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Abstract: Comprehensive literature has been published on the development of digital health applications using machine learning methods in cardiovascular surgery. Many
machine learning methods have been applied in clinical decision-making processes, particularly for risk estimation models. This review of the literature shares an update on
machine learning applications for cardiovascular intervention (CVI) risk assessment. This study selected peer-reviewed scientific publications providing sufficient detail about
machine learning methods and outcomes predicting short-term CVI risk in cardiac surgery. Thirteen articles fulfilling pre-set criteria were reviewed and tables were created
presenting the relevant characteristics of the studies. The review demonstrates the usefulness of machine learning methods in high-risk CVI applications, identifies the need
for improvement, and provides efficient support for future prediction models for the healthcare system.
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1 INTRODUCTION

In our technology-driven world, developments in
digital transformation practices in the health field have
rapidly accelerated. Artificial Intelligence (Al) is integral
to this. Al refers to information technologies or models that
can mimic human intelligence. Machine learning (ML) is a
sophisticated subset of Al that employs a data-driven
approach to extract profound insights from cumulative
data, learning data behavior through an algorithmic
framework. The presence of big data has accelerated data
mining and expanded ML development into decision-
making processes in research areas that include
engineering, finance, management, and medicine [1-4]. Al
and ML applications in health science can be applied in
such sub-activity subjects as medical diagnosis and follow-
up, cost estimation, resource planning, and emergency
strategy management.

Health systems have expanding literature on machine
learning-based algorithms and their potential clinical
benefits in the diagnosis and treatment of diseases. Results
analysis using clinical data efficiently is of great
importance. ML methods for advancing fields such as
outcome  prediction, diagnosis, medical image
interpretation, and treatment in medical science, utilizing
large databases accumulated over time, are being
developed [5-8]. Although ML use has begun in different
segments of health systems to estimate by displaying
significant information and estimations from data
accumulation, few studies yet exist on its use in high-risk
surgical cardiovascular interventions (CVI) [9].

Cardiovascular disease (CVD) affects the heart or
blood vessels. Coronary artery disease (CAD), such as
angina and myocardial infarction, is a type of CVD usually
caused by atherosclerosis, an accumulation of plaque
inside the artery walls. If the accumulation causes a
blockage that narrows these vessels, a decrease in the blood
flow which supplies the heart could result in heart attack or
paralysis [10]. CAD is one of the most common causes of
death in the world, and has been reported to significantly
increase overall health care costs [11].

Coronary artery bypass grafting (CABQG) is a surgical
procedure to treat coronary artery disease that redirects
blood around a section of a blocked or partially blocked
artery in the heart. CABG is a high-cost, high-risk surgery

with a death rate of approximately 3-5% [12] and high
morbidity and loss of life (LoL) risks associated with
intraoperative and postoperative complications. Still,
CABG is the "gold standard" treatment for multi-core
coronary artery disease, especially for three-vein or left
main coronary artery disease, and remains the most
commonly applied heart surgery globally [11, 12].
Therefore, the risk analysis and the careful selection of
CABG candidates is essential for optimizing the
procedure's results.
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Figure 1 Basic workflow example of operative outcome prediction

Various risk classification models, such as the
European Cardiac Operational Risk Assessment System
(EuroSCORE) [15, 16] and Society of Thoracic
Surgeons (STS) score [17], are outcome prediction models
developed to support clinical decision-making following
cardiac surgery. The Euro SCORE is used to assess
operative risk, predicting in-hospital LoL following CVI.
The risk scoring systems such as EuroSCORE tend to
overestimate real risk, which may adversely affect clinical
decision-making, leading to unsuccessful interventions and
providing unrealistic information to patients and their
families [18, 19]. Risk prediction models play an important
role in the decision-making process and so demand the
evaluation of new methods with different and more
complex mathematical assumptions than previous
approaches [9]. Understanding operational risk before
CABG surgery allows both surgeons and patients to
participate effectively in treatment decisions [20].

