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Abstract

Background
This study aimed to develop and validate a machine learning (ML)-based model to assess the risk of
ischemic stroke (IS) in hospitalised patients with coronary artery disease (CAD) after off-pump coronary
artery bypass grafting (OPCABG).

Methods
Data were collected from the electronic health records of 25,488 hospitalised patients with CAD
receiving coronary artery bypass grafting at the Beijing Anzhen Hospital of Capital Medical University
(BAH-CMU cohort, training and internal validation sets) between January 1, 2019, and December 31,
2021, and at the Peking University People’s Hospital (PKUPH cohort, external validation set) between
May 1, 2016, and June 30, 2024. Patient and clinical characteristics available pre-, intra-, and
postoperatively were used as inputs for five candidate ML models: support vector machine, random
forest, logistic regression, k-nearest neighbour (KNN), and XGBoost. Model performance was compared
using the area under the receiver operating characteristic curve (AUC). Shapley Additive exPlanation
(SHAP) method was utilised to visualise and interpret the complex relationships between the variables
and outcomes. Post-OPCABG IS Model (POISM), a web-based tool, was further designed utilising ML
algorithms.

Results
A total of 11,855 patients (2452 [20.9%] female) were included in this study. The best-performing model,
using perioperative data, achieved the following AUCs: internal validation (XGBoost), 0.863 (95% CI,
0.793–0.933); external validation (XGBoost), 0.786 (95% CI, 0.68–0.891); and combined validation
(XGBoost), 0.827 (95% CI, 0.765–0.890). The SHAP analysis illustrated significant clinical contributors
associated with risk of postoperative IS. Based on this model, we created an easy-to-use website tool,
POISM, which clinicians can easily utilise for clinical decision-making in patients at risk of IS.

Conclusions
This XGBoost model showed strong predictive performance on both the training and test datasets.
Moreover, the user-friendly web tool, POISM, can quickly predict the risk of postoperative IS in
hospitalised patients with CAD undergoing OPCABG, thereby supporting clinical decision-making and
reducing adverse outcomes.

Background
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Coronary artery bypass grafting (CABG) is a major revascularisation approach for patients with coronary
artery disease (CAD) and has favourable short- and long-term outcomes [1, 2]. Initially, CABG relied on
on-pump techniques using saphenous vein grafts. However, off-pump coronary artery bypass grafting
(OPCABG) emerged as an alternative to reduce complications associated with cardiopulmonary bypass
(CPB), such as stroke, respiratory failure, and renal dysfunction [2, 3]. Among these, perioperative stroke,
particularly ischemic stroke (IS), is a relatively frequent and life-threatening complication [1, 4], occurring
in 1.1%–5.7% of CAD cases following CABG [5, 6]. Post-OPCABG stroke has a high negative impact on
mortality and morbidity, increases the costs of both inpatient and follow-up care, and is a leading cause
of rehospitalisation [7–9]. Therefore, predicting IS at admission is essential for multidisciplinary
management, including medical and surgical treatments, to prevent potentially catastrophic outcomes.

To date, various risk models have been developed to screen patients with a high risk of postoperative
mortality for optimal decision-making. Although current guidelines recommend them, several
nonspecific scoring systems for stroke or mortality, such as the Society of Thoracic Surgeons model [10]
and the European System for Cardiac Operative Risk Evaluation [11], are often ineffective in patients with
CAD undergoing CABG, mainly due to their suboptimal accuracy and specificity for IS prediction [10, 12].
Moreover, most traditional models are based on logistic regression assuming independence among risk
factors, whereas IS pathogenesis involves multiple interacting risk factors [12]. Hence, there is an urgent
need for baseline risk stratification to develop specific prediction models for postoperative IS to improve
outcomes through targeted management in high-risk patients.

Machine learning (ML) has been widely used in medicine as a powerful tool to uncover meaningful
information hidden within massive amounts of complex data [13–15]. Unlike linear models that utilise
logistic regression, ML algorithms use computational techniques to effectively explore parameter
spaces, resulting in highly predictive models [16]. Several recent studies have attempted to develop ML-
based models for predicting post-CABG complications (e.g., acute kidney injury and atrial fibrillation) [17,
18]. However, research focusing on assessing the IS risk after OPCABG remains limited. In this study, we
applied ML to design an intuitive, user-friendly risk model for predicting postoperative IS in hospitalised
patients with CAD undergoing OPCABG and assessed the accuracy and robustness of the model across
various cohorts.

