate if

such variables contribute to risk prediction. We have shown a flexible platform for prediction
that, with enough cases, can incorporate institution-specific and surgeon-specific “intuition”
about planned procedures. The institution-specific risk models described herein enable such
modifications to existing national risk models. This approach can also be used to train
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models for a smaller subset of procedures (eg, procedures performed by each surgeon at an
institution), larger superset of procedures (eg, in the national STS), or a specific group of
procedures (eg, aortic procedures).

Benefits of Plurality of Models, Different Performance of Models, and Selection of the
Optimal Model for the Specific Institution

Because of the ubiquity of linear models in surgical outcomes research, in particular logistic
regression,12 we used a logistic regression model with elastic net regularization (LogReg), as
a baseline model against which to compare a linear model (SVM) and 2 nonlinear models
(RF/XGBoost). The current STS calculator uses logistic regression.2 The best model might
differ from institution to institution, in a different subset or superset analysis, or if other
variables are used. This highlights the importance of rigorously evaluating more than 1
model because of heterogeneity of data, variables, and patient case mix of each institution.

Generalizability of the MGH model.—We applied MGH-trained models to predict
operative mortality for BWH and JHH cohorts. The MGH-trained XGBoost risk model
achieved the highest or comparably highest AUCs for BWH and JHH. The performance
of all 4 models trained on BWH data was similar to models trained on MGH data and
applied to the BWH cohort. However, for JHH, LogReg and SVM maodels trained on JHH
data significantly outper-formed models trained on MGH data and applied to the JHH
cohort. These results suggest institution-specific risk models can sometimes outperform a
general model applied to a cohort from a different institution. However, the differences

in performance are small, suggesting our cross-validation approach prevents models from
overfitting to data on which they were trained, and enables generalization to cohorts from
other institutions. On the flip side, the fact that RF and XGBoost models trained in MGH
perform equally well when applied on another institution in another state (JHH), shows
the potential superiority of tree-based methods in capturing complex interactions between
variables compared with simpler models like LogReg and SVM.

Parsimonious model.—Compared with the model trained on all preoperative features, a
parsimonious model using 7 features selected via forward feature selection achieved lower
discriminative performance and underestimated mortality (MGH, JHH), compared with

the full models. However, a parsimonious model with fewer variables might help predict
operative mortality in scenarios in which limited patient data are available and might provide
an easy-to-use screening risk calculator for busy clinicians who cannot curate and enter

the full set of STS input variables. The variables selected via forward feature selection
overlapped with the most predictive features as ranked in the models developed using the
full set of variables.

Discrimination versus calibration.—For clinical applications, prediction models
should have adequate (1) discrimination (eg, they can be used to discern between patients
who will have vs will not have an event), and (2) calibration (eg, they accurately predict
absolute risk).13 To assess discrimination of our binary classifiers, we report receiver
operating characteristics and their associated AUCs (also known as “c-statistic™). To assess
calibration, we report calibration curves (actual vs estimated risk), CSs, and E/O ratios.
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We also performed Platt scaling® on the final predicted probabilities if doing so improved
the aforementioned calibration metrics. We found the discriminatory ability of our models
to be on par, if not better than, reported risk prediction models in postoperative outcomes
literature. Moreover, the calibration of our models before Platt scaling was excellent in all 3
cohorts, meaning on average, across many different risk groups, the estimated posterior
probability of postoperative mortality equaled the actual prevalence of mortality. One
exception was RF, which, even after Platt scaling, slightly underpredicted mortality in
lower-risk patients and slightly overpredicted mortality in higher-risk patients. We note the
importance of calibration in the context of a surgeon discussing surgery with a patient.

Label imbalance.—In the MGH cohort, 424 mortality events occurred (5.5%) of

7745 cases (Table 1). This imbalance in labels can pose a challenge to the training of
supervised learning algorithms. Because of the low prior probability of the outcome in

the minority class, models can be biased toward the majority class, perform poorly for

the minority class, yet achieve high overall accuracy.141° To investigate if label imbalance
detracted from model performance, we implemented the synthetic minority oversampling
technique to generate synthetic new training samples for the minority class by randomly
interpolating between existing minority samples and their neighbors.16 This method can
improve performance in the setting of label imbalance, but it did not in our experiments
across a variety of classification metrics including area under the precision-recall curve
and geometric mean of the sensitivity and specificity scores (data not shown). The lack of
improvement conferred by the synthetic minority oversampling technique suggests patients
in the minority class are sufficiently close to each other in the high-dimensional feature
space and sufficiently far from patients in the majority class for the decision boundary

to be adequately learned, despite the imbalance of labels. This is also consistent with the
consistent discrimination performance achieved by models trained at MGH and applied to
BWH and JHH data. Other methods have been developed to more robustly train models
using imbalanced data, and the application of these techniques to improve the prediction of
cardiac surgical outcomes is an important area of future work.1718

