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Purpose: The occurrence of myocardial injury, a grave complication post complete mesocolic excision (CME), profoundly impacts 
the immediate and long-term prognosis of patients. The aim of this inquiry was to conceive a machine learning model that can 
recognize preoperative, intraoperative and postoperative high-risk factors and predict the onset of myocardial injury following CME.
Patients and Methods: This study included 1198 colon cancer patients, 133 of whom experienced myocardial injury after surgery. 
Thirty-six distinct variables were gathered, encompassing patient demographics, medical history, preoperative examination character-
istics, surgery type, and intraoperative details. Four machine learning algorithms, namely, extreme gradient boosting (XGBoost), 
random forest (RF), multilayer perceptron (MLP), and k-nearest neighbor algorithm (KNN), were employed to fabricate the model, 
and k-fold cross-validation, ROC curve, calibration curve, decision curve analysis (DCA), and external validation were employed to 
evaluate it.
Results: Out of the four predictive models employed, the XGBoost algorithm demonstrated the best performance. The ROC curve 
findings indicated that the XGBoost model exhibited remarkable predictive accuracy, with an area under the curve (AUC) value of 
0.997 in the training set and 0.956 in the validation set. For internal validation, the k-fold cross-validation method was utilized, and the 
XGBoost model was shown to be steady. Furthermore, the calibration curves demonstrated the XGBoost model’s high predictive 
capability. The DCA curve revealed higher benefit rates for patients who underwent interventional treatment under the XGBoost 
model. The AUC value for the external validation set was 0.74, which indicated that the XGBoost prediction model possessed good 
extrapolative capacity.
Conclusion: The myocardial injury prediction model for patients undergoing CME that was developed using the XGBoost machine 
learning algorithm in this study demonstrates both high predictive accuracy and clinical utility.
Keywords: colonic neoplasms, myocardial injury, surgery, prognosis, risk factor, machine learning

Introduction
Colorectal cancer, a malignant tumor of the gastrointestinal tract, has a dismal prognosis. Lifestyle and dietary changes 
have contributed to a gradual increase in the incidence of colorectal cancer. Recent epidemiological studies have 
demonstrated that colorectal cancer is the third most common cancer worldwide, following lung and breast cancer.1 

Surgical intervention remains the mainstay of treatment for colorectal cancer, and Hohenberger proposed complete 
mesocolic excision (CME) as an effective procedure for reducing patient mortality.2,3 This technique entails complete 
resection of the tumor and colonic mesentery, removal of surrounding lymph nodes, and full blockage of the main colonic 
vessels, which aligns with the principles of radical colorectal cancer surgery. Although clinicians are benefiting from 
radical colorectal cancer surgery, they are also observing that certain patients develop ischemia-reperfusion injury and 
hemodynamic changes after the procedure, leading to an elevated risk of myocardial injury in the postoperative period. 
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As the aging population undergoing surgery continues to grow, the incidence of such complications is expected to 
increase.4 Multiple studies have indicated that perioperative cardiovascular events have become a leading cause of 
postoperative mortality, with approximately 1–2% of patients succumbing within 30 days after noncardiac surgery, which 
presents a challenging public health issue.5–7

A multicenter prospective study called the VISION study6 was initiated globally and enrolled 40,000 middle-aged 
patients. The study highlighted the significance of elevated postoperative troponin levels in predicting myocardial injury 
and death in patients after noncardiac surgery. This finding further emphasized the importance of postoperative troponin 
testing for patients. However, universal troponin testing in all patients would impose a substantial burden on healthcare 
systems worldwide. As a result, the objective of this investigation was to identify patients with a heightened suscept-
ibility to myocardial injury for subsequent testing, including troponin assessment. Conversely, patients with a low 
probability of myocardial injury are less likely to undergo troponin testing, thereby minimizing the financial burden 
on the hospital and alleviating the distress for the patient’s family.