Careful risk-benefit analysis and patient selection
optimize surgical results for adult patients with many
comorbidities, and the evaluation of operative risk in CVI
is increasingly emphasized. In addition to clinical
assessments, surgeons will have the potential to decide on
the best treatment plan for a particular patient, considering
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the risk rating generated by a prediction model. It has been
reported that effective cost policies and interventions are
urgently needed to achieve the world's sustainable
development goals and achieve a 30% reduction in early
deaths unrelated to infectious disease [21]. CVD is the
leading cause of death in the World Health Organization's
European Region, killing more than four million people a
year and more than 1.9 million people in the European
Union (EU); it will cost the EU economy an estimated 196
billion euros annually [22].

1.1 Related Work

Cardiovascular research throughout Europe is
progressing at an ever-increasing rate. It must be supported
with consistent, reliable, and regular funds to ensure that
research and clinical studies can continue. The British
Heart Foundation (BHF) provides about 100 million
pounds for new research annually, making it the largest
provider of cardiovascular research funds in Europe
outside the EU [22]. Aware of the urgent need for an
alternative risk estimation model, the Cardiothoracic
Surgery Association (SCTS) has approved the "Risk
Prediction in Adult Cardiac Surgery in the UK" project
conducted by the Alan Turing Institute. Funded by the
British Heart Foundation, this project uses machine
learning for accurate risk estimation for patients who have
undergone open-heart surgery and is [23]. Machine
learning and artificial intelligence for risk modeling in
heart surgery led researcher Arman Kilic at the Medical
University of South Carolina's Surgery Innovation Center
to develop predictive models that can be used to support
individualized patient care and clinical decision-making [9,
24-26]. The Thoracic Surgery Foundation Research Award
supported Kilic's work on the predictive benefit of the
machine learning algorithm in estimating the risk of LoL
in heart surgery [25]. These events emphasize the
importance of developing risk prediction models in
invasive cardiac surgery in scientific studies.

A meta-analysis comparing the accuracy of
discriminating ML models vs LR in predicting operational
LoL following heart surgery revealed that ML models were
more accurate in predicting operative LoL [27]. Scoping
research was conducted to evaluate the extent and potential
limitations of the use of ML in perioperative anesthetic
therapy, particularly in heart surgery patients. ML-based
prediction models behaved similarly to classic statistical
approaches [28]. In addition to their research to evaluate
the predictive efficacy of ML methods, Penny-Dimri et al.
[29] reviewed studies investigating adverse events as the
primary outcome, such as acute kidney injury, prolonged
mechanical ventilation, and LoL. They presented a
systematic analysis distinguishing between in-hospital and
30-day LoL.

There will be ongoing exploration of machine learning
approaches to data modeling that will feature larger
analyses and methods consisting of different algorithms.
Themethodological development of models must inform
future work in the development of risk estimation tools
following CVI. Consequently, this has motivated a
comprehensive examination of the methodologies behind
operative risk prediction models to facilitate the
widespread adoption of risk assessment tools in clinical

practice. This study explores the benefits reported from the
improved models and the areas needing improvement. For
this reason, this review of the literature determines the
scope and characteristics of the existing machine learning
practices used to predict operative risk after CABG. Unlike
related studies, this review focused on the kind of
operation, and papers assessing the operational Lol of
CABG patients were reviewed.

Our study concludes it is necessary to conduct
additional research to find the optimal algorithms for a
variety of prediction tasks. To minimize inefficiencies in
research requires careful planning and detailed records of
the methodologies used in model development and
validation.

The second section remaining in this document
describes our methodology, search strategy, and study
selection. The third section presents a comprehensive
examination of the models and the findings. The fourth
section summarizes study conclusions.

2 METHODOLOGIES
2.1 Literature Analysis

The literature research was compiled until 01
November 2022 using PubMed, Web of Science,
ProQuest, and IEEE Xplore databases. The search was
made in English without date and geography restrictions.
Search terms for keywords include "machine learning",
"risk estimation", "risk modeling", "mortality", "operative
mortality",  "coronary artery bypass  grafting",
"cardiovascular", "cardiovascular intervention", and "heart
surgery" or any combination of these. To estimate
mortality after CABG surgery, articles that do not focus on
machine learning-based studies have been excluded. Of the
full-text articles evaluated for eligibility, 13 publications
have been included in the review.