Methods

Patients and enrolment criteria
The study was approved by the Institutional Review Committee of Beijing Anzhen Hospital and Peking
University People’s Hospital and the requirement of informed consent was waived owing to its
observational and non-invasive nature. All data were kept confidential and anonymous to ensure the
protection of participants’ privacy and rights.
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Initially, a retrospective cohort study that included 22,558 hospitalised patients who underwent CABG
consecutively was performed. These patients were admitted to Beijing Anzhen Hospital of Capital
Medical University (Centre 1) between January 2018 and December 2022. Data were extracted from
electronic medical records (EMRs). Data collected from patients undergoing CABG at Centre 1 were
designated as the BAH-CMU cohort. Data were then randomly divided into training and internal validation
sets, following an 8:2 ratio, and a random number table was used for separation. For external testing,
data from 2,930 hospitalised patients undergoing CABG, who were consecutively admitted to Peking
University People’s Hospital (Centre 2), were used and referred to as the PKUPH cohort (Supplementary
Fig. 1).

The following inclusion criteria were used: (1) aged ≥ 18 years and (2) undergoing OPCABG. The
exclusion criteria were as follows: (1) on-pump CABG; (2) CABG combined with other surgical
procedures; (3) aborted or incomplete surgery; and (4) missing data.

Definitions
All patients were adults with a diagnosis of CAD, encompassing both acute coronary syndrome (ACS)
and chronic CAD. IS was defined as a sudden onset of global or focal neurological deficits lasting for > 
24 h, with confirmation via computed tomography and/or magnetic resonance imaging [19].
Postoperative IS diagnosis was initially made by surgical staff, followed by independent confirmation by
two neurologists. To minimise inter-rater variability in image interpretation, a standardised assessment
protocol aligned with established clinical guidelines was implemented [20, 21], which included
predefined radiological criteria to identify infarcted lesions and a structured reporting format.

Variable selection and model construction
Potential variables were identified from hospital admission data and various consensus statements,
guidelines, and retrospective observational studies. This information was sourced from the full-
admission EMRs and validated by two neurologists at each hospital. For patients with incomplete
information, telephone follow-up was performed to obtain clinical CAD features. Available patient
demographic data, medical history, echocardiographic findings, comorbidities, and laboratory tests were
included [8, 9, 22, 23]. Laboratory test results encompassed the latest results prior to evaluation and
those acquired at the time of diagnosis. Statisticians performed data cleaning and processing, and two
researchers subsequently validated the extracted data to ensure reliability. Variables with > 30% missing
values were excluded from the retrospective cohort analysis. The multiple imputation was used to
impute missing values for variables with < 30% missing data. To ensure the model’s robustness and
reliability, Lasso regression was used to analyze and rank the importance of potential variables, leading
to the selection of important variables for the final model.

Development, implementation, and evaluation of the models
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This study used patient data from two different centres. The BAH-CMU cohort was randomly divided into
training and internal test datasets. The PKUPH cohort was used as an external validation set to further
evaluate the model capabilities. During the validation, hyperparameter tuning and cross-validation
analyses were performed. This method provides a robust evaluation of the model before testing on
different datasets and helped optimise model performance. The synthetic minority oversampling
technique was employed to address data imbalance in the training and validation datasets, effectively
mitigating the imbalance issue and improving model robustness.

Five established ML models, namely, support vector machine, random forest, logistic regression, k-
nearest neighbours (KNN), and XGBoost, were developed to predict in-hospital postoperative IS. Several
metrics were used to evaluate model performance: area under the receiver operating characteristic curve
(AUC), area under the precision-recall curve (PR-AUC), calibration curve, and decision curve. The AUC and
PR-AUC evaluated the overall ability of the model to differentiate between high- and low-risk individuals.
The calibration curve illustrated how well the predicted outcomes matched the actual outcomes, and
decision curve analysis (DCA) provided a visual representation of the net benefit for each model.

