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Abstract
Background: Current Society of Thoracic Surgery (STS) risk models for predicting outcomes of
mitral valve surgery (MVS) assume a linear and cumulative impact of variables. We evaluated
post-operative MVS outcomes and designed mortality and morbidity risk calculators to
supplement the STS risk score.
Methods: Data from the STS Adult Cardiac Surgery Database for MVS was used from 2008-
2017. The data included 383,550 procedures and 89 variables. Machine learning (ML) algorithms
were employed to train models in order to predict postoperative outcomes for MVS patients. Each
model’s discrimination and calibration performance were validated using unseen data against the
STS risk score.
Results: Comprehensive mortality and morbidity risk assessment scores were derived from a
training set of 287,662 observations. The Area Under the Curve (AUC) for mortality ranged from
0.77 to 0.83, leading to a 3% increase in predictive accuracy compared to the STS score. Logistic
Regression and eXtreme Gradient Boosting achieved the highest AUC for prolonged ventilation
(0.82) and deep sternal wound infection (0.78 and 0.77) respectively. EXtreme Gradient Boosting
performed the best with an AUC of 0.815 for renal failure. For permanent stroke prediction all
models performed similarly with an AUC around 0.67. The ML models led to improved calibration
performance for mortality, prolonged ventilation, and renal failure, especially in cases of
reconstruction/repair and replacement surgery.
Conclusions: The proposed risk models complement existing STS models in predicting mortality,
prolonged ventilation, and renal failure, allowing healthcare providers to more accurately assess

a patient’s risk of morbidity and mortality when undergoing MVS.



Abbreviations Table:

Abbreviations

Meaning

ACSD
ARDS
AUC
CART
IABP
Log.Reg
L-OCT

ML
MVS
OCT

RF
ROC

SD

STS

XGBoost

Adult Cardiac Surgery Database
Adult Respiratory Distress Syndrome
Area Under ROC Curve
Classification and Regression Trees
Intra-Aortic Balloon Pump procedure
Multivariate Logistic Regression

Multivariate Logistic Regression with
Optimal Classification Trees

Machine Learning
Mitral Valve Surgery
Optimal Classification Trees
Random Forest
Receiver Operator Characteristic
Standard Deviation
Society of Thoracic Surgeons

eXtreme Gradient Boosting




Introduction

Risk stratification has become a critical element in the practice of cardiac surgery, including mitral
valve surgery (MVS), due to the risk of death and morbidity from intraoperative and postoperative
complications.! 2 The risk/benefit ratio of surgery is sometimes difficult to predict and the decision
to proceed with surgery on an individual basis can be complex.® Achieving a better understanding
of preoperative risk factors and their interactions is key to reducing morbidity and mortality from
MVS.*

The Society of Thoracic Surgeons (STS) Adult Cardiac Surgery Database (ACSD) and its risk
calculator have been the state-of-the-art risk model for predicting operative mortality and morbidity
after adult cardiac surgery since the early 1980s.* This model is used by physicians and patients
as a tool for understanding the possible risks of surgery. As of November 15, 2018, in response
to evolving changes in patient characteristics, risk profiles, surgical practice, and outcomes, the
STS released an updated short-term risk calculator.® ©

Even though the new calculator incorporates updated and richer datasets, it is still based on
traditional statistical methods.” While useful, it assumes that the variables in the model interact in
a linear and additive fashion. The mathematical and medical realities, however, suggest that the
interaction of risk factors and markers of disease acuity may be far from linear, and that some
variables gain or lose significance due to the absence or presence of other variables (see example
in Supplemental Material).® °

Over the past years, the rapid increase of computational power has allowed the implementation
of linear algebraic data analysis technigues. It has also led to the development and widespread
use of more complex statistical algorithms that are called machine learning (ML) methods. ML
algorithms use large datasets to establish powerful predictive models. Prior research has
demonstrated their success in various segments of the medical field, including cardiac surgery.'®
13 Several studies have shown the superiority of ML methods over traditional logistic regression

methods, such as the STS risk model.14-16



In this paper, we combine big data from the well-validated, national ACSD with ML to design and
test multiple risk calculators for predicting MVS mortality and morbidity. We present a combination
of linear and non-linear methods that deliver higher accuracy than the latest STS model. We
provide a quantitative comparison of their discrimination and calibration performance as well as

a tree-based application amenable to automatic integration into electronic health records (EHR).