The extraction items list was based on the CHARMS
checklist and was revised following lengthy debate among
the authors [30-33]. Relevant features were extracted for
each article: type of cardiac surgery; age; sex (%); source
of data; the size of datasets; operative loss of life (%); type
of ML methods; several input variables; the processing of
missing data; validation model; the split ratio of training to
testing sample; type of statistical analysis; the area under
the receiver operating characteristic curve (AUROC). In
this study, AUROC, a generalization known as the C-
index, was utilized to give insight into the reciprocal
interactions of multiple models. In this review study, it is
considered that >0.7-<0.8 = acceptable value is
satisfactory for the interpretation of AUROC [28].

3 RESULTS AND DISCUSSION

Most risk-scoring systems were developed using a
biostatistical approach based on linear relationship
assumptions and a generalized linear model [34], and risk
classification scores were developed from coefficients
from the Logistic Regression (LR) analysis of a dataset
[35]. Because of its flexible interpretation structure and
low computational complexity, LR modeling is an
accepted approach to risk prediction models [36]. For
logistic regression, one of the generalized linear models,
the dependent variable is a linear combination of
independent variables applied to a nonlinear link function
[37].
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Table 1 Study features

Study Surgery Age Source of data Suzgit/(;ll) elz)r:tt;v/e%
Lippmann & Shahian [43] CABG not reported *STS 96.6
Tu et al. [44] CABG not reported Retrospective 97.0
On-pump 64.0 (10.4) training set % .
Chong et al. [46] CABG 63.3 (9.7) testing set Medical Health Record 92.5
. On-pump 45-60 (58.1%); 61-75 (39.5%) " .
Ghavidel et al. [49] CABG > 76 (2.4%): 63.4 Medical Health Record 96.2
CABG .
Nouei et al. [50] combined with other surgical 38.62 (10.18) survival group *Medical Health Record 96.7
61.82 (10.72) death group
procedure
60.4 (9.6) training set .
Mendes et al. [37] On-pump or off-pump CABG 61.1 (9.8) testing set Prospective 91.4
Jamaati et al. [51] CABG 57 all patients Prospective 87.8
combined with other surgical .
Nouei et al. [52] procedures were excluded 58.24 (9.74) survival group *Medical Health Record 96.5
CABG 62.07 (9.47) death group
Geltser et al. [41] CABG 63 all patients Retrospective 95.0
Huang et al. [42] CABG 71.27(4.78) survival group * NHIRD 39.1
getal 74.30 (5.60) death group :
= -
Mori et al. [53] CABG 65.3 (10.2) all patients STS Ad“]l)taszslgc Surgery 98.1
Khalaji et al. [54] CABG 67.34 (9.67) all patients Retrospective 97.2
= -
Zea-Vera et al. [55] CABG 65 all patients LO?iIZZEy/]\)iliitt)aCSa;dlac 98.0

CABG, Coronary Artery Bypass Grafting; NHIRD, National Health Insurance Research Database; STS, Society of Thoracic Surgeons; ACSD, Adult
Cardiac Surgery Database; * Retrospective

