Machine learning model-based risk prediction of severe complications
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Abstract

Background. Compared with coronary artery bypass grafting (CABG) under cardiopulmonary bypass,
off-pump coronary artery bypass (OPCAB) is minimally invasive and reduces the risk of intraoperative blood
transfusion and acute kidney injury. Nonetheless, OPCAB-related complications still pose a threat. Machine
learning technology can analyze a large number of clinical data, establish risk prediction models and help
clinicians make early and correct clinical decisions.

Objectives. Risk prediction models are available for mortality and morbidity after cardiac surgery, but they
are not specific to OPCAB. This study aimed to develop a predictive model of severe complications after
OPCAB, based on machine learning.

Materials and methods. Anesthesia records of OPCAB from the General Hospital of the Northern The-
ater Command (Shenyang, China) collected hetween January 1, 2019, and June 15, 2020, were analyzed.
The endpoint of the study was the occurrence of serious complications after OPCAB (postoperative unplanned
intra-aortic balloon pump, secondary surgery and death). The features entered into the models were as follows:
intraoperative ventricular fibrillation, number of saphenous vein grafts, nerve block (NeB), venous oxygen
saturation (Sv0;), skin incision-bypass time, and hypertension. A total of 8 machine learning algorithms
were tested: logistic regression analysis (LRA), k-nearest neighbor (KNN), naive Bayes (NB), support vector
machine (SVM), random forest (RF), extreme gradient boosting (XGBoost), light gradient boosting machine
(LightGBM), and categorical features gradient boosting (CatBoost).

Results. Among the 506 patients found in the records, 27 met the endpoint. The highest area under
the curve (AUC) value was achieved with the XGBoost model (AUC = 0.94), and the lowest with the SVYM
model (AUC = 0.75). The highest and lowest accuracy were observed with the XGBoost and NB models,
respectively, while the highest and lowest precision were achieved using the SYM and NB models, respectively.
Based on the receiver operating characteristic (ROC) curves, the XGBoost model was selected as the most
useful in this study.

Conclusions. This study suggests using the XGBoost model to predict the risk of complications after OPCAB.
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Background

Revascularization is paramount to the management
of acute coronary syndrome (ACS). It aims to improve
blood flow to the myocardium! and is performed using
percutaneous coronary intervention or coronary artery
bypass graft (CABG).1=3 The latter can be performed ei-
ther off-pump (i.e., without the assistance of a heart-lung
machine) or on-pump. On-pump CABG is associated with
more severe surgical trauma, while off-pump coronary
artery bypass (OPCAB) can reduce perioperative bleeding
and allogeneic blood transfusions, as well as reduce the risk
of acute kidney injury (AKI) in patients with kidney dys-
function.* The OPCAB does not appear to increase 30-day
mortality compared with on-pump CABG, but an extensive
systematic review of observational studies suggested that
OPCAB might reduce short-term mortality.>® Therefore,
OPCAB is probably a good option for selected patients.”?

There are still some risks related to the use of OPCAB,*%10
including perioperative complications such as mortal-
ity, stroke, kidney failure, respiratory failure, and blood
loss.!1~13 Furthermore, OPCAB appears to be associated
with higher 10-year rates of incomplete revasculariza-
tion, repeat revascularization and mortality, compared
with on-pump CABG.!? Additionally, OPCAB is associ-
ated with increased adverse events at 1 year and mortality
at 5 years.*1> Although OPCAB has a similar risk of myo-
cardial infarction compared to on-pump CABG, the data
are inconsistent for the risk of stroke.>¢1¢ A decreased left
ventricular ejection fraction (LVEF) is observed in about
22% of the patients after OPCAB and can compromise
their short- and long-term outcomes.!”!

Some tools are available for estimating the risk of mor-
tality and morbidity after CABG. The Society of Thoracic
Surgeons (STS) score can be used to determine the risk
of mortality and morbidity after cardiac surgery, but
it is not specific to OPCAB.?° The European System for
Cardiac Operative Risk Evaluation (EuroSCORE) can over-
estimate the risk of complications in the highest-risk and
lowest-risk patients undergoing CABG,?! as well as in pa-
tients undergoing OPCAB.?2 Other risk models are avail-
able but they are not specific to OPCAB.23-2°

Machine learning algorithms can be used to analyze data
and establish risk models more accurately than traditional
statistical models.?*%” Indeed, machine learning has been
used to create models that predict mortality after cardiac
surgery,?8-3! as well as estimate the length of hospital stay
after CABG.?? Regardless, these models are still not specific
to OPCAB.