Surgeons often rely on their clinical experience for preoperative risk assessment of surgical patients at high risk for 
myocardial injury. However, the temporal nature and subjectivity of this approach often lead to inaccurate predictions. 
A decade ago, some researchers used relatively accurate parametric regression methods to predict disease, but the 
intricate relationships between clinical characteristic variables and the occurrence of postoperative complications render 
regression models inadequate for disease prediction. Moreover, regression models are limited by wide variation in 
predicted results when the number of cases of the variables in the model is small. Recently, with the rapid development of 
artificial intelligence in the medical field, machine learning has emerged as a widely used tool for clinical prediction and 
other applications.8,9 In this study, we analyzed the clinical information of colon cancer patients and applied machine 
learning algorithms to develop a prediction model for myocardial injury after CME. Our aim is to identify high-risk 
patients and assist clinicians in making timely and accurate individualized treatment plans for patients.

Materials and Methods
Study Subjects
For this study, clinical data from the databases of Wuxi People’s Hospital and Wuxi Second People’s Hospital were 
utilized. The case inclusion criteria were as follows: (1) patients who underwent open CME or laparoscopic-assisted 
CME procedures, (2) cases in which the surgical team was composed of senior surgeons with the capability of 
performing CME independently, (3) patients with a confirmed postoperative pathological diagnosis of colon cancer, 
and (4) patients with a confirmed postoperative diagnosis of myocardial injury. Exclusion criteria for this study were as 
follows: (1) patients concomitant with other malignancies; (2) patients exhibiting distant metastasis of colon cancer 
through pathological examination or imaging; (3) patients diagnosed with acute heart failure, atrial fibrillation, and other 
serious cardiac dysfunctions prior to surgery; (4) patients with a history of open-heart surgery; and (5) patients with 
absent cases, clinical data, or visits. All patients who participated in this study were followed up for at least 3 years after 
the surgery (See Supplementary Material). The study was conducted in accordance with the Declaration of Helsinki and 
was approved by the Ethics Committee of Wuxi People’s Hospital and Wuxi Second People’s Hospital with approval 
number KY22085.

Study Design and Data Collection
The clinical information of patients diagnosed with colon cancer between 2010 and 2020 was procured from the 
databases of Wuxi People’s Hospital and Wuxi Second People’s Hospital. The data included 36 preoperative variables 
(within 24 h before the day of surgery), intraoperative variables, and postoperative variables (occurring 48 h after the 
initial surgery). Preoperative variables collected included patient demographic characteristics (gender, age, history of 
smoking, alcohol abuse, and body mass index), basic clinical characteristics (American Society of Anesthesiologists 
score, nutrition risk screening 2002 score, history of surgery, adjuvant chemotherapy history, and adjuvant radiotherapy 
history), basic medical history (anemia, tachycardia, chronic kidney disease, diabetes mellitus, hypertension, chronic 
obstructive pulmonary disease, and hyperlipidemia), laboratory tests (albumin, carcinoembryonic antigen and 
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carbohydrate antigen 19-9), and tumor characteristics (T-stage, N-stage, tumor size, and tumor number). The intraopera-
tive variables collected included the type of surgery, number of lymph nodes dissected, duration of surgery, intraoperative 
bleeding, intraoperative blood transfusion, intraoperative percutaneous arterial oxygen saturation status, whether the 
patient experienced intraoperative tachycardia, and whether the surgery was an emergency procedure. Postoperative 
variables collected included laboratory test indices (neutrophil to lymphocyte ratio, procalcitonin, C-reactive protein, and 
serum amyloid A). The outcome variable of the study was postoperative myocardial injury.

Diagnosis of Myocardial Injury
The diagnostic criteria for myocardial injury entail a troponin I measurement >45 ng/L and the patient fulfilling one or 
more of the following conditions: (1) the appearance of ischemic signs or symptoms in the neck, chest, and extremities; 
(2) the display of changes that indicate myocardial ischemia, such as ST-segment elevation on the ECG; (3) the 
presentation of pathological Q waves in any two consecutive leads for ≥30 ms on the ECG; (4) the occurrence of 
changes in the left branch block on the ECG; and (5) the exclusion of other underlying diseases that may cause 
myocardial injury, such as sepsis or pulmonary embolism.10,11