Table 2 Study methodological features

Study No. input variables Processu(lii t(;f fmissing Validation model | Split rate train:test Statistical analysis
33 categorical
. . variables mean Data splitting k-fold .
Lippmann & Shahian [43] . substitution or S 50:50 Chi square test
3 continuous L cross-validation
. statistical mode
variables
17 Data splitting and k- .
Tuetal. [44] categorical variables Not reported fold cross-validation 65:35 not reported
14 categorical Filling in the data
Chong et al. [46] Varlgbles (caF egorlcal; goded a.s Data splitting ‘ancl‘ k- 75:25 Root mean square error
4 continuous missing continuous; fold cross-validation
variables mean substitution)
40 categorical
. variables Missing excluded from | Data splitting and k- . Chi square test
Ghavidel etal. [49] 4 continuous the model fold cross-validation 70:30 Student t test
variables
. Pearson
Nouei et al. [50] 40 Missing excluded from Data splitting 70:30 Chi-square test
the model
Student t test
4 categorical variables
Mendes et al. [37] 8 continuous Not reported Data splitting 80:20 not reported
variables
Hosmer-
Jamaati et al. [51] 17 Not reported Not reported Not reported Lemeshow goodness-of-
fit statistic
. Pearson
Nouei et al. [52] 40 Missing excluded from Data splitting 70:30 Chi-square test
the model
Student t test
5 categorical variables Mann-Whitney test
Geltser et al. [41] 2 continuous Not reported Data splitting 75:25 Chi-square analysis
variables Fisher's exact test
Huang et al. [42] 72 Not reported Cross-validation Not reported Pearson
& ) P p Chi-square analysis
23 categorical Filling in the data
Mori et al. [53] Varlgbles (categorical; lf)west r.ISk Data splitting 70:30 The sum of mean
3 continuous value, continuous; squared error
variables average assignment)
Pearson
Chi-square test
.. Missing excluded from | Data splitting and k- . Student t test
Khalaji et al. [34] 1 the model fold cross-validation 70:30 Fisher's exact test
Independent sample t-
test
Zea-Vera et al. [55] 80 Not reported Validation Spl.lt with 80:20 DeLong's t.CSt
Bootstrapping Bootstrapping
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Table 3 Model performance features

Study Model type *AUROC
ANN 0.76
Lippmann & Shahian [43] Naive Bayes 0.75
LR 0.76
Tu et al. [44] Y o
Chong et al. [46] Aﬁ\g\} 82?
EEFDT 0.90
Ghavidel et al.[49] EEIE:}PT 852
EuroSCORE 0.77
LGFAS 0.91
Nouei et al. [50] MLP(ANN) 0.70
LR 0.72
Mendes et al. [37] AII\}{{N 822
SVM 0.98
Jamaati et al. [S51] LR 0.84
EuroSCORE 0.72
Nouei et al. [52] AIEEIS 82;
ANN 0.85
Geltser et al. [41] RF 0.71
LR 0.83
RF 0.71
MARS 0.71
Huang et al. [42] CART 0.69
XGBoost 0.72
LR 0.72
Mori et al. [53] XGBoost ol
RF 0.78
Naive Bayes 0.78
. SVM 0.74
Khalaji et al. [54] XGBoost 079
KNN 0.72
LR 0.81
Zea-Vera et al. [55] XGBoost 0.77

ANFIS; Adaptive Neuro-Fuzzy Inference System; ANN, Artificial Neural Networks; AUROC, Area Under the Receiver Operating Characteristic Curve;
CART, Classification And Regression Trees; EECDT, Entropy Error Crisp Decision Tree; EEFDT, Entropy Error Fuzzy Decision Tree; EuroSCORE,
European System for Cardiac Operative Risk Evaluation; KNN, K-Nearest Neighbors; LGFAS, Lookup Genetic Fuzzy Annealing System; LR, Logistic
Regression; MARS, Multivariate Adaptive Regression Splines; MLP, Multilayer Perceptron; NB, Naive Bayesian; RF, Random Forest; SVM, Support
Vector Machine; XGBoost, eXtreme Gradient Boosting. *belong to the mortality risk classification obtained using preoperative variables

Such models can oversimplify complex relationships
with nonlinear interactions that involve numerous risk
factors, leading to missed non-linear relationships and
misidentification of the model during the development of
points [38]. Advanced statistical classifiers have been
suggested to overcome the constraints of LR analysis and
increase the effectiveness of risk prediction models [39].
Pre-surgical risk models are designed to make use of more
data while making fewer suppositions about clinical data
status [35]. Previous studies in cardiothoracic surgery have
developed ML algorithms that estimate in-hospital LoL
after cardiac operations better than standard operating risk
scores [40-42]. However, some researchers have reported
that the probabilities figured by a trained neural network
are no worse than the regression model's predictions [43,
44].