Objectives

Using machine learning, this study aimed to build
a predictive model for the detection of early postopera-
tive serious complications after OPCAB. The results could
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provide reference data for optimizing the clinical pathway
for OPCAB, and anesthesia strategy to maintain vital signs,
regulate the circulation, balance myocardial oxygen supply
and demand, and reduce complications.

Materials and methods
Study design

All data were taken from the Do-care anesthesia record
system (v. 5.0, MEDICAL SYSTEM Co., Ltd., Suzhou,
China). All records of OPCABs performed from January 1,
2019, to June 15, 2020, at the 2"! Ward of the Department
of Anesthesiology of the General Hospital of the North-
ern Theater Command (Shenyang, China) were included.
At that hospital, OPCAB has been carried out for 20 years.
In this study, 3 teams comprised of 15 surgeons were in-
volved, who all had the qualification of chief surgeon, with
an annual operation volume of 300—450 cases per surgeon.

This study was approved by the Ethics Committee
of the hospital (Approval No. k(2020)01). The requirement
for individual informed consent was waived by the Com-
mittee due to the retrospective nature of this study.

Inclusion and exclusion criteria

All patients who underwent CABG were screened.
The exclusion criteria were: 1) CABG under cardiopul-
monary bypass; 2) CABG combined with other surgical
procedures; 3) cancellation of the operation; or 4) intraop-
erative change of the initial surgical plan (e.g., intraopera-
tive decision for valve replacement).

Data collection and definitions

Demographic data (sex, age and body mass index (BMI)),
data on comorbidities and intraoperative parameters (heart
rate (HR), mean arterial pressure (MAP), respiratory rate,
and mixed venous oxygen saturation (SvO,)) were collected
retrospectively. The SvO, of the patients was continuously
measured and recorded using a Swan—Ganz catheter (Ed-
ward Company, Irvine, USA) placed through the internal
jugular vein.

The endpoint was the occurrence of serious complica-
tions after OPCAB, defined as postoperative unplanned
intra-aortic balloon pump (IABP) assistance, secondary
surgery (e.g., thoracotomy and repeat revascularization),
intraoperative emergency conversion to on-pump CABG,
and death. Revascularization was defined as revasculariza-
tion for acute graft failure during the same hospital stay
and emergency revascularization for bleeding (i.e., hem-
orrhagic shock caused by bleeding from the anastomotic
site of the transplanted blood vessel during postoperative
hospitalization, with repeat revascularization after 2 emer-
gency operations). A patient in whom any of the above
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events occurred after OPCAB and before discharge from
the hospital was considered to have met the endpoint.

Feature selection and model evaluation

The core principle of model feature screening was based
on the feature importance of the machine learning model,
combined with Pearson’s correlation analysis and statisti-
cal analysis of the difference. The specific implementation
was as follows:

1. Four algorithms with characteristically important pa-
rameters were selected: logical regression analysis (LRA),
support vector machine (SVM), random forest (RF), and
extreme gradient boosting (XGBoost).

2. The feature importance of the standard features was
calculated and ranked based on the above 4 models.

3. The top 10 features of each model were selected
as the feature groups (a total of 4 feature groups).

4. Pearson’s correlation analysis was carried out on
the standard features, and the features with the top 10 cor-
relation coefficients were selected as the feature group.

5. The x? test was performed on the standard features,
and the features with statistically significant differences
(p < 0.05) were selected as the feature group.

6. All 6 feature groups were compared, and the features
that appeared 4 times or more were selected as the main
features.

7. Finally, Pearson’s correlation coefficient was used
to distinguish the variables that might affect the endpoint.

After removing meaningless features (Supplementary
Table 1), interpolating missing values (Supplementary
Table 2), discretizing the numerical variables, and select-
ing the features, the remaining 6 features were entered into
the model. The features were intraoperative ventricular
fibrillation (VF), number of saphenous vein grafts (SVG),
nerve block (NeB), mixed venous oxygen saturation, skin
incision-bypass time (T1), and hypertension (HBP). Results
of the tests used for feature selection are shown in Supple-
mentary File 1 and Supplementary Figure 3. Results of veri-
fying the assumptions for the application of the preferred
tests are shown in Supplementary Tables 3-10.