Study Limitation

In this study, we trained and evaluated 4 supervised ML algorithms (LogReg, SVM, RF,
and XGBoost). Other ML algorithms can be used to predict operative mortality of patients
who undergo cardiac surgeries that lack STS risk scores, including but not limited to
multilayer perceptron,1® K-nearest neighbors, naive Bayes classifier, quadratic discriminant
analysis, and adaptive boosting,2° but are beyond the scope of this present study. Another
limitation of this study is that we only used variables that were clinically meaningful in

the STS models version 2.9, the STS classification that was current at the time of the
work.® Additional variables in the newer STS version 4.20, or other confounders that are not
recorded in these variables, might affect the prediction of operative mortality after cardiac
surgery. This is reflected in slight differences in external validation results at 2 different
hospitals in different states.

J Thorac Cardiovasc Surg. Author manuscript; available in PMC 2024 January 01.



1duosnue Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Ong et al. Page 8

CONCLUSIONS

We developed well calibrated risk models to predict operative mortality of patients who
undergo procedures for which risk scores have not yet been developed (Figure 4). Another
contribution is validation of these methods and models, using data from multiple institutions.
To enable our systematic approach to model-building at other institutions, we make our code
publicly available to readers who might wish to develop risk prediction models calibrated to
their own data.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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MGH Massachusetts General Hospital

ML machine learning

RF random forest
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SVM support vector machine
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CENTRAL MESSAGE

Machine learning models can predict operative mortality at a high level of accuracy for
cardiac surgical procedures without STS scores.
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PERSPECTIVE

Accurate risk assessment before cardiac surgery is essential but current models are
limited to a subset of frequently performed procedures. We used supervised machine
learning to predict operative mortality for an expanded set of cardiac surgical procedures
without STS scores.
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FIGURE 1.

Receiver operating characteristic (A) and calibration curves (B) of mortality risk models
for cardiac surgical procedures without Society of Thoracic Surgeons risk scores at the
Massachusetts General Hospital using preoperative variables. AUC, Area under the receiver
operating characteristic curve; C/, confidence interval.

J Thorac Cardiovasc Surg. Author manuscript; available in PMC 2024 January 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnue Joyiny

1duosnuely Joyiny

Ong et al. Page 14

&

7

Machine Learning

s

Elastic-Net Support Vector
Logistic Regression Machine
) ‘ dmilc

JQ& ¥\ XGBoost

Random Forest XGBoost

FIGURE 2.
Machine learning can accurately predict mortality for procedures without STS scores.
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Logistic regression
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Logistic regression
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T
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Parsimonious model trained on subset of preoperative variables from the Massachusetts

General Hospital (MGH, A, top variables, receiver operating characteristic and calibration
curves shown). MGH-trained model applied to the Brigham and Women’s Hospital
(BWH) cohort (B) and the Johns Hopkins Hospital (JHH) cohort (C); receiver operating
characteristic and calibration curves shown. AUC, Area under the receiver operating
characteristic curve; C/, confidence interval.
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FIGURE 4.

accuracy for these procedures.

Machine learning (ML) models can predict operative mortality at a high level of accuracy
for cardiac surgical procedures without established risk scores. MGH, Massachusetts
General Hospital; BWH, Brigham and Women’s Hospital; AUC, area under the receiver
operating characteristic curve; XGBoost, extreme gradient boosted trees.
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TABLE 4.

Preoperative variables added via forward feature selection to parsimonious model trained on MGH others
cohort

Rank Mean AUC * SD Variable

1 0.69 +0.04 Elective procedure

2 0.75+0.04 Last creatinine level

3 0.78 £ 0.04 Urgent procedure

4 0.79 £ 0.04 Previous cardiovascular interventions
5 0.8+0.03 Heart failure

6 0.81+0.03 Chronic lung disease

7 0.81+0.03 Inotropes within 48 h

8 0.82 +0.03 Sex

9 0.82£0.03 No significant coronary obstructive disease
10 0.82+0.03 Cardiogenic shock

The variable at a given rank indicates a logistic regression model trained with this variable as well as all previous variables (eg, rank 3 indicates a
model was trained with the “urgent procedure,” “last creatinine level,” and “elective procedure” variables) that achieved the highest AUC compared
to any other set of that number of variables. AUC, Area under the receiver operating characteristic curve; SD, standard deviation.
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