Model interpretation, development, and clinical application of a web-
based tool
The Shapley Additive exPlanation (SHAP) method was employed to explore the underlying dynamics of
the ML-based risk model. Each SHAP summary plot illustrated the contribution of each variable to the IS
model predictions. The variables were ranked by importance, and the magnitude and direction of their
effects were colour coded. Finally, POISM (Post-OPCABG IS Model), a web-based tool with a scoring
function utilising ML algorithm, was designed and tested on two cases at risk of IS to evaluate its clinical
utility and translational impact in perioperative care.

Statistical analysis
Continuous variables are expressed as mean ± SD or median (Q1, Q3). Student’s t-test and the Mann–
Whitney U test were conducted for normally and non-normally distributed data, respectively. Categorical
variables are summarised as counts (percentages) and analysed using the chi-square test or Fisher’s
exact test. All statistical analyses were performed using R version 4.3.3 (R Foundation for Statistical
Computing, Vienna, Austria). A P-value < 0.05 was deemed statistically significant.

Results

Patient characteristics
The BAH-CMU cohort comprised 10,184 adult patients who underwent OPCABG (Supplementary Fig. 1),
and were divided into two groups: a training dataset with 8,147 patients and an internal validation
dataset with 2,037 patients. In the training/internal validation dataset, the median age was 63 years
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(interquartile range [IQR], 57–69 years), and 1,995 patients (19.6%) were female. The median
hospitalisation duration was 13 days (IQR, 10–16 days). No differences in baseline characteristics of
age, sex, or major comorbidities (e.g., diabetes and hypertension) were observed between the two
groups (Supplementary Table 1). In this training cohort, 127 (1.58%) patients who underwent OPCABG
developed IS. The basic characteristics of the patients with IS in the training dataset were detailed in
Table 1. The PKUPH cohort included 1,671 patients (457 [27.3%] female), among whom 24 (1.44%) had
IS (Supplementary Table 2).
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Table 1
Baseline characteristics of patients with or without ischemic stroke (IS) in the BAH-CMU training cohort
Variables IS patients

(n = 127)

Non-IS patients

(n = 8,020)

P-value

Age 65 (59, 69) 63 (57, 69) 0.003

Sex (female) 54 (42.5%) 1941 (24.2%) < 0.001

T2DM 74 (58.3%) 3254 (40.6%) < 0.001

Hypertension 98 (77.2%) 5230 (65.2%) 0.007

History of MI 17 (13.4%) 1311 (16.3%) 0.438

AMI 4 (3.1%) 614 (7.7%) 0.101

History of stroke 61 (48.0%) 1364 (17.0%) < 0.001

Smoking 54 (42.5%) 3856 (48.1%) 0.248

Alcohol use 34 (26.8%) 2203 (27.5%) 0.941

History of cardiac surgery 16 (12.6%) 1295 (16.1%) 0.338

Continued Table 1. Baseline characteristics of patients in the BAH-CMU training cohort

Carotid stenosis (≥ 70%) 26 (20.5%) 451 (5.6%) < 0.001

Emergency surgery 5 (3.9%) 257 (3.2%) 0.833

IABP 2 (1.6%) 134 (1.7%) 1.000

Preoperative SBP (mmHg) 165.00 (150.00,
182.00)

156.00 (140.00,
175.00)

0.001

Preoperative DBP (mmHg) 77.00 (70.00,
82.00)

75.00 (70.00,
82.00)

0.458

Postoperative SBP (mmHg) 126.00 (120.00,
133.00)

125.00 (120.00,
131.00)

0.044

Postoperative DBP (mmHg) 69.00 (65.00,
73.00)

69.00 (64.00,
75.00)

0.699

T2DM, type 2 diabetes mellitus; MI, myocardial infarction; AMI, acute myocardial infarction; IABP,
intra-aortic balloon pump; LVEF, left ventricular ejection fraction; RDW-CV, red blood cell distribution
width-coefficient of variation; MAP, mean arterial pressure; SBP, systolic blood pressure; DBP,
diastolic blood pressure; POAF, postoperative atrial fibrillation; BMI, body mass index; Hs-CRP, high-
sensitivity C-reactive protein; ALT, alanine aminotransferase; AST, aspartate aminotransferase; TG,
triglycerides; TC, total cholesterol; HDL-C, high-density lipoprotein cholesterol; LDL-C, low-density
lipoprotein cholesterol; BUN, blood urea nitrogen; UA, uric acid; FBG, fasting blood glucose; HCY,
homocysteine; GA, glycated albumin; CK, creatine kinase; CK-MB, creatine kinase isoenzyme MB;
LDH, lactate dehydrogenase; TP, total protein; AGR, albumin-to-globulin ratio; BNP, B-type natriuretic
peptide; PT, prothrombin time; APTT, activated partial thromboplastin time; INR, international
normalised ratio; FDP, fibrin degradation products; PF, plasma fibrinogen.
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Variables IS patients