“Simpleimputer” in the “sklearn” module was used for
the interpolation of the missing data. Mean interpolation
was used for numerical variables and mode interpola-
tion for binary and hierarchical variables. Meaningless
features were first deleted, and the remaining features
were interpolated one by one according to the character-
istics and distribution of each feature, rather than based
on the 54 features.

All numerical features were discretized by segmenta-
tion of continuous numerical data into discrete intervals.
The segmentation principle was based on equal frequency,
equal distance or optimization methods. Data discretiza-
tion is also required by many algorithms, since discretiza-
tion can speed up model training and enhance the robust-
ness of the model by converting the continuous variables
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into category variables through discretization. In order
to unify the characteristic segmentation of different di-
mensions, this study used the mean tstandard deviation
(M +SD) as the segmentation principle. Specifically, all
values of the characteristic column were divided into 4 seg-
ments according to the nodes of M-1xSD or M or M+1xSD,
and each segment was marked as 0, 1, 2, or 3. All features
were defined as standard features after meaningless feature
removal and numerical feature discretization.

Eight machine learning algorithms were tested in this
study: LRA, k-nearest neighbor (KNN), naive Bayes (NB),
SVM, RE, XGBoost, light gradient boosting machine (Light-
GBM), and categorical features gradient boosting (Catboost).

Statistical analyses

Statistical analysis was performed using the SciPyv. 1.4.1
scientific computing module within the Python 3.8 envi-
ronment (https://pypi.org/project/scipy/1.4.1/). Data were
assessed for normality using the Shapiro—Wilk test. Con-
tinuous data conforming to a normal distribution were
presented as M +SD and analyzed using the independent
samples t test. Those not conforming to a normal distribu-
tion were presented as median (range) and analyzed using
the Mann—Whitney U test. Categorical data were presented
as n (%) and analyzed using the x? test. Correlation analyses
were performed using the Pearson’s analysis. Training and
validation sets were divided using k-fold cross-validation.
The k-fold module in sklearn (https://scikit-learn.org/stable/
modules/generated/sklearn.model_selection.KFold.html)
was used to randomly divide the database into 5 equal and
non-overlapping groups, and the proportion of negative and
positive samples in each group was the same. Each time,
4 groups were used as the training set, and 1 group was
used as the validation set for model training verification.
Precision, recall, F1-score (combining precision and recall
into one metric by calculating the harmonic mean between
those two??), and the area under the curve (AUC) were cal-
culated. The above process was performed 5 times to ensure
that each group was used as the validation set. Each time,
the model was retrained and validated to avoid overfit-
ting, and the average score of the 5 cross-validations was
used as the final performance score of the model. The value
of p < 0.05 was considered statistically significant.

Results
Patient selection

Figure 1 presents the patient selection process. Among
the 11,495 patients included in the database, 1238 underwent
CABG, and 506 from them were selected based on the eligi-
bility criteria. They were then divided into the training set
(n = 405) and the validation set (n = 101). Table 1 presents
the characteristics of the patients. Among the 506 patients
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OPCAB database

11,495 patients from
Do-care database

triage target
as ‘CABG’
1238 patients
excluded:
— planned on-pump
— non-isolated OPCAB
— critical data missed
—surgery cancelled
cleaned data
54 features
modeling:
5-fold cross validation

| l

405 patients 101 patients
in train set in test set

Fig. 1. Screening process of the patients. The patients were selected from
the off-pump coronary artery bypass (OPCAB) graft database of the General
Hospital of the Northern Theater Command (Shenyang, China)

CABG - coronary artery bypass grafting.

chosen, 27 met the endpoint (positive group), including
postoperative emergency IABP assistance (n = 10), second-
ary surgery (n = 2), death without other outcomes (n = 3),
postoperative emergency IABP assistance with secondary
surgery (n = 2), death after postoperative emergency IABP
(n = 6), death after secondary surgery (n = 2), and death
after postoperative emergency IABP assistance and sec-
ondary surgery (n = 2). The in-hospital mortality rate was
2.6% (13/506). Compared with the controls, the patients
who met the endpoint had a lower LVEF (52 +7% compared
to 55 +6%, p = 0.027), lower fractional shortening (26 +5%
compared to 28 +4%, p = 0.013), worse New York Heart
Association (NYHA) classification score (p = 0.041), lower
frequency of preoperative diabetes mellitus (DM; 22% com-
pared to 46%, p = 0.016), lower intraoperative urine output