Development and Evaluation of Predictive Models
In this study, SPSS and R software were employed for statistical analysis. To construct and evaluate the clinical 
prediction models, the following procedures were carried out: (1) Univariate and multivariate regression analyses were 
conducted. The chi-square test was utilized to compare the differences between two groups for categorical variables, 
while a t-test was applied for continuous variables that followed a normal distribution. The rank sum test was employed 
for continuous variables that did not conform to a normal distribution. The threshold for statistical significance was set at 
p<0.05. Logistic regression analysis was then performed on the significant variables from the univariate analysis to 
determine their independent influences on postoperative myocardial injury. Four models, namely, extreme gradient 
boosting (XGBoost), random forest (RF), multilayer perceptron (MLP), and k-nearest neighbor algorithm (KNN), 
were used to score the importance of each factor and rank them according to the weight of their influence. Only the 
variables that ranked in the top fifteen in all four model rankings and were significant in both univariate and multivariate 
analyses were selected. (2) Evaluate and build prediction models. Colon cancer patients diagnosed at Wuxi People’s 
Hospital between January 2010 and January 2020 were chosen as the internal validation set, while those from Wuxi 
Second People’s Hospital during the same period served as the external validation set. The internal validation set was 
randomly split into a training set (70%) and a test set (30%). After filtering out the clinical variables, four machine 
learning algorithms, namely, MLP, RF, XGBoost, and KNN, were applied. The performance of the models was evaluated 
using three criteria: discrimination, calibration, and clinical utility, and the best model was selected for further analysis. 
The model’s predictive ability was determined using a receiver operating characteristic (ROC) curve to calculate the area 
under the curve (AUC) value. The calibration curve was plotted to assess the agreement between the predicted and actual 
results, while decision curve analysis (DCA) was performed to determine the benefit of interventional treatment for 
patients. Internal validation was performed using a k-fold cross-validation methodology. (3) External validation of the 
best model. The generalizability and predictive efficiency of the model was assessed by applying it to an external 
validation set and plotting ROC curves. (4) Model interpretation. SHAP (Shapley Additive Explanation) is a model 
visualization method used to explain individual predictions made by machine learning models. It provides a framework 
to calculate the contribution of each feature to the prediction made by the model for each instance in the dataset. The 
SHAP summary plot ranks the importance of the features based on their contribution to the model’s predictions. It 
displays the SHAP values for each feature, with a bar for each feature indicating the feature’s impact on the model’s 
output. The longer the bar, the more important the feature is in determining the model’s prediction. The SHAP force plot 
is used to explain the prediction of an individual sample. It displays the contribution of each feature to the prediction of 
the selected instance, with the sum of the contributions equaling the model’s prediction for that instance. The force plot 
can help to understand why the model made a certain prediction for a specific sample and to identify which features were 
most influential in that prediction.
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Results
Clinical Information of the Patients
A total of 1198 patients who had been diagnosed with colon cancer were included in this study, including 133 (11.1%) 
patients who suffered from postoperative myocardial injury (Figure 1).

Screening for Risk Factors for Postoperative Myocardial Injury
The findings from both univariate and multivariate analyses demonstrated that age, body mass index (BMI), history 
of alcohol intake, smoking history, hyperlipidemia, previous episodes of tachycardia, diabetes mellitus history, 
chronic obstructive pulmonary disease (COPD) history, duration of surgery, intraoperative bleeding, intraoperative 
percutaneous arterial oxygen saturation (SPO2) status, intraoperative blood transfusion, intraoperative tachycardia, 
tumor T-stage, tumor lymph node metastasis, tumor size, postoperative C-reactive protein (CRP) level, and post-
operative neutrophil-to-lymphocyte ratio (NLR) were significant independent factors (P<0.05) influencing the out-
come (Table 1). The risk factors affecting postoperative myocardial injury were identified by the XGBoost, RF, 
MLP, and KNN models, which included advanced age, preoperative and intraoperative tachycardia, BMI, smoking 
history, NLR, CRP, intraoperative blood transfusion, intraoperative SPO2, operative time, and intraoperative bleeding 
(Figure 2A–D). A comprehensive analysis of these variables led to the selection of advanced age, preoperative and 
intraoperative tachycardia, BMI ≥25 kg/m2, history of smoking, NLR ≥3, CRP ≥10 mg/l, intraoperative blood 
transfusion, intraoperative SPO2 <90%, operative time ≥270 min, and intraoperative bleeding ≥100 ml as predictors 
for the model.