(n = 127)

Non-IS patients

(n = 8,020)

P-value

Duration of a low intraoperative MAP (< 
65 mmHg) (*5min)

1.00 (0.00, 3.00) 0.00 (0.00, 1.00) < 0.001

Duration of surgery (h) 5.00 (4.50, 5.50) 5.00 (4.00, 5.50) 0.416

Washed erythrocyte transfusion (ml) 250.00 (0.00,
490.00)

250.00 (50.00,
420.00)

0.505

POAF 14 (11.0%) 311 (3.9%) < 0.001

Intraoperative blood loss (ml) 700.00 (600.00,
900.00)

600.00 (600.00,
800.00)

0.376

Continued Table 1. Baseline characteristics of patients in the BAH-CMU training cohort

LVEF (%) 60.00 (54.00,
65.00)

60.00 (55.00,
65.00)

0.429

BMI 25.71 (23.45,
27.29)

25.71 (23.74,
27.73)

0.938

Leukocyte (×10⁹/L) 7.15 (5.66, 9.41) 7.51 (6.10, 9.65) 0.124

Erythrocyte (×10¹²/L) 4.22 (3.58, 4.59) 4.30 (3.78, 4.70) 0.042

Platelet (×10⁹/L) 222.00 (180.00,
280.00)

208.00 (169.00,
251.00)

0.009

Haemoglobin (g/L) 129.00 (109.50,
140.00)

132.00 (117.00,
145.00)

0.008

RDW-CV (%) 13.00 (12.50,
13.60)

12.80 (12.40,
13.30)

0.01

Hs-CRP (mg/L) 1.59 (0.81, 4.55) 1.47 (0.66, 4.01) 0.659

ALT (U/L) 18.00 (12.50,
29.50)

21.00 (14.00,
32.00)

0.062

AST (U/L) 18.00 (15.00,
26.00)

19.00 (15.00,
26.00)

0.934

T2DM, type 2 diabetes mellitus; MI, myocardial infarction; AMI, acute myocardial infarction; IABP,
intra-aortic balloon pump; LVEF, left ventricular ejection fraction; RDW-CV, red blood cell distribution
width-coefficient of variation; MAP, mean arterial pressure; SBP, systolic blood pressure; DBP,
diastolic blood pressure; POAF, postoperative atrial fibrillation; BMI, body mass index; Hs-CRP, high-
sensitivity C-reactive protein; ALT, alanine aminotransferase; AST, aspartate aminotransferase; TG,
triglycerides; TC, total cholesterol; HDL-C, high-density lipoprotein cholesterol; LDL-C, low-density
lipoprotein cholesterol; BUN, blood urea nitrogen; UA, uric acid; FBG, fasting blood glucose; HCY,
homocysteine; GA, glycated albumin; CK, creatine kinase; CK-MB, creatine kinase isoenzyme MB;
LDH, lactate dehydrogenase; TP, total protein; AGR, albumin-to-globulin ratio; BNP, B-type natriuretic
peptide; PT, prothrombin time; APTT, activated partial thromboplastin time; INR, international
normalised ratio; FDP, fibrin degradation products; PF, plasma fibrinogen.
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Variables IS patients

(n = 127)

Non-IS patients

(n = 8,020)

P-value

TC(mmol/L) 3.91 (3.24, 4.72) 3.84 (3.27, 4.50) 0.221

HDL-C (mmol/L) 0.97 (0.84, 1.14) 0.97 (0.84, 1.13) 0.381

TG (mmol/L) 1.42 (1.16, 2.08) 1.43 (1.08, 1.95) 0.903

Continued Table 1. Baseline characteristics of patients in the BAH-CMU training cohort