Y. Zhang et al. Al for severe complications in off-pump CABG

Feature processing

raw data
60 features

remove meaningless
features

54 features

imputation
for missing values

discretization
of numerical variables

cleaned data
54 features

feature selection:
—X2 test

— Wilcoxon test ——|
— Pearson’s correlation
— feature importance
6 features
for models

Fig. 2. Feature selection process

(639 £2512 mL compared to 771 +426 mL, p = 0.018), shorter
T1 (62.0 £17.8 min compared to 69.3 £18.7 min, p = 0.047),
higher SvO, values (74% compared to 53%, p = 0.036), and
a smaller numbers of grafts (p < 0.001). Unilateral (left)
internal mammary artery to the anterior descending artery
anastomosis was performed in all patients. Radial arteries
or other arteries were not used as graft vessels.

Feature selection

Figure 2 presents the feature selection process. From
the initial 60 features, 6 were removed due to meaning-
lessness. After missing data imputation and discretization
of the continuous variables, 54 clean features were tested,
and 6 were retained (intraoperative VF, number of SVG,
NeB, SvO,, T1, and HBP). The results of the correlation
analysis of the 6 features are presented in Fig. 3.

Fig. 3. Correlation analysis among the characteristic variables.
Pearson’s correlation coefficient was used to distinguish

the variables that might affect the endpoint. Finally, these

6 variables were selected to be included in the final model
after reordering

VF — ventricular fibrillation; NeB — nerve block; SvO, — mixed
venous oxygen saturation; T1 — skin incision-bypass time; HBP
- high blood pressure; SVG — saphenous vein grafts.
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Table 1. Characteristics of the patients with and without serious complications after off-pump coronary artery bypass (OPCAB)

Patients with Patients without
Characteristic complications complications Test result
(n=27) (n=479)
Age [years], M £SD 633 +86 64.1 +7.3 Student’s t 0.534 0.594
Males, n (%) 22 (81) 362 (76) X 0.440 0.507
BMI [kg/m?], M +SD 23926 247 £3.0 Student’s t 1.295 0.196
LVD [mm], M +SD 496+116 460 +4.4 Student’s t —1.553 0.132
LVEF (%), M £SD 5247 55 +6 Student’s t 2337 0.027
FS (%), M £5D 26 5 28+4 Student’s t 2658 0.013
Emergency surgery, n (%) 0(0) 22 (5) Fisher's 0427 0513
NYHA
| 0(0) 5(1)
Il 24 (89) 454 (95) Wilcoxon rank sum 5961.0 0.041
Il 3(11) 18 (4)
v 0(0) 2(0)
Preoperative comorbidities/risk factors, n (%)
HBP 14 (52) 330 (69) X 3410 0.065
DM 6(22) 220 (46) e 5.812 0.016
cvD 4(15) 98 (20) X 0.216 0.642
AF 0(0) 7(1) Fisher's 0.046 0.830
AMI 5(19) 81(17) X2 0.047 0.829
PCl 6(22) 80 (17) X2 0.552 0457
LM 9(33) 114 (24) X 1.263 0.261
RCA 24 (89) 435(91) e 0.000 0.996
Intraoperative parameters
HR 62 +14 61 +13 Student’s t —0473 0.636
MAP [mm Hg], M £SD 76 £12 75+12 Student’s t —0.571 0.568
mMPAP [mm Hg] 20 +5 19 +£5 Student’s t —1.460 0.160
TP [°C], M £SD 36.2+04 36206 Student’s t -0.079 0.937
Cl [IL/min x m?], M £SD 1.90 £0.40 1.95+0.51 Student’s t 1.495 0.606
ACCT [min], M £SD 139458 159463 Student’s t 1.649 0.100
Intraoperative transfusion [mL], M £SD 1791 £798 1652 +671 Student’s t —1.037 0.300
Urine [mL], M £SD 639 £2512 771 426 Student’s t 2473 0.018
T1 [min] 620+17.8 69.3 £18.7 Student’s t 1.749 0.047
SVO, < 75%, n (%) 20 (74) 256 (53) X -0.079 0.036
SVG, n (%)
1 1(4) 10
2 11 (41) 76 (16)
3 1348) 300 (64) Wilcoxon rank sum 4301.0 <0.001
4 2(7) 90 (19)
5 0(0) 3(M