Figure 1 Flow diagram of patients included in the study.
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Table 1 Univariate and Multivariate Analyses of Variables Related to Postoperative Myocardial Injury

Variables Univariate Analysis Multivariate Analysis

OR 95%CI P-value OR 95%CI P-value

Sex Female Reference

Male 1.123 [0.748, 1.687] 0.575

Age <65 Reference Reference

≥65 10.832 [6.811, 17.228] <0.001 4.655 [1.711, 13.402] 0.003

BMI <25 kg/m2 Reference Reference

≥25 kg/m2 4.151 [2.744, 6.280] <0.001 4.268 [1.698, 11.38] 0.003

ASA <3 Reference

≥3 1.046 [0.700, 1.563] 0.828

ALB ≥30g/L Reference Reference

<30g/L 3.3 [2.146, 5.075] <0.001 2.384 [0.901, 6.503] 0.082

NRS2002 score <3 Reference

≥3 0.771 [0.483, 1.231] 0.276

Drinking history No Reference Reference

Yes 4.163 [2.740, 6.326] <0.001 3.144 [1.288, 8.031] 0.013

Smoking history No Reference Reference

Yes 9.308 [6.018, 14.398] <0.001 10.163 [2.945, 41.443] 0.001

Surgical history No Reference

Yes 1.257 [0.837, 1.887] 0.271

Anemia No Reference

Yes 1.191 [0.767, 1.848] 0.436

Hyperlipidemia No Reference Reference

Yes 2.787 [1.855, 4.188] <0.001 2.872 [1.161, 7.473] 0.025

Hypertension No Reference Reference

Yes 6.082 [3.932, 9.407] <0.001 2.03 [0.765, 5.508] 0.157

Diabetes No Reference Reference

Yes 6.327 [4.135, 9.682] <0.001 18.837 [7.069, 57.242] <0.001

Preoperative tachycardia No Reference Reference

Yes 4.373 [2.887, 6.625] <0.001 9.24 [3.536, 27.134] <0.001

COPD No Reference Reference

Yes 6.198 [4.031, 9.529] <0.001 4.861 [1.334, 18.447] 0.017

CKD No Reference

Yes 1.33 [0.800, 2.209] 0.271

Adjuvant Radiotherapy No Reference

Yes 1.491 [0.923, 2.409] 0.103

Adjuvant Chemotherapy No Reference

Yes 1.008 [0.648, 1.568] 0.971

Surgical procedure Laparoscopic surgery Reference

Open surgery 0.688 [0.460, 1.031] 0.07

Emergency surgery No Reference

Yes 1.067 [0.694, 1.642] 0.767

Lymph node dissection <12 Reference

≥12 0.805 [0.514, 1.261] 0.344

Surgery time <270 min Reference Reference

≥270 min 6.901 [4.492, 10.602] <0.001 4.202 [1.683, 11.11] 0.003

Intraoperative bleeding <100 ml Reference Reference

≥100 ml 4.626 [3.053, 7.009] <0.001 4.288 [1.639, 11.914] 0.004

SpO2 ≥90% Reference Reference

<90% 4.081 [2.695, 6.180] <0.001 5.438 [2.15, 14.995] 0.001

Blood transfusion No Reference Reference

Yes 3.343 [2.073, 5.391] <0.001 5.491 [1.758, 18.277] 0.004

Intraoperative tachycardia No Reference Reference

Yes 4.507 [2.960, 6.864] <0.001 4.838 [1.914, 13.176] 0.001

T-stage T1~T2 Reference Reference

T3~T4 4.343 [2.843, 6.636] <0.001 3.706 [1.44, 9.97] 0.007

(Continued)
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Model Building and Evaluation
The training set’s ROC curve results demonstrated XGBoost’s exceptional performance, with an AUC value as high as 0.997. 
In the validation set, XGBoost outperformed the other three models, with an AUC value of 0.956 (Table 2). The calibration 
curves of all four models showed high consistency between the predicted and actual results, aligning with the ideal curves. 
Furthermore, the DCA curves indicated that all models exhibited a net clinical benefit in comparison to either a full or no 
treatment plan (Figure 3A–D). The generalization ability of the four models was assessed using k-fold cross-validation. In this 
investigation, the test set comprised N=253 cases (30.01%), while the remaining samples were utilized for 5-fold cross- 
validation. The XGBoost algorithm displayed a superior performance with an AUC value of 0.9478±0.0056 in the validation 
set and an AUC value of 0.9520 in the test set, alongside an accuracy of 0.9051 (Figure 4A–C). The RF algorithm 
demonstrated an AUC value of 0.7835±0.0659 in the validation set and an AUC value of 0.8464 in the test set, with an 
accuracy of 0.8577. The MLP algorithm exhibited an AUC value of 0.8910±0.0562 in the validation set and an AUC value of 
0.9360 in the test set, with an accuracy of 0.8656. Finally, the KNN algorithm showed an AUC value of 0.8812±0.0476 in the 
validation set and an AUC value of 0.8870 in the test set, with an accuracy of 0.9051. Upon comprehensive comparison, the 
XGBoost algorithm was chosen for model construction in this study.