LDL-C (mmol/L) 2.19 (1.67, 2.80) 2.15 (1.69, 2.69) 0.316

BUN (mmol/L) 5.62 (4.56, 7.59) 5.60 (4.60, 6.88) 0.14

Serum creatinine (µmol/L) 73.30 (61.95,
89.85)

73.50 (64.20,
85.00)

0.946

UA (µmol/L) 317.90 (262.25,
385.85)

320.10 (262.80,
384.80)

0.512

FBG (mmol/L) 6.78 (5.21, 9.36) 5.96 (5.02, 7.78) 0.004

GA (%) 16.84 (14.02,
19.92)

15.40 (13.73,
18.55)

0.013

HCY (µmol/L) 14.00 (11.55,
17.45)

14.10 (11.80,
18.40)

0.525

CK (U/L) 62.00 (45.50,
87.00)

67.00 (50.00,
95.00)

0.475

CK-MB (µg/mL) 2.10 (1.40, 3.15) 2.10 (1.30, 4.00) 0.567

LDH (U/L) 176.00 (158.00,
200.50)

175.00 (155.00,
200.00)

0.247

Myoglobin (µg/L) 107.00 (23.45,
295.00)

169.00 (25.30,
302.18)

0.497

Serum Na + (mmol/L) 140.10 (137.95,
142.25)

139.80 (137.80,
141.80)

0.248

Serum Cl - (mmol/L) 102.90 (100.85,
104.70)

103.30 (101.30,
105.00)

0.518

T2DM, type 2 diabetes mellitus; MI, myocardial infarction; AMI, acute myocardial infarction; IABP,
intra-aortic balloon pump; LVEF, left ventricular ejection fraction; RDW-CV, red blood cell distribution
width-coefficient of variation; MAP, mean arterial pressure; SBP, systolic blood pressure; DBP,
diastolic blood pressure; POAF, postoperative atrial fibrillation; BMI, body mass index; Hs-CRP, high-
sensitivity C-reactive protein; ALT, alanine aminotransferase; AST, aspartate aminotransferase; TG,
triglycerides; TC, total cholesterol; HDL-C, high-density lipoprotein cholesterol; LDL-C, low-density
lipoprotein cholesterol; BUN, blood urea nitrogen; UA, uric acid; FBG, fasting blood glucose; HCY,
homocysteine; GA, glycated albumin; CK, creatine kinase; CK-MB, creatine kinase isoenzyme MB;
LDH, lactate dehydrogenase; TP, total protein; AGR, albumin-to-globulin ratio; BNP, B-type natriuretic
peptide; PT, prothrombin time; APTT, activated partial thromboplastin time; INR, international
normalised ratio; FDP, fibrin degradation products; PF, plasma fibrinogen.
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Variables IS patients

(n = 127)

Non-IS patients

(n = 8,020)

P-value

Continued Table 1. Baseline characteristics of patients in the BAH-CMU training cohort

TP (g/L) 69.30 (65.90,
74.10)

68.80 (65.10,
72.50)

0.044

AGR 1.56 (1.40, 1.73) 1.62 (1.46, 1.80) 0.007

BNP (pg/mL) 152.00 (76.00,
333.00)

122.00 (52.00,
256.00)

0.017

PT (s) 11.50 (11.00,
12.00)

11.50 (11.00,
12.20)

0.925

APTT (s) 31.20 (29.15,
33.20)

31.10 (28.90,
33.50)

0.285

INR 1.01 (0.97, 1.06) 1.02 (0.97, 1.08) 0.742

FDP (µg/mL) 0.87 (0.40, 1.60) 0.70 (0.30, 1.30) 0.045

PF (g/L) 3.42 (3.00, 4.10) 3.20 (2.80, 3.70) < 0.001

D-dimer (µg/mL) 138.00 (83.00,
255.00)

121.00 (76.00,
199.00)