BMI — body mass index; LVD — left ventricular diameter; LVEF — left ventricular ejection fraction; FS — fractional shortening; NYHA — New York Heart
Association; HBP — high blood pressure; DM — diabetes mellitus; CVD — cardiovascular disease; AF — atrial fibrillation; AMI — acute myocardial infarction;
PCl — percutaneous coronary intervention; LM — left main artery; RCA - right coronary artery; HR — heart rate; MAP — mean arterial pressure; mPAP — mean
pulmonary arterial pressure; TP — temperature; Cl — cardiac index; ACCT — aortic cross-clamp time; SvO, — mixed venous oxygen saturation; T1 — skin
incision-bypass time; SVG — saphenous vein grafts; M £SD — mean =+ standard deviation.

Algorithms the XGBoost model (AUC = 0.94) and the lowest AUC with
the SVM model (AUC = 0.75). The highest and lowest ac-
Prediction values for the 8 machine learning models are curacy were observed with the XGBoost and NB models,

presented in Table 2. The highest AUC was achieved with respectively, while the highest and lowest precision were
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Table 2. Cross-validation comparison between models
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Model | Accuracy (95% Cl) Precision (95% Cl) Recall (95% Cl) F1(95% Cl) AUC (95% Cl)
LRA 0.81 (0.76-0.85) 0.89 (0.86-0.93) 0.70 (0.64-0.65) 0.76 (0.71-0.81) 0.80 (0.72-0.89)
KNN 0.81(0.76-0.85) 0.86 (0.81-0.90) 0.74 (0.69-0.80) 0.79 (0.75-0.84) 0.80 (0.71-0.89)
NB 0.64 (0.58-0.70) 0.68 (0.62-0.74) 0.63 (0.57-0.68) 0.59 (0.53-0.65) 0.81 (0.72-0.89)
SVM 0.83(0.79-0.88) 0.94 (0.91-0.97) 0.71 (0.65-0.76) 0.80 (0.75-0.85) 0.75 (0.65-0.85)
RF 0.84 (0.79-0.88) 0.92 (0.89-0.95) 0.75 (0.69-0.80) 0.82 (0.78-0.87) 0.92 (0.86-0.98)
XGBoost 0.84 (0.80-0.89) 0.92 (0.89-0.95) 0.75 (0.70-0.80) 0.83(0.78-0.87) 0.94 (0.89-0.99)
LightGBM 0.82 (0.78-0.87) 0.87 (0.83-0.91) 0.77 (0.72-0.82) 0.81 (0.76-0.86) 0.92 (0.86-0.98)
CatBoost 0.84 (0.80-0.88) 0.92 (0.89-0.96) 0.75 (0.70-0.80) 0.83(0.78-0.87) 0.89 (0.82-0.86)

AUC - area under the curve; 95% Cl - 95% confidence interval; LRA - logistic regression analysis; KNN — k-nearest neighbor; NB — naive Bayes; SYM - support
vector machine; RF — random forest; XGBoost — extreme gradient boosting; LightGBM - light gradient boosting machine; CatBoost — categorical features

gradient boosting. The F1-score combines precision and recall into one metric by calculating the harmonic mean between those two.*®

Fig. 4. Receiver operating characteristic (ROC) curve of 2 types of machine learning models before and after data processing algorithm.
A. LRA_KNN_NB_SVM before data processing; B. RF_XGBoost_LightGBM_CatBoost before data processing; C. LRA_KNN_NB_SVM after data processing;
D. RF_XGBoost_LightGBM_CatBoost after data processing. The XGBoost was confirmed as the final model for this study

TPR - true positive rates; FPR - false positive rates; LRA — logistic regression analysis; KNN — k-nearest neighbor; NB — naive Bayes; SYM — support vector machine;
RF — random forest; XGBoost — extreme gradient boosting; LightGBM - light gradient boosting machine; CatBoost — categorical features gradient boosting.

achieved using the SVM and NB models, respectively. Based
on receiver operating characteristics (ROC) curve analysis,
the XGBoost model was selected as the final model for
the study (Fig. 4). Figure 5 shows the importance of the dif-
ferent variables when analyzed by the different models.
Table 3 displays all of the variables evaluated in this study.