Model External Validation
The external validation set demonstrated an AUC value of 0.74, indicating that the disease prediction model exhibited 
a high level of accuracy. (Figure 4D).

Model Explanation
The SHAP summary plot depicted the importance of risk factors for myocardial injury after CME, with advanced age, 
operative time ≥270 min, intraoperative tachycardia, history of smoking, intraoperative SPO2 <90%, BMI ≥25 kg/m2, 
intraoperative bleeding ≥100 ml, preoperative tachycardia, CRP ≥10 mg/l, NLR ≥3, and intraoperative blood transfusion 
ranking as the top 11 factors (Figure 5). The SHAP force plot illustrates the predictive analysis of the model for two 
patients with myocardial injury. The model predicted a probability of myocardial injury of 0.412 for patient I, and the 

Table 1 (Continued). 

Variables Univariate Analysis Multivariate Analysis

OR 95%CI P-value OR 95%CI P-value

N-stage N0 Reference Reference

N1~N2 4.082 [2.688, 6.198] <0.001 3.097 [1.126, 8.992] 0.031

Tumor number <2 Reference

≥2 1.017 [0.611, 1.695] 0.947

Tumor size <5 cm Reference Reference

≥5 cm 3.062 [1.926, 4.868] <0.001 3.658 [1.177, 11.87] 0.027

CEA level <5 ng/ml Reference

≥5 ng/ml 1.11 [0.677, 1.821] 0.679

CA19-9 level <37 U/mL Reference

≥37 U/mL 0.77 [0.464, 1.276] 0.31

PCT level <0.05 ng/ml Reference

≥0.05 ng/ml 1.169 [0.771, 1.772] 0.461

CRP level <10 mg/l Reference Reference

≥10 mg/l 2.236 [1.485, 3.366] <0.001 2.891 [1.115, 7.863] 0.032

SAA level <10 mg/l Reference

≥10 mg/l 0.851 [0.570, 1.272] 0.432

NLR <3 Reference Reference

≥3 3.219 [2.090, 4.959] <0.001 4.646 [1.793, 12.782] 0.002

Abbreviations: OR, odds ratio; CI, confidence interval; BMI, body mass index; ASA, The American Society of Anesthesiologists; ALB, 
albumin; CA19-9, carbohydrate antigen 19-9; PCT, procalcitonin; CRP, C-reactive protein; SAA, serum amyloid A; NRS2002, nutrition 
risk screening 2002; CKD, chronic kidney disease; COPD, chronic obstructive pulmonary disease; SPO2, percutaneous arterial oxygen 
saturation; NLR, neutrophil to lymphocyte ratio.
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factors that increased its likelihood were preoperative tachycardia, intraoperative tachycardia, NLR ≥ 3, and operative 
time ≥ 270 min. The model predicted a probability of myocardial injury of 0.854 for patient II, and the factors that 
increased its likelihood were intraoperative bleeding ≥ 100 ml, CRP ≥ 10 mg/l, intraoperative tachycardia, operative time 
≥ 270 min, and advanced age (Figure 6A and B).

Discussion
This study assesses the risk prediction models derived from four machine learning algorithms. Our findings indicate that 
the XGBoost algorithm demonstrates high accuracy, efficiency, flexibility, and universal applicability. In comparison to 

Figure 2 The variable influence factor ranking plots of the four models. (A) Variable importance ranking diagram of the XGBoost model. (B) Variable importance ranking 
diagram of the RF model. (C) Variable importance ranking diagram of the MLP model. (D) Variable importance ranking diagram of the KNN model.
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the RF algorithm, the XGBoost algorithm effectively addresses the regularization problem and mitigates model 
overfitting.12 While the MLP algorithm and KNN algorithm are more precise and proficient at avoiding overfitting, 
they exhibit less stability when tackling multi feature and large sample problems.13 The XGBoost algorithm is better 
suited for multidimensional studies and substantially reduces computational effort and training time. In contrast to the 
SVM algorithm and KNN algorithm, the XGBoost algorithm possesses several distinct advantages. Accordingly, after 
scrutinizing all four machine learning algorithms, the XGBoost algorithm was deemed optimal for constructing a model 
aimed at predicting the incidence of myocardial injury after CME in this investigation.