Materials and Methods

Sample Population
We used the STS ACSD database for the years 2008-2017 including only those patients
undergoing isolated MVS (annuloplasty, reconstruction/repair, replacement) which accounted for
383,550 entries. Patients that had other concomitant procedures were excluded. All preoperative
variables were used to design and train our models, while postoperative endpoints, such as
mortality, are presented as the outcomes predicted. Our dataset included the following types of
surgery MVS: (1) Mitral Valve Replacement (170,542 observations), (2) Complex Mitral Valve
Reconstruction/Repair (176,740 observations), and (3) Mitral Valve Annuloplasty Only (36,268
observations).
For each model 287,662 (75% of the observations) patients were leveraged for model derivation
and algorithm training and 95,888 (25% of the observations) were used for model testing and
validation.
Data bootstrapping was used to ensure that the reported performance is not due to a single
random split of the data, remaining consistent across multiple data partitions. Five random splits
of the data were conducted to ensure statistical significance of model performance. At each
random split, data were partitioned in training and testing sets. Each model's performance was
evaluated on the testing set for the specific data split (see Supplemental Figure 1). The training
and testing cohorts were not mixed at any point during the process. At each split, the same data

partition was used for all outcomes of interest. The random splitting of the data resulted in



variances in the outcome incidence rates among the two populations. The observations in the
testing set were filtered a posteriori to those for which the STS risk score was available allowing
direct comparisons to the ML models.
Outcomes
We include five endpoints; Mortality, Prolonged Ventilation, Renal Failure, Deep Sternal Wound
Infection, and Permanent Stroke. All endpoints are in line with the STS risk model definitions'’.
Detailed descriptions are available in the Supplemental Material. Table 1 describes the outcome
rates on both the training and testing set.
Predictor Variables

The original dataset includes over 300 demographic and preoperative variables from versions
2.61, 2.73, and 2.81 of the STS database (Supplemental Table 1). Each variable was defined the
same as the STS database. Discrepancies in the definitions of variables corresponding to different
versions of the database had been consolidated by the STS in the provided dataset. We kept
numerical variables, such as laboratory results, in their raw numeric form. The variables used to
design our predictive models are collected on each visit of a patient for MVS and can be grouped
into Demographics, Medications, and Medical Data Risk Factors. Patient sociodemographic
characteristics included age, sex, and race. We included all variables that are present in the STS
Risk Score Calculator,>® as well as additional variables, not part of the STS calculator, such as
the systolic diameter of the left ventricle, presence of tricuspid valve disease, and pulmonary
hypertension, as defined in the STS database. Higher proportion of missing values were
systematically found in variables that were not consistently recorded in all versions of the data.
We included all risk factors that are present in the existing STS score. New variables were
incorporated for which at most 30% of their values were present. The final processed dataset

comprises 89 features. A full list can be found in Supplemental Table 1.



Missing Data Imputation
Missing values were imputed using a recently developed and novel machine-learning method
called Optimal Impute*8. This approach has been shown in multiple real-world datasets to lead to
significant improvements in prediction accuracy compared to classical missing values imputation
methods, including multiple imputation with chained equations.%22 Further information regarding
the missing data imputation process is provided in the respective section of the Supplemental

Material and at Supplemental Tables 2-3.

Predictive Methods
We employed a collection of well-established ML methods for binary classification predicting both
the mortality and morbidity outcomes; Multivariate Logistic Regression (Log.Reg), Random Forest
(RF), eXtreme Gradient Boosting (XGBoost), Optimal Classification Trees (OCT), and a
combination of multivariate Log.Reg and OCT (L-OCT) (see the Supplementary Material for
further details)?®28. Grid search was applied to tune the model parameters, so as to avoid
overfitting. Specifically, for every algorithm a set of potential values was defined for each
parameter that needed to be tuned. Every potential combination of these values was evaluated
using K-Fold cross validation and the one with the best performance was selected. The
Supplemental Material provides a more detailed description of the grid search and k-fold cross
validation processes. Once the parameters were chosen, each model was trained on the entire
training set and evaluated on the testing set. See Supplemental Table 4 for a detailed list of the

tuned parameters.