0.049

T2DM, type 2 diabetes mellitus; MI, myocardial infarction; AMI, acute myocardial infarction; IABP,
intra-aortic balloon pump; LVEF, left ventricular ejection fraction; RDW-CV, red blood cell distribution
width-coefficient of variation; MAP, mean arterial pressure; SBP, systolic blood pressure; DBP,
diastolic blood pressure; POAF, postoperative atrial fibrillation; BMI, body mass index; Hs-CRP, high-
sensitivity C-reactive protein; ALT, alanine aminotransferase; AST, aspartate aminotransferase; TG,
triglycerides; TC, total cholesterol; HDL-C, high-density lipoprotein cholesterol; LDL-C, low-density
lipoprotein cholesterol; BUN, blood urea nitrogen; UA, uric acid; FBG, fasting blood glucose; HCY,
homocysteine; GA, glycated albumin; CK, creatine kinase; CK-MB, creatine kinase isoenzyme MB;
LDH, lactate dehydrogenase; TP, total protein; AGR, albumin-to-globulin ratio; BNP, B-type natriuretic
peptide; PT, prothrombin time; APTT, activated partial thromboplastin time; INR, international
normalised ratio; FDP, fibrin degradation products; PF, plasma fibrinogen.

Variable selection and model construction
For feature selection, LASSO regression was used to identify 22 features and rank their importance. The
top 10 features, in descending order of importance, were fibrinogen degradation products (FDP),
postoperative atrial fibrillation (POAF), female sex, severe carotid artery stenosis (stenosis degree ≥ 
70%), red blood cell distribution width-coefficient of variation (RDW-CV), type 2 diabetes mellitus (T2DM),
fasting blood glucose (FBG), plasma fibrinogen (PF), history of stroke, and prolonged intraoperative
hypotension (< 65 mmHg). Subsequent modelling processes utilised these 10 predictors. The coefficient
path and cross-validation curve plots of the LASSO regression are shown in Supplementary Fig. 2A and
2B.

Predictive performance of ML models
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The performance of various ML models in predicting IS was analysed (Fig. 1). Receiver operating
characteristic (ROC) curves for all five models were plotted. These models exhibited varying abilities to
predict IS. Among the five classification algorithms, XGBoost achieved the highest AUC of 0.863 (95% CI,
0.793–0.933). Furthermore, the XGBoost model was tested externally, with an AUC of 0.786 (95% CI,
0.68–0.891) and 0.827 (95% CI, 0.765–0.890) for the PKUPH test dataset and combined BAH-
CMU/PKUPH test cohorts, respectively, reflecting its effective predictive capabilities (Fig. 2 and
Supplementary Table 3). Moreover, the calibration plots confirmed that the risks of IS evaluated using
the XGBoost algorithm aligned well with the actual observed outcomes. The XGBoost model exhibited
high consistency between predicted risks and actual IS observations in patients undergoing OPCABG
(Fig. 3). To investigate the net benefit of the XGBoost model, a DCA was conducted. The analysis
revealed that the model exhibited favourable clinical utility (Fig. 4), suggesting that our prediction model
had significant clinical relevance.

Model interpretation and clinical practicality of POISM
The computed feature importance using the SHAP method is shown in Supplementary Fig. 3. Based on
this analysis, 10 key features were selected, including prolonged intraoperative hypotension
(intraoperative_low_MAP_duration), history of stroke (IS_history), PF (PF), FBG (FBG), T2DM
(diabetes_mellitus), RDW-CV (RDW_CV), severe carotid artery stenosis (carotid_stenosis), female sex
(female), POAF (POAF), and FDP (FDP).

Practical applications of POISM (accessible at https://qfsky.shinyapps.io/ais_opcabg_prediction/) are
illustrated in Supplementary Table 3, with an example depicting its execution process. In Case 1, a 63-
year-old man with prolonged intraoperative hypotension and severe carotid stenosis had a predicted
probability of 2.36% for developing IS. Based on this risk evaluation, the medical team adopted a
proactive approach, such as blood pressure monitoring and maintenance of sufficient blood volume and
cerebral perfusion, to prevent IS occurrence. In Case 2, a 66-year-old woman with pre-existing T2DM
exhibited significantly elevated preoperative FBG levels, with a probability (2.31%) of developing IS.
Accordingly, the clinical team prioritised perioperative glycemic control by adjusting the hypoglycemic
regimen, consequently preventing IS.