A number of studies14,15 have partially validated the effectiveness of machine learning algorithms in clinical 
diagnosis and prognosis. These techniques have been shown to predict adverse outcomes in disease progression with 
greater accuracy than traditional diagnostic methods. In the present study, machine learning algorithms played a crucial 
role in developing a predictive model. This model can reduce the number of nonessential tests that patients undergo, 
lessen the financial burden on their families, and minimize the side effects of diagnostic instruments on patients. Most 
importantly, this model can enable clinical decision makers to accurately identify high-risk patients and initiate timely 
interventional treatments to improve patient prognosis. In this study, SHAP analysis was employed to identify the risk 
factors for myocardial injury after CME, including advanced age, smoking history, preoperative tachycardia, intraopera-
tive tachycardia, CRP levels ≥10 mg/L, an NLR ≥3, BMI ≥25 kg/m2, SPO2 levels <90%, intraoperative blood 
transfusion, long operative time, and high intraoperative bleeding.

As patients age, they become more susceptible to developing organic lesions in the heart. The myocardium of elderly 
patients undergoes varying degrees of pathological changes, such as hypertrophy and fibrosis, which ultimately affect 
cardiac pumping function. Moreover, elderly patients are particularly vulnerable to myocardial injury due to changes in 
the sympathetic and endocrine systems caused by major surgical procedures such as CME. This results in an increased 
volume and pressure load on the heart. Patients with preoperative tachycardia and those who experience intraoperative 
tachycardia are also at a higher risk of developing myocardial injury in the postoperative period, according to the findings 
of this study. It is widely believed that surgery, as a specific form of trauma, can worsen preexisting complications in 
patients. Patients with tachycardia are at a higher risk of myocardial injury, and those with atypical clinical presentations 
may develop cardiovascular diseases such as acute heart failure in response to triggers such as surgery. Furthermore, the 
surgical procedure can cause an increase in pressure in the patient’s left atrium, significantly increasing the risk of 
postoperative myocardial injury. Studies conducted by Philippe et al have demonstrated a robust correlation between the 
patient’s heart rate and postoperative heart failure. Specifically, for every 10 beats/min increase in heart rate, the risk of 
postoperative heart failure increases by 10%.16,17 This further supports the notion that rapid heart rate can be considered 
a new risk factor in predicting postoperative myocardial injury.

This study utilized two samples to explore models for predicting postoperative myocardial injury in patients. In both 
samples, longer operative time and higher intraoperative bleeding were found to be significant risk factors. This may be 
attributed to the large fluid loss and prolonged exposure to anesthetic drugs, which increase the workload of myocardial 
cells and decrease oxygen supply, ultimately leading to an increased risk of myocardial injury. Prolonged surgery also 

Table 2 Evaluation of the Four Models

AUC (95%CI) Accuracy (95%CI) Sensitivity (95%CI) Specificity (95%CI)

KNN Training set 0.981 (0.972–0.990) 0.951(0.944–0.959) 1.000(1.000–1.000) 0.900(0.895–0.905)
Validation set 0.863 (0.740–0.979) 0.927(0.912–0.943) 0.763(0.722–0.803) 0.931(0.878–0.984)

XGBoost Training set 0.997 (0.993–1.000) 0.974(0.970–0.978) 0.977(0.964–0.990) 0.976(0.971–0.981)

Validation set 0.956 (0.920–0.991) 0.910(0.884–0.936) 0.973(0.941–1.005) 0.883(0.829–0.937)
RF Training set 0.816 (0.761–0.871) 0.826(0.781–0.871) 0.837(0.778–0.896) 0.685(0.596–0.774)

Validation set 0.814 (0.697–0.931) 0.837(0.788–0.886) 0.772(0.679–0.865) 0.788(0.712–0.865)