Measurement of Model Performance
Data bootstrapping resulted in multiple models for each combination of endpoint and binary
classification method (see Supplemental Figure 1). Specifically, data was partitioned five

independent times in the derivation and validation cohorts, six algorithms were applied, and five



outcomes were measured, resulting in 150 models. We report the average model performance
for every metric across all random data splits, outcomes, and algorithms. Randomization allowed
us to calculate confidence intervals along our evaluation metrics and test whether the reported
results are statistically significant.

The model performance was measured in the testing datasets, and compared against the STS
score. The ability of each model to discriminate between the outcomes of interest was measured
using the c-statistic, also known as the Area Under the ROC Curve (AUC). Receiver Operator
Characteristic (ROC) and calibration curves were derived to directly compare the STS model and
the best performing ML model for each type of surgery and outcome. Additional precision recall,
ROC, and calibration curves were also created to compare the sensitivity, specificity, and

precision of each algorithm for all tasks.

Interactive Application for Interpretability
A dynamic online and phone application was developed as the user-friendly interface of the
models for direct use by providers. The application presents the results in the form of an
interactive questionnaire. A user, dealing with a specific MVS patient, is initially prompted to select
an outcome of interest. The user is then asked a series of questions about the presence or

absence of certain preoperative variables. Figure 1 provides a visualization of the interface.

Ethical Oversight

Institutional Review Board approval for the study was obtained.

Results
The mortality and renal failure outcomes are present in 6.34% and 6.15% of the overall cohort
respectively. A smaller proportion of patients experience deep sternal wound infection (0.20%)

and permanent stroke (2.18%) after the surgery. On the contrary, 20.66% of the observations



were associated with prolonged ventilation. 53.85% of the sample population is male. The mean
(SD) of age is 64.76 (13.06). The majority of the population included in this study is Caucasian
(83.67%). The mean patient height and weight are 169.87 (11.36) cm and 80.89 (19.68) kg
respectively. Supplemental Table 5 provides an overview of the primary risk factors considered
for each model.

Table 2 summarizes the average discrimination performance of each model for all considered
outcomes across five data partitions, compared to that of the STS predictions. For all tasks, except
deep sternal wound infection, XGBoost is the model with the highest performance with Log.Reg
being either at the same level or slightly worse (see also Supplemental Table 6). For the mortality
outcome, Log.Reg along with XGBoost have the highest c-statistics of 0.825 and 0.826
respectively, outperforming OCT (0.787), RF (0.77), and the STS c-statistic (0.796). L-OCT
achieves a c-statistic of 0.809 on this task, higher than the STS and, at the same time, more
interpretable than XGBoost. Similarly, for predicting prolonged ventilation, Log.Reg and XGBoost
were again the best with c-statistics of 0.817 and 0.818 respectively. L-OCT was associated with
slightly worse performance (0.808) along with OCT (0.792), again outperforming the STS score
(0.788). For renal failure, XGBoost performed the best with a c-statistic of 0.815. All other
methods’ AUCs were up to two percentage points lower except RF which performed significantly
lower (0.745). In the prediction of deep sternal wound Infection (0.15% incidence rate), XGBoost
and Log.Reg were again the best (0.784 and 0.771 respectively) outperforming all other methods,
including the STS (0.75). Finally, for the prediction of permanent stroke all models, performed
similarly, with a c-statistic around 0.67. ROC and precision and recall curves are presented in
Supplemental Figures 2-3.

In Figure 2, we focus our analysis on direct comparisons of the discrimination performance of the
STS risk score and the best performing ML method for each outcome and type of MVS surgery.
Notice that for the cases of reconstruction/repair and replacement the ML model outperforms the

STS model across all tasks, other than the case of permanent stroke where the curves are almost



identical. Nevertheless, our analysis shows that for annuloplasty only the STS has a more
accurate model with respect to deep sternal wound infection and an equivalent one for permanent
stroke. For all other outcomes, ML provides a more accurate estimation model.