When properly trained, artificial neural networks
(ANN) can be used as predictive models of classification.
ANNs are data processing systems inspired by the
biological nervous system, consisting of nonlinear
computational elements [45]. They work in a nonlinear
way that can better define the interaction between health
risk factors and are used in many research subjects, such as
speech recognition, prediction of protein structure,
converting text to speech, and forecasting stock prices.

There is also potential use for them in the classification of
cancer disease, diagnostic estimation, electrocardiogram
interpretation, and use of various health systems such as
CVI in medical decision-making processes [46-48].

Differences in variable types, handling of missing data
fields, operational procedure selection criteria, and
geographic area differences can all have an impact on the
accuracy of estimation of different risk models [34]. The
applications of ANNs are particularly prominent in
classification models due to their advantages, such as not
requiring prior assumptions about underlying frequency
distributions, their ability to model non-linear
relationships, and their robustness to missing data and
feature errors [41, 46]. The study features corresponding to
each article are given in Tab. 1 and Tab. 2. In addition, the
AUROC values of the models are presented in Tab. 3.

The AUROC values for ML models range from 0.69
to 0.98 and 0.62 to 0.86 for LR, and the number of
predictors enclosed in the models ranges from 7 to 72. For
the verification method, both sample-splitting and k-fold
cross were performed [46, 49]. Statistical analysis methods
have been reported in 8 studies. In the data pre-processing,
the missing data are excluded or the data is filled with the
mean imputation method. Fig. 2 presents the number of
patients included in the studies and the number of in
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patients. The sample size was 563 to 378,572 patients, and
the operative LoL ranged from 2.0% to 60.9% depending
on the sample size.

u Operative loss of life Dataset
Zea-Vera et al. [53] -4 2086

Khalaji et al. [52] WNE68S oo

Mori et al. [51] 1992

Huang et al. [40] SSSE222008

Geltser etal. [39] SH858 o

378 572

Nouei etal. [50] 9298 o),

Jamaati et al. [49] jm
Mendes et al. [35] ﬂf_ﬁi

Nouei et al. [48] SS9, o
Ghavidel et al. [47] 948
&-
Chong et al. [44] 563

Tuetal [42] WSS,

Lippmann & Shahian.. ._’“m'g'n 606

Figure 2 Sample size and loss of life numbers used in the modeling

Mori et al. [53] used the largest dataset with the
number of patients meeting the criteria through the STS
ACSD database. In Fig. 3 the gender ratios among the
number of patients included in the studies are given.

m Female (%) = Male(%)
Zea-Vera et al. [53] 24,6 7540
Khalaji et al. [52] 26,5 73,50
Mori et al. [51] 247 753
Huang et al. [40] 296 704
Geltser et al. [39] 2. 79
Nouei et al. [50] 30 70
Jamaati et al. [49] 490 51
Mendes et al. [35] 32 68
Ghavidel et al. [47] 4 8
Chong et al. [44] 30 70
Lippmann & Shahian [41] 13,5 86,5

Figure 3 Percentage values of the sample size by gender

Tu et al. [44] improved ANN and LR models to predict
the risk of in-hospital LoL following CABG surgery,
reporting that ANNs offer a new perspective on statistical
conduct and that the relationships between patient
attributes and LoL are similar in ANNs and LR models.
Different predictive variables were included in this study
in addition to those used in prior studies.

Jamaati et al. [51] reported that the best result was the
SVM model with an AUROC value of 0.98, with 17
preoperative variables that they used to predict LoL risk in
their study. They reported that the SVM and LR models
showed good calibration results. No validation method was
included in their study.