MLP Training set 0.964 (0.945–0.984) 0.902(0.865–0.939) 0.907(0.878–0.936) 0.902(0.859–0.946)
Validation set 0.940 (0.882–0.997) 0.895(0.872–0.918) 0.942(0.864–1.019) 0.862(0.815–0.909)

Abbreviations: AUC, area under the curve; RF, random forest; XGBoost, extreme gradient boosting; MLP, multilayer perceptron; KNN, k-nearest 
neighbor algorithm; CI, confidence interval.
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triggers the hypothalamic–pituitary–adrenal (HPA) axis and sympathetic nervous system, resulting in the release of 
cortisol and catecholamines, which affect heart rate, blood pressure, and myocardial contractility. Although these 
hormones may help the body cope with intraoperative injury in the short term, long-term activation may cause potential 
damage to cardiac myocytes. Another important mechanism of myocardial injury is the immune and inflammatory 
response triggered by surgery. Inflammatory factors play a role in tissue healing and repair but may also have damaging 
effects.18,19 Studies have suggested that certain inflammatory factors, such as tumor necrosis factor-α and interleukin-1, 
can lead to oxidative stress and mitochondrial dysfunction in cardiac myocytes, disrupting normal cellular function. 
These findings support the conclusions drawn from the present study.

Figure 3 Evaluation of the four models for predicting myocardial injury. (A) ROC curves for the training set of the four models. (B) ROC curves for the validation set of the 
four models. (C) Calibration plots of the four models. In a calibration plot, the 45° dotted line represents perfect calibration, where the observed and predicted values are 
perfectly matched. The distance between the observed and predicted values is shown by the curves, and a closer distance indicates greater accuracy of the model. (D) DCA 
curves of the four models. In a decision curve analysis, the x-axis represents the threshold probability of the outcome, while the y-axis represents the net benefit of making 
a decision based on the model’s prediction. The “All” curve represents the net benefit of treating all patients, regardless of the model’s prediction, while the “None” curve 
represents the net benefit of not treating any patients.
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This investigation revealed that obese individuals were more inclined to suffer from myocardial injury subsequent to 
surgery. These patients are more often combined with chronic diseases, such as hypertension and diabetes, which increase the 
risk of myocardial injury.20–22 In addition, obese patients are more prone to perivascular adipose tissue, resulting in a greater 
risk of surgical injury and presenting difficulties with respect to local exposure of the surgical field during open CME or 
laparoscopic-assisted CME procedures. These factors exacerbate the complexity of surgery, necessitating greater surgical 
expertise and predisposing the patient to a greater likelihood of intraoperative bleeding, which increases the hemodynamic 
load on the patient. Zhou et al discovered that high BMI is an autonomous risk factor for cardiovascular disease.23 Moreover, 
this study also determined that chronic smoking is a significant risk factor for postoperative myocardial injury. Patients who 
smoke experience further elevations in cardiopulmonary burden and are at risk of complications, such as pulmonary stasis 
and compensatory hypertrophy of the myocardium, which impairs cardiac function. Furthermore, patients with altered 
airway structures and diminished immune defenses are susceptible to pulmonary infections and more vulnerable to 
cardiovascular complications.24 Consequently, healthcare professionals are encouraged to offer active health education to 

Figure 4 Internal validation of the XGBoost model. (A) ROC curve of the XGBoost model for the training set. (B) ROC curve of the XGBoost model for the validation set. 
(C) ROC curve of the XGBoost model for the test set. (D) External validation of the XGBoost model.
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patients, advise them to quit smoking two to three weeks before the surgery, and encourage appropriate physical activity to 
enhance cardiopulmonary function. Patients should be closely observed for signs of pulmonary distress and laboratory 
indicators, and prophylactic antimicrobial drugs should be administered to deter pulmonary infections.

Figure 5 SHAP summary plot. Risk factors are arranged along the y-axis based on their importance, which is given by the mean of their absolute Shapley values. The higher 
the risk factor is positioned in the plot, the more important it is for the model.