Discussion

Results suggest that it is possible to use machine learn-
ing algorithms to predict the risk of complications after
OPCAB. The highest predictive value was achieved using

the XGBoost model, based on VF, SVG, NeB, SvO,, T1,
and HBP, as revealed by the AUC, which can be used
as the main metric to determine the optimal classifier.3*

Previous studies used machine learning to predict
the mortality and morbidity of cardiac surgery. In a study
by Kartal, mortality risk was predicted using the EuroS-
CORE and the C4.5 algorithm: both the EuroSCORE
and the C4.5 algorithm included age, serum creatinine,
LVEF, and mean pulmonary hypertension (mPAP).28 They
used their algorithm to develop a web application for risk
prediction after cardiac surgery. Castela Forte et al. used
machine learning to evaluate 88 perioperative variables
in order to predict 5-year mortality after cardiac surgery;
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Table 3. Features taken into account in this study

91

Abbreviation

Abbreviation | No. |

1. gender / 29*
2x age / 30.
3 body mass index BMI 31.
4. high blood pressure HBP 32%

5. diabetes mellitus DM 33.
6 cerebrovascular disease CVvD 34.

7. chronic renal failure CRF 35*
8 bronchial asthma BA 36.
9 hyperlipidemia HL 37*
10. | chronic obstructive pulmonary disease COPD 38.
11. atrial fibrillation AF 39.
12. acute myocardial infarction AMI 40.
13. percutaneous coronary intervention PCl 41.
14 New York‘ Hea‘rt Association NYHA M

classification score

15. left main LM 43.
16. root cause analysis RCA 44,
17 left ventricle diameter LVD 45.
18 left ventricular ejection fraction LVEF 46.
19.% fraction shortening FS 47.
20. thickened ventricular septum TVS 48
21. valvular heart disease VHD 49.*
22. complete left bundle branch block CLBBB 50
23. emergency surgery / 51.
24% skin incision-bypass time T1 52.
25% operation time T2 53.
26 baseline heart rate HRO 54.
7 skin incisiovr;—r?aytzﬁ;s/ heart rate HRI 55
28. bypass-end heart rate variability HR2 56.

baseline mean arterial pressure MAPQ
skin incision-bypass mean arterial pressure variables MAP1
bypass-end mean arterial pressure variables MAP2
baseline mean pulmonary arterial pressure mPAPO
skin incision-bypass mean pulmonary arterial pressure mPAPT
variables
bypass-end mean pulmonary arterial pressure variables mPAP2
temperature TP
mixed venous oxygen saturation VO,
cardiac index @
mean pulmonary capillary wedge pressure mPCWP
American Society of Anesthesiologists score ASA
morphine /
etomidate Etomi
nerve block NeB
skin-bypass single push vasoactive agents VD1
bypass-end single push vasoactive agents VD2
internal mammary artery IMA
radial artery RA
saphenous vein SV
aortic cross-clamp time ACCT
fluid intake Fl
urine /
number of saphenous vein grafts SVG
potassium supplement (intraoperative) PS
calcium supplement (intraoperative) CS
on-pump coronary artery bypass ONCAB
ventricular fibrillation VF
preventive intra-aortic balloon pump IABP_pre

* continuous variable.

they observed that postoperative urea concentration, age
and creatinine concentration, achieved the best predictive
values across different cardiac surgery types.? Kim et al.
examined deep neural network, GBM and a generalized
linear model to predict major adverse cardiovascular events
1, 6 and 12 months after cardiac surgery, and achieved ac-
curacies >95%.3° Zhong et al. used deep learning to pre-
dict the risk of septic shock, thrombocytopenia and liver
dysfunction after open-heart surgery.3! They examined
the performance of XGBoost, RF, KNN and logistic regres-
sion, and showed that the XGBoost model achieved the best
predictive value for complications. Alshakhs et al. used
machine learning to determine the length of hospital stay
after CABG, which might be considered a surrogate for
the occurrence of postoperative complications.3? They also
showed that an RF model including age, height, EuroSCORE
I, and the use of IABP achieved the best predictive value.

In the present study, the Pearson’s correlation analysis
was used to consider the importance of extracting features
from different directions (machine learning direction and
statistical direction) to make the screened features more
convincing. The data indicated that VE, SVG, NeB, SvO,,
T1, and HBP in the XGBoost model achieved the best
predictive value. The XGBoost is an advanced complex
implementation of gradient boosting algorithms.3>3¢
It can handle both regularization and over/underfitting
issues.3>36 The parameters selected by the user (i.e., the hy-
perparameters) usually have a strong effect on the perfor-
mance of a machine learning algorithm.3738 Still, XGBoost
can adapt to the selected hyperparameters to achieve
the best fitting,3>36:3° which explains its good performance
in the present study.