Chong et al. [46] developed an ANN model using 18
preoperative variables to predict 7 major adverse
outcomes, including LoL, in 563 patients with CABG.
Although they determined 21 variables for the ML and LR
models in their study, they excluded 3 variables from the
model because of an insufficient number of patients with
liver disease and episodes of prior endotracheal intubation
or prior cardiopulmonary resuscitation (CPR). The ANN
model performed better than the LR model. It has been
reported that ANN's tend to perform better and can be
considered a useful instrument for assigning patients to
low-risk groups.

Huang et al. [42] reported that the XGBoost model had
the best predictive ability without variable selection. Using
different feature selection methods, they investigated
which variables would affect the LoL risk and evaluated
the results after feature selection for each classification
model. They concluded that to be innovative and more
practical in clinical trials, developing a survival model to
predict LoL in adult patients who have had their first
CABG yielded better prediction when limited tol0
variables.

Mendes et al. [37] compared the ANN and LR models
for prognostic assessment of the need for reintubation,
prolonged mechanical ventilation, and LoL after CABG
surgery. They used operative variables such as
cardiopulmonary bypass and total graft count in addition to
preoperative variables in the models.

Ghavidel et al. [49] showed that the EEFDT (19
variables) and EECDT (15 variables) models they
developed to estimate the risk of LoL in CABG surgery
outperformed the LR analysis (10 variables) and
EuroSCORE (17 variables). They reported that there was
no statistically significant difference in the discriminative
ability of the EEFDT and EECDT (P = .066) models. Even
though the database they used belonged to a referral
institution for central cardiac surgery, they recommended
using an independent test dataset to analyze the model's
performance. The AUROC values that resulted from the
LoL in Tab. 3 showed minor differences between models.
Nouei et al. [50, 52] compared the results of the multilayer
perceptron (MLP) neural network, a class of feedforward
neural networks, LR analysis and LGFAS model.
Considering the area under the curve, it was reported that
the LGFAS model was better in estimating the risk of death
compared to LR and ANNS. The superior accuracy of their
model can be explained by fuzzy set theory and the many
fuzzy concepts it contains which, by nature, are
uncertain. They obtained promising results in their studies
but stipulated that other aspects of the findings should be
considered more.Mori et al. [53] researched the effect of
the model on performance by including intraoperative
features in the present preoperative model for 7 different
outcomes after CABG surgery. To test the LR and
XGBoost models, they used only preoperative, only
intraoperative, or pretintraoperative features as variables.
They reported that models utilizing pre+intraoperative
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variables had better AUROC values in all outcomes than
models with only intraoperative or only preoperative
variables.

Geltser et al. [41] identified 7 risk factors with great
potential for in-hospital LoL prediction outcomes,
including LR, RF, and ANN models. Model validations
were performed using the AUROC, sensitivity, and
specificity parameters. They reported that the ANN model
including RWT (relative wall thickness) and LVRMI (LV
relative mass index) predictors showed maximum
prognostic accuracy.

Khalaji et al. [54] evaluated the ability of ML models
to predict LoL after CABG. They tested six different ML
models after identifying the important variables using the
RF technique and claimed that the LR model had the best
one-year LoL prediction ability (AUC = 0.81), with perfect
discrimination. Furthermore, all ML models, except for
LR, performed well in predicting one-year LoL, according
to the AUC interpretation (0.7 < AUC < 0.8). Other
investigations utilizing LR, RF, and XGBoost models have
shown the impact of mechanical ventilation duration in
CABG LoL.

Zea-Vera et al. [55] created and evaluated a decision
tree-based machine learning system to predict mortality,
significant morbidity, high total hospitalization costs, and
30-day readmission outcomes following isolated CABG.
Preoperative ML models outperformed the standard STS
model in predicting LoL or significant morbidity in
patients undergoing isolated CABG, mostly by
incorporating intraoperative data like as cross-clamp and
bypass times as additive predictive variables.

The calibration of risk estimates, that is, whether they
are reliable or not, was rarely evaluated in studies. Of the
13 studies, 3 considered the evaluation of model
performance in terms of calibration for the accuracy of risk
estimates [43, 51, 53]. More calibration procedures are
required to identify situations in which modern methods
outperform traditional approaches. Model validation
processes are frequently weak or poorly described,
preventing fair model comparison in clinical evaluations
[37, 46].