Discussion
In this multicentre, retrospective cohort study, a new ML-based tool to predict IS risk following OPCABG
was developed. This solution is effective, exemplified by multiple instances in which ML-based methods
outperformed conventional risk stratification approaches [24–27]. We applied various advanced ML
algorithms and assessed each model to detect patients at high IS risk. Consequently, the XGBoost
model demonstrated a superior discriminative capability, with the highest sensitivity and specificity.
Based on this model, POISM, an easy-to-use website tool, was created and displayed favourable clinical
utility.
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Among all the variables, female sex, T2DM, history of stroke, RDW-CV, FBG, PF, FDP, carotid stenosis ≥ 
70%, prolonged intraoperative hypotension, and POAF were identified as the key predictors. Prolonged
intraoperative hypotension, the greatest contributor to model output, is associated with worsened
survival and increased incidence of stroke [28, 29]. Although its pathophysiological role in postoperative
stroke remains unclear, multiple mechanisms, including catecholamine increase, mechanical trauma to
red blood cells triggering inflammatory conditions, and reduced vasomotor reactivity after CPB in the
presence of hypotension, may aggravate end-organ damage, leading to adverse outcomes such as
stroke [29]. Hence, continuous invasive blood pressure monitoring is essential for optimising fluid
management and maintaining hemodynamic stability throughout the perioperative period.

Patients’ baseline characteristics, such as previous IS and severe carotid stenosis (≥ 70%), two
conventional risk factors, are directly linked to IS occurrence [8, 22, 30–33]. The most commonly used
preoperative and intraoperative interventions for carotid stenosis include pharmacological therapy and
revascularisation options, such as carotid artery stenting and carotid endarterectomy. However, the
efficacy of these revascularisation procedures in reducing postoperative stroke among patients with
severe carotid stenosis remains elusive [32, 34]. A better understanding of the effectiveness of these
interventions will improve clinical practice.

Consistent with previous research [8, 9, 30, 35–37], our study demonstrated a significant impact of sex
on perioperative stroke occurrence, with female sex showing a remarkably higher IS risk than males.
Notably, a study by Keeling et al. revealed that female sex was associated with an increased 30-day
mortality, attributed to anatomical and physiological factors [36]. Hence, sufficient postoperative
attention should be paid to female patients to alleviate these risks.

In the present study, a significant association between T2DM and postoperative IS was observed,
consistent with previous studies [9]. Elevated glycemic levels are correlated with both stroke incidence
and poor short-term prognosis following CABG [38–43]. Glycemic levels directly influence the
occurrence of post-CABG stroke. Acute hyperglycemia decreases nitric oxide bioavailability, impairs
endothelial function, increases platelet aggregation, and stimulates coagulation [44], suggesting that it
increases IS risk. Therefore, controlling preoperative blood glycemic levels is crucial to reduce the
incidence of postoperative IS. Based on these findings, it was recommended that perioperative blood
glucose levels should be controlled below 9.99 mmol/L [45].

Hypercoagulability is associated with a greater risk for MI, stroke, and mortality in the early period after
CABG. We found that PF and FDP levels were associated with IS. Corroborating this finding, a recent
study revealed that elevated fibrinogen levels could be a causative risk factor for IS, with the risk
doubling for each 1 g/L increase. However, the underlying pathogenesis of CAD complicated by IS after
CABG remains unclear. Therefore, we hypothesise that increased PF production directly activates
multiple mechanisms, accelerates atherosclerosis and thrombogenesis [46], and consequently results in
IS. However, this issue needs to be clarified in future studies.
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As an independent risk factor, red blood cell distribution width (RDW) has been used for predicting post-
CABG IS and transient ischemic attack [23, 47, 48]. We validated this finding by revealing a clear link
between the RDW-CV and IS risk. Although the pathogenic role of increased RDW in IS remains largely
unknown, it has been speculated to be associated with inflammatory status and oxidative stress [48, 49].
Nevertheless, future studies with larger sample sizes are needed to further confirm its role and clinical
utility in predicting IS across diverse populations.

POAF is an important and potentially modifiable risk factor [50, 51]. POAF is associated with increased
risk of stroke and in-hospital mortality [52] and it also contributes to additional treatment, prolonged
hospitalisation, and increased costs [53–55]. The aetiology likely involves multiple factors, such as
pericardial inflammation, autonomic stimulation, oxidative stress, and electrolyte disturbances [56].
Additionally, a recent study reported that short-term IS risk in patients with POAF after CABG was
associated with prior IS, older age, heart failure, and MI [57]. Therefore, preventive measures including β-
blockers and careful periprocedural anticoagulation for POAF may help reduce postoperative stroke [58,
59].