Figure 3 depicts the respective results in terms of calibration performance. Generally, we notice
that the best ML model tends to overestimate the actual risk while the STS underestimates the
observed outcomes. For the outcome of deep sternal wound infection, ML is better calibrated for
reconstruction/repair and replacement surgeries but has poorer performance in the cases of
annuloplasty. For the outcomes of mortality and renal failure, ML provides a clear edge over the
STS across all types of surgery while the calibration results seem equivalent for the events of
permanent stroke and prolonged ventilation. Supplemental Table 7 and Supplemental Figure 4
present additional calibration results related to all ML methods considered.

Our analysis showed the key risk factors for the outcomes considered. Supplemental Table 8
displays the most significant variables for the Log.Reg models. Figure 4 shows the most important
risk factors for the XGBoost models.

We were able to gather insights from the OCT models, as only a small subset of the variables is
used in the determination of a patient’s risk profile. Figure 5 shows an example of a mortality
prediction model using the OCT algorithm. It provides simple predictions about future outcomes
of MVS patients with comparable performance (mortality: 0.787, prolonged ventilation: 0.794) to
the STS model (mortality: 0.796, prolonged ventilation: 0.788). With at most four questions, the

user is able to estimate the final risk.

Conclusions

Discussion
To the best of our knowledge, we present one of the first studies to use advanced ML methods
for the prediction of surgical risk in terms of both mortality and morbidity in the context of MVS2°.

Leveraging 10 years of data from the STS ACSD database, we developed clinically actionable

10



prognostic tools for mortality and morbidity prediction using well-established binary classification
algorithms to shed light on the calculation of risk. The proposed models lead to better
discrimination and calibration performance compared to the existing STS risk calculator in terms
of predicting mortality, prolonged ventilation, and renal failure, and especially in cases of
reconstruction/repair and replacement surgery. Combining the power of big data from the largest
national database and the innovative logic of ML, we have designed new models that offer some
advantages of being evidence-based, non-linear, interactive, and amenable to direct medical
application.

Our results highlight that the nature and prevalence of certain variables may significantly impact
the accuracy of the predictive models in a uniform way. Our analysis demonstrates that mortality
is easier to predict compared to the occurrence of permanent stroke across all methods
considered. This might be due to the higher frequency of death after an MVS procedure versus
permanent strokes or deep sternal wound infection, empowering the algorithms with a higher
number of cases where the adverse event was observed. In tasks of low incidence rate, the nature
of the outcome might affect the accuracy of the models and their downstream performance. Deep
sternal would infection is generally more predictable than permanent stroke even though itis more
rarely observed.

Ensemble adaptive methods such as XGBoost outperform the rest of the models, providing a
significant edge over the baseline STS model. We also note the high accuracy of the Log.Reg
models that are comparable to XGBoost in all of the endpoints other than renal failure. Assuming
an additive relationship between independent covariates, Log.Reg is able to provide high quality
predictions. The STS risk models use Log.Reg. Thus, the superior performance of our models
could be due to the newly added variables, the missing data imputation methods, or the tuning
process of the hyperparameters. OCT, as a standalone method, achieves equivalent performance
when compared to the STS risk calculator. Combining two of the most accurate and interpretable

methods in the L-OCT models resulted in models that achieved both high performance and
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transparency. Thus, due to their interpretable nature, we recommend the use of Log.Reg or L-

OCT in all endpoints where their performance is comparable to XGBoost.

The latter characteristic has become of critical importance to the ultimate success of ML models
in the medical field. Even though there has been a significant increase in the number of
publications that leverage artificial intelligence and ML in medical applications, there has been
minor integration of those applications into the healthcare system.3® Unless the models provide
actionable insight and guidelines for a clinician, they may not achieve any meaningful impact.3?
The FDA (2017) validated such concerns by mandating the use of interpretable ML models when
it comes to medical decision making.??

For this reason, we focused our efforts on building the L-OCT models and a corresponding user-
friendly tool for practitioners. Known findings that appeared as branching nodes in Figure 4
include the age of the patient > 72.5 years or the effect of an intra-aortic balloon pump (IABP). In
this model, creatinine levels play a significant role in the determination of mortality risk as high
values above 1.5 are associated with a mortality risk of 11.64%. Moreover, the mortality model
distinguishes between different types of surgery indicating that mitral valve replacement
operations are riskier (4.49%) than annuloplasty or mitral valve repair (1.76%). In addition, ML
resulted in more accurate and better calibrated models for mitral valve reconstruction/repair and
mitral valve replacement. To the contrary, in the case of only annuloplasty for the outcomes deep
sternal wound infection and prolonged ventilation, the STS risk score remains better calibrated
compared to the most accurate ML model.