We have encountered instances that deviate from our
assumptions prior to the study. The consideration of large
amounts of data sets that have not yet been structured has
been raised as another research topic. While diversity is
expected in prediction variables, perioperative variables
are focused on except [53] and [55] studies. In addition, the
new models developed in the studies were not analyzed
using an independent database in different centers. The
evaluation of variables in terms of their clinical impact for
upcoming studies will be beneficial for improving model
performance.

4 CONCLUSIONS

ML methods are a new trend in healthcare. Predictive
analytical solutions build models using data mining
techniques. Increasingly, risk estimation modeling studies
for multidisciplinary decision-making processes used in
the clinical field have attracted a lot of attention. It has been
proposed that comparing new studies with the
performances of existing models will improve estimation
results through the formation of large datasets. Estimating

operative risk in adult CVI is critical for decision-making
processes, in the clinic and in institutional planning and
health system management based on outcome assessments.
This literature review highlighted research results of
predictive models for CABG and suggested the creation of
local databases and increasing data accumulation to
improve it. Comparing the existing estimation models
provides up-to-date information about research on ML-
based methods to predict operative risk after CABG.

The application of ML models to forecast outcomes
following CABG surgery represents an innovative and
pragmatic approach in clinical research. Even though
current findings show that ML models produce better
results, optimal methods to improve prediction
performance are still being researched. Different sets of
variables used in ML algorithms show important or
statistically significant patient characteristics under
investigation. The prediction performance of the models
changes when the number of variables available before
surgery is reduced or when intraoperative variables are
added. This modification emphasizes the potential value of
patient characteristics in model improvement.

The application of more complex mathematical
models capable of capturing nonlinear relationships among
variables predicting operative risk has the potential to
enhance the accuracy of risk models. Additionally,
databases must include information on patients who have
been rejected for surgery. Developing descriptive
characteristics that include a CABG surgical patient at a
higher risk of LoL will be a guide for future studies.

Quality issues in clinical registry data limit model
performance improvement. A risk model that updates the
predicted risk for CVI may be possible with appropriate
data integration. Risk reclassification may improve the
model's predictive performance, particularly for patients at
extremely high risk. Comparison results indicate there are
still research points in areas with dynamic data flows in the
current estimation methods. This points to the fact that ML
applications need to be accelerated to improve not only risk
models in adult CVI but also sufficient data extraction.
Even though ML use is not yet widespread in clinical
practice, data mining and ML techniques promise to
monitor and improve the quality of CVI outcomes. Unlike
traditional statistics, ML focuses on developing automated
clinical decision systems that improve estimate accuracy,
replacing conventional systems used. More successful
predictive algorithms may be developed by collecting more
data for machine learning-based clinical decision process
analysis.

The development of ML algorithms in high-risk
subjects of the health system will facilitate digital health
breakthroughs with a revolutionary impact on health policy
management. Algorithms that make estimations and reveal
hidden and significant information in data will catalyze
developments in health informatics.

Several limitations of this review should be noted.
Despite conducting a systematic search, we may have
overlooked articles due to the wide range of topics and
abbreviations in the literature. This may have resulted in
the incorrect exclusion of studies from the initial selection.
Furthermore, because we only summarized the data
descriptively without conducting meta-analysis, no
definitive conclusions about the AUROC values between
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the different methodologies can be drawn. Still, this article
provides an overview of current ML applications for risk
estimation of LoL following CABG surgery, pointing to
areas where additional research is required.

We plan future studies to investigate the influence of
predictive variables on the performance of models and to
compare the accuracy of prediction models developed with
different methodologies. In addition, we will analyze the
results of this literature review with our development of a
machine learning-based hybrid model; the model is
adapted to regional reality for short-term survival risk
assessment based on preoperative clinical and laboratory
data in patients undergoing CABG.
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