Among many algorithm-based models, XGBoost is a widely preferred model used for clinical prediction
of several human diseases such as brain injury, and COVID-19 [60–62]. Because of the presence of
numerous intricate variables in CAD admissions with unclear relationships, the XGBoost model was used
to enhance data analysis and prediction accuracy in this study. Although the XGBoost model is liable to
overfit, this issue was addressed by persistently refining this model with a large sample size and
validating it independently using multicentre cohorts in our study [63]. Furthermore, the SHAP method
was utilised to elucidate the XGBoost model, in order to better understand how variables affect
outcomes. More importantly, integration of the SHAP method with XGBoost model resulted in POISM, a
website tool that can be easily used by clinicians to guide decision-making in treating patients at risk of
IS.

Conclusion
This study demonstrated for the first time that the ML model, particularly XGBoost, performs well in
predicting in-hospital postoperative IS in patients undergoing OPCABG. POISM was created based on
this model, and it can be conveniently used to evaluate IS risk effectively and serves as a reliable tool for
targeted management following OPCABG. Hence, this study provides a solid foundation for early
identification and therapy for patients at risk of IS, leading to improved outcomes and reduced economic
burden.

Limitations
Our study has several limitations. First, the incidence of post-CABG IS was low. Although more than
10,000 cases were enrolled, the limited number of positive cases may compromise overall statistical
power and hinder robust statistical analysis, affecting the reliability of the findings. Second, as a
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retrospective study, the results may have been affected by incomplete data recording and missing
values. Third, owing to limitations in longitudinal follow-up data from the hospital’s electronic records, we
defined in-hospital postoperative IS as the primary outcome rather than 30-day IS after OPCABG. Finally,
all data were sourced from the Beijing region, which may introduce selection bias and constrain the
generalisability of the results. Hence, future multicentre prospective studies on a larger scale are
warranted to validate our findings.

Future work
Future studies should confirm the associations identified in our ML-based analysis using prospective
data. Conducting larger multicentre studies across diverse regions and performing external validation
will improve the generalisability of the prediction model to other populations and clinical scenarios.
Additionally, a comprehensive comparison of the XGBoost model with traditional models (e.g., the STS
model) is needed to assess their predictive performance. Investigating the efficacy of targeted
interventions (e.g., intraoperative hypotension management) and identifying other potential risk factors
(e.g., family history, environmental influences, and lifestyle choices) may provide deeper insight into the
determinants contributing to in-hospital IS risk after OPCABG.
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Figures

Figure 1

Plot of the area under the receiver operating characteristic (ROC) curve of different machine learning
(ML) models in the BAH-CMU test dataset. BAH-CMU, Beijing Anzhen Hospital of Capital Medical
University. XGBoost, eXtreme Gradient Boosting; LR, Logistic Regression; RF, Random Forest; SVM,
Support Vector Machine; KNN, k-Nearest Neighbours; AUC, Area Under the ROC Curve; CI, Confidence
Interval.
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Figure 2

Plot of the area under the receiver operating characteristic (ROC) curve of the XGBoost model in (A) the
PKUPH-test cohort, and (B) the combined test (BAH-CMU-test and PKUPH) cohorts. BAH-CMU, Beijing
Anzhen Hospital of Capital Medical University; PKUPH, Peking University People’s Hospital.
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Figure 3

Calibration plots for the XGBoost model in (A) the PKUPH-test cohort, and (B) the combined test (BAH-
CMU-test and PKUPH) cohorts. BAH-CMU, Beijing Anzhen Hospital of Capital Medical University; PKUPH,
Peking University People’s Hospital.
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Figure 4

Decision curve analysis (DCA) plots for the XGBoost model in (A) the PKUPH-test cohort, and (B) the
combined test (BAH-CMU-test and PKUPH) cohorts. BAH-CMU, Beijing Anzhen Hospital of Capital
Medical University; PKUPH, Peking University People’s Hospital.
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