Our efforts were subsequently focused on yielding actionable insights from other models such as
Log.Reg and XGBoost. Our results show that age is consistently considered important, other than
the case of deep sternal wound. For this morbidity, the last Hemoglobin Alc level plays the most

significant role for the risk determination. Our results reveal the role that an IABP plays in terms
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of outcome, signifying a sicker cohort of patients that require higher degree of attention and
support.

We improve the AUC and calibration of the OCT when we create Log.Reg models for each leaf
of the tree (L-OCT). An independent Log.Reg model is derived for all patients that had an IABP
procedure with baseline risk of 25.79%. Similarly, separate Log.Reg models were developed for
patients who did not undergo an IABP placed with creatinine levels >1.5. This model combines
the tree-based structure of OCT with the traditional Log.Reg method, rendering accurate and
personalized estimations of risk.

Limitations

Central to the limitations of our study lies in the fact that the power of machine-learning prediction
depends on the accuracy and comprehensiveness of the data it uses, in this case the ACSD.!?
As such, systematic biases resulting from the ACSD data collection methodology and its changes
over the years of data collection might exist. Another limitation refers to causality between the
variables and the outcomes, which is still not proven despite the high degree of connectivity
between the two. Therefore, interpretability and actionability on the relevant variables remains
controversial. The ML models created in this study confirm medical insights that have been
previously discussed in the medical literature. The most predictive risk factors identified by the
ML models would need to be taken into consideration in conjunction with the results from the
Log.Reg models, the STS Risk Score, and prior relevant findings of the medical literature. In
addition, we believe that only by including new variables in the data, that have not been previously
measured, will we be able to uncover new interactions between the risk factors. Moreover,
outcomes with limited incidence such as deep sternal wound infection remain challenging
endpoints for these advanced methods. Concomitant procedures during the MVS were not
considered in our analysis. The inclusion of more cases in the future may result in stronger
performance. The sensitivity and accuracy results of the non-linear algorithms, such as XGBoost,

were slightly compromised compared to AUC since the cross-validation procedure was optimized
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based on the latter metric. Future research could focus on a retrospective external validation of
the models with new observations from subsequent years that were not included in this study.
The proposed models would need to be validated with more contemporaneous entries of the
database and with the most recent version of the STS risk score. Another direction could be the
direct comparison of ML algorithms to the existing STS score without the inclusion of new
features. Such an approach would be able to quantify the exact benefit of ML in the MVS risk
prediction task.

ML methods are able to provide more accurate risk prediction models compared to the existing
STS risk calculator in terms of predicting mortality and some morbidity for MVS, especially for
more complex mitral valve operations such as mitral valve reconstruction/repair and replacement.
Our results confirm the fact that the use of artificial intelligence in the field of medical prediction
can be enhanced by incorporating interpretable, user-friendly tools which clinicians can

understand and incorporate in practice.
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Figure Legends:

Fig.1: Example of the MVS mortality and morbidity risk calculator’s interface.

Fig.2: The ROC curves for the STS risk model and the best performing ML method according to
the AUC metric for all outcomes and types of surgery.

Fig.3: The calibration curves for the STS risk model and the best performing ML method
according to the AUC metric for all outcomes and types of surgery.

Fig.4: Top 10 important predictors of each outcome selected by the XGBoost algorithm. The
average information gain in gini indices is illustrated across five splits of the data.

Fig.5: The OCT model for mortality risk within 30 days from MVS.
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Tables:

Table 1: Postoperative outcomes on the training and testing sets. Note that the results remain

the same across all five random splits of the data as outcome stratification is used.