Comparisons among studies are difficult. Indeed, vari-
ous studies have examined different machine learning
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Fig. 5. The feature importance of different algorithms. A. Support vector machine (SVM); B. Logistic regression analysis (LRA); C. Random forest (RF);

D. Extreme gradient boosting (XGBoost)

models based on a wide variety of different variables.
In addition, the endpoints and the definitions of com-
plications vary, and the study populations have included
various types of surgery. In the present study, only patients
who underwent OPCAB were included, and the endpoint
was the occurrence of IABP assistance, secondary sur-
gery and death. Nonetheless, various studies have shown
that the XGBoost model achieved good predictive value.
Indeed, similar to above, Zhong et al. used the XGBoost
model for predicting complications after open-heart sur-
gery.?! Kilic et al. used the XGBoost model to predict
the occurrence of operative mortality (AUC = 0.771), renal
failure (AUC = 0.776), prolonged ventilation (AUC = 0.739),
reoperation (AUC = 0.637), stroke (AUC = 0.684), and deep
wound infection (AUC = 0.599) after aortic valve replace-
ment.*® Additionally, Lee et al. showed that the XGBoost
model had the highest predictive power for AKI after car-
diac surgery.*!

Apart from comparison with other deep learning mod-
els, the model established here should be compared with
well-known and recognized models. Indeed, the EuroS-
CORE II and the original EuroSCORE have been used
for decades to predict mortality risk after cardiac surgery
and help improve patient outcomes.*?>*3 The STS score
can also be used to determine the risk of CABG.2° How-
ever, both scores are not specific to OPCAB. Furthermore,

the data used in the present study were taken directly from
the anesthesia monitor system, and some components were
not included in the EuroSCORE IT and STS scores. Future
studies should be set up to allow such direct comparisons
using the same set of patients.

Patients who met the study endpoint had a low frequency
of DM and high SvO,. Diabetes mellitus is associated
with poor outcomes after CABG or cardiac surgery.**-%
On the other hand, poor outcomes after CABG have been
associated with either high SvO,* or low SvO,.* Consid-
ering the small number of patients who met the endpoint
in the present study, no conclusion can be drawn on these
points.

Limitations

This study has a number of limitations. The data were
unbalanced, with the proportion of patients who met
the complication endpoint being small. Although the cat-
egory imbalance was corrected at the data and algorithm
levels, it inevitably affected the fitting degree of the model.
Follow-up studies are required to optimize the algorithm
based on category imbalance characteristics, in order to re-
duce the impact of category imbalance on the model per-
formance. Although the predictive factors selected in this
study related to the endpoint as much as possible, some
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predictive factors that had not been discovered or con-
firmed might have been omitted. In the future, more pre-
dictive factors could be added through an in-depth study
of OPCAB-related risk factors to improve the performance
of the model.

The sample size of this study was small, and it was
a single-center retrospective study. The data were from
a single center or a single physician team, which limited
generalizability and probably introduced some bias caused
by varying experience of the surgeons and anesthesiolo-
gists. Future studies should be extended to multiple cen-
ters. As a retrospective study, this investigation collected
the data of all patients who met the criteria in our center
during the study period. Relevant data from this period are
relatively complete, and data quality cannot be guaranteed
in earlier cases. After June 2020, the number of opera-
tions decreased due to the coronavirus pandemic, which
might have led to bias. An independent validation dataset
was also lacking. Therefore, the final model might have
poor generalizability. Continuous iterations of the model,
through large multicenter samples and prospective
validation studies, should increase the generalizability
of the model. Since this study only predicted specific,
not all complications of OPCAB surgery, its purpose was
not to compare the performance of the final model with
the EuroSCORE. Data were insufficient to allow sepa-
rate analyses of patients undergoing total artery bypass
grafting.

Conclusions

This study verified the effectiveness of different ma-
chine learning models and provided suggestions for
the best mathematical model for predicting the risk
of complications after OPCAB. This knowledge could be
used to continuously optimize the model and introduce
itinto the clinical medical electronic system, which would
allow clinicians to use optimizing treatment strategies
in real-time.

Data availability
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