Figure 6 SHAP force plot. SHAP analysis is a method used to explain the output of a machine learning model by attributing the contribution of each feature to the final 
prediction. The SHAP values represent the contribution of each feature to the difference between the actual prediction and the baseline prediction. In the horizontal line 
plot, each feature is represented by a bar with a corresponding SHAP value. The position of the bar along the horizontal line indicates the magnitude and direction of the 
impact of the feature on the prediction. The features are sorted by their absolute SHAP value, with the most important features on the left and the least important on the 
right. The color of the bar represents the direction of the feature’s impact. Blue bars indicate features that have a negative effect on the disease prediction, meaning that an 
increase in the feature value decreases the likelihood of disease. Red bars indicate features that have a positive effect on disease prediction, meaning that an increase in the 
feature value increases the likelihood of disease. (A) Predictive Analysis of Patient I. (B) Predictive Analysis of Patient II.
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In recent times, certain researchers have expressed optimism that alternative methods to troponin testing could 
potentially curtail healthcare expenditures. However, this approach has led to a proportionate escalation in misdiagnoses 
and heightened mortality risk among patients.5–7 Consequently, medical practitioners have commenced the process of 
refining their diagnostic protocols by leveraging predictive models that factor in cardiovascular disease. However, these 
studies tend to focus solely on the general clinical characteristics of patients.25,26 Notably, the development of post-
operative myocardial injury can be influenced by the neurological and endocrine systems, as alterations in these systems 
may cause overexpression of proinflammatory cytokines and signaling molecules. Thus, the present study considered 
relevant inflammatory indicators to assess their impact on the development of myocardial injury. Our study demonstrated 
a higher incidence of myocardial injury in patients with elevated postoperative NLR and CRP. A meta-analysis of 14 
studies also supported the strong association between inflammatory markers and the development of cardiovascular 
disease.27 Additionally, Christian employed CRP to predict cardiovascular function in patients and provided precise 
individualized treatment plans. This further reinforces the findings of our current study.28–30

This study also incorporated some high-risk factors that may be overlooked by clinicians. The findings revealed that 
an SPO2 level below 90% was a significant risk factor for postoperative myocardial injury. Although cardiomyocytes are 
less sensitive to hypoxia than brain cells, they are still more vulnerable to injury during intraoperative hypoxia. The 
severity and duration of myocardial injury may depend on the severity and duration of hypoxia, as suggested by previous 
studies.31–33 When cardiomyocytes continue to pump blood at a high rate without adequate oxygen, lactic acid 
accumulation may result in acidosis, leading to cellular death. Furthermore, hypoxia can trigger biochemical responses 
such as mitochondrial dysfunction and the release of reactive oxygen species (ROS) and cytokines, which increase the 
risk of myocardial injury.34 This study also revealed that patients who received blood transfusions during surgery were 
also at a higher risk of postoperative myocardial injury. A study by Ronald et al demonstrated that blood transfusions 
may trigger immunosuppression and increase the incidence of postoperative infection in oncology patients.35 

Additionally, blood transfusions may lead to the formation of reactive oxygen species, which can have a destructive 
effect on cell membranes and other cellular components.

Limitations
The present investigation offers a thorough assessment of three facets pertaining to the model, namely discrimination, 
calibration, and clinical utility. This evaluation serves as an exemplar for a predictive model that prognosticates 
postoperative complications in other moderately-to-highly complex abdominal surgeries. However, there were some 
limitations. For instance, the study did not focus on biochemical indicators of patients, despite including several risk 
factors. Moreover, although the machine learning algorithms used had high accuracy, the resulting models were more 
complex and less interpretable. The entire computational and decision-making process of the model is performed in 
a black box, which is not as intuitive and clear as logistic regression models.36–38 Additionally, the current study was 
a retrospective study, which has disadvantages such as selection bias and retrospective bias. Therefore, future studies 
should include multicenter prospective studies to enhance the reliability of the results.

Conclusion
In this study, an XGBoost machine learning algorithm was used to construct a model for predicting the risk of myocardial 
injury after CME. The model has high prediction accuracy and clinical utility and can provide strong support for 
surgeons to diagnose patients in a timely manner. The results showed that myocardial injury remains one of the major 
problems faced by CME patients after surgery and is closely associated with advanced age, smoking history, preoperative 
tachycardia, intraoperative tachycardia, CRP ≥10 mg/l, NLR ≥3, BMI ≥25 kg/m², SPO2 <90%, intraoperative blood 
transfusion, long operative time, and high intraoperative bleeding.

Data Sharing Statement
The original data presented in the study are included in Supplementary Material, and further inquiries can be directed to 
the corresponding author (shenweijs@outlook.com).
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