Overall Cohort

Sample Size Training Set Testing Set
Total Observations 383,550 287,661 95,889
Deaths 24,331 (6.34%) 20,161 (7.00%) 4,170 (4.34%)
Prolonged Ventilation 79,254 (20.66%) 63,867 (22.20%) 15,387 (16.04%)
Renal Failure 23,584 (6.15%) 19,125 (6.64%) 4,459 (4.65%)
Deep Sternal Wound 755 (0.20%) 607 (0.20%) 148 (0.15%)
Permanent Stroke 8,362 (2.18%) 6,495 (2.25%) 1,867 (1.94%)
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Table 2: AUC and 95% Confidence intervals (Cl) for all methods and outcomes as measured in
the validation population (testing set). P-values were calculated using the DelLong statistical test

comparing the AUC of each ML model with the STS score for all tasks. All results are averaged

across five different splits of the data.

Mortality Prolonged Ventilation

Mean Cl: 95% veﬁue Mean Cl: 95% vaﬁue
STS Score 0.796 (0.794, 0.8) NA  0.788 (0.786, 0.79) NA
Log.Reg 0.825 (0.823, 0.828) 0.001 o817 (0.816,0.819)  0.001
XGBoost 0.826 (0.824, 0.829) 0.001 0.819 (0.818,0.82)  0.001
RF 0.77 (0.767, 0.774) 0.995  0.806 (0.805,0.808)  1.000
OCT 0.787 (0.784, 0.792) 0.995 0,792 (0.789,0.797)  0.037
L-OCT 0.808 (0.807, 0.811) 0.001 0.808 (0.803,0.814)  0.001

Deep Sternal Wound Infection Permanent Stroke

Mean Cl: 95% valljlue Mean Cl: 95% v:flue
STS Score 0.7507 (0.741, 0.761) NA 06798  (0.673,0.687) NA
Log.Reg 0.784 (0.774, 0.795) 0.032 0676 (0.67,0.682) 0812
XGBoost 0.771 (0.751, 0.791) 0.170 0.6808  (0.677,0.685)  0.422
RF 0.5208 (0.512, 0.53) 1.000 05752  (0.568,0.582)  1.000
OoCT 0.698 (0.669, 0.729) 0970 06525  (0.644,0.661)  1.000
L-OCT 0.723 (0.676, 0.77) 0.726 06713  (0.665,0.677) 0.987

Renal Failure

Mean Cl: 95% \Fjalue
STS Score 0.7909 (0.79, 0.792) NA
Log.Reg 0.798 (0.796, 0.802) 0.009
XGBoost 0.815 (0.812, 0.819) 0.001
RF 0.745 (0.742, 0.748) 1.000
OCT 0.789 (0.783, 0.795) 0.630
L-OCT 0.8086 (0.805, 0.813) 0.400
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Figures:

Optimal Trees Prediction Tool

N = 287661 PREDICT ALIVE; P = 92.99%
IABP

No -

N = 262248 PREDICT ALIVE; P = 94.81%

Creatinine Levels

1.2

N = 221840 PREDICT ALIVE; P = 95.99%
Age

70 s

N = 150646 PREDICT ALIVE; P = 97.08%

Mitral Surgery Type

Replacement v

N = 63865

Final Prediction

Outcome Probability

Alive 95.51%
Dead 4.49%

Figure 1: Example of the mitral valve surgery mortality and morbidity risk calculator’s interface.
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Figure 2: The
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ROC curves for the Society of Thoracic Surgeons risk model and the best

performing machine learning method according to the AUC metric for all outcomes and types of

surgery.
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Figure 3: The calibration curves for the Society of Thoracic Surgeons risk model and the best

performing machine learning method according to the AUC metric for all outcomes and types of

surgery.
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Figure 4: Top 10 important predictors of each outcome selected by the XGBoost algorithm. The
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average information gain in gini indices is illustrated across five splits of the data.



Predict Alive
p =92.99%

IABP
No Yes
Predict Alive Predict Dead
p=94.81% p =25.79%

Creatinine Levels

<1495 =>1.495

p = 95.99% p = 11.64%
Age
<725 2725

Predict Alive
p =97.08%

Mitral Surgery Type
Annuloplas
Repair Replacement

[ Predict Alive ] [ Predict Dead ]

Figure 5: The Optimal Classification Trees model for mortality risk within 30 days from mitral

valve surgery.
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