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Abstract: Objective: To evaluate the incidence of pleural effusion (PE) following coronary artery bypass grafting 
(CABG), identify associated risk factors, and develop a validated predictive model for early detection. Methods: A 
retrospective cohort of 1,979 patients who underwent CABG at Beijing Chaoyang Hospital (Capital Medical Univer-
sity) was randomly divided into training (70%) and validation (30%) sets. Risk factors for PE were identified through 
univariate analysis, LASSO regression, and multivariate logistic regression. Five machine learning models-nomo-
gram, back-propagation neural network (BPNN), random forest, gradient boosting, and support vector machine-
were developed. External validation was performed using data from 289 patients at the First Affiliated Hospital of 
Guangxi Medical University. Results: PE occurred in 71.0% of patients (1,405/1,979) within 3 days postoperatively. 
Independent risk factors included body mass index (BMI), carotid artery stenosis, postoperative pneumonia, dura-
tion of mechanical ventilation, intraoperative blood loss, operative time, and ejection fraction. Among the models, 
the BPNN demonstrated the best performance, with area under the curve (AUC) values of 0.828 in the training set 
and 0.751 in the internal validation set. The AUC for external validation was 0.737, outperforming the other models 
across all evaluation metrics. Conclusions: This study developed a predictive model for post-CABG pleural effusion 
with high discriminatory power, providing a useful tool for early risk stratification in clinical settings.
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Introduction

The coronary arteries provide the primary  
blood supply to the heart. When these vessels 
become narrowed or occluded, myocardial cells 
receive insufficient blood and oxygen, resulting 
in myocardial ischemia and hypoxia. This pro-
cess is a key driver of coronary artery disease 
(CAD), which includes coronary heart disease 
(CHD) and ischemic heart disease (IHD) [1]. 
Globally, cardiovascular diseases account for 
over 30% of annual deaths, affecting appro- 
ximately 17 million people. CAD represents 
around 40% of these cases, underscoring its 
significant impact on global health [2].

Coronary artery bypass grafting (CABG) is a 
highly effective surgical intervention for pa- 
tients with severe three-vessel disease or criti-
cal stenosis of the left main coronary artery [3, 
4]. However, postoperative pleural effusion (PE) 
remains a common complication [5-7]. PE not 
only prolongs hospital stays but also increases 
healthcare costs, imposing a substantial bur-
den on patients and healthcare systems [8]. 
Moreover, it is a leading cause of readmission 
within one month following CABG [9-11].

Recent model-based studies have achieved 
promising results in predicting complications 
after CABG, such as septic shock, thrombocyto-
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penia, liver dysfunction, and new-onset atrial 
fibrillation [12-14]. However, these studies 
exhibit several limitations. Many involve rela-
tively small sample sizes, and some focus on  
a narrow set of clinical indicators, failing to 
comprehensively assess the factors contribut-
ing to complications. Notably, there is a signifi-
cant lack of research specifically addressing 
postoperative PE. The few existing studies on 
PE offer limited and superficial analyses of 
associated risk factors, and effective predic- 
tive models for identifying high-risk patients 
are lacking.

To address this gap, our study conducted a 
comprehensive analysis of data collected from 
CABG patients at a medical center over the 
past decade. We aimed to identify risk factors 
associated with the development of postopera-
tive PE and applied machine learning (ML) tech-
niques to develop multiple predictive models, 
which were then successfully validated in clini-
cal settings.

Materials and methods

Patient selection

We conducted a retrospective analysis of 
patient data from Beijing Chaoyang Hospital, 
Capital Medical University. The study includ- 
ed patients who underwent CABG between 
January 2010 and October 2020. The inclusion 
criteria were as follows: Patients aged 18 years 
or older, diagnosed with CHD and those who 
underwent CABG. Patients were excluded if 
they met any of the following criteria: Pre-
existing PE prior to CABG, history of thoracic or 
cardiac surgery, other conditions potentially 
leading to PE (e.g., chylothorax, hemothorax, 
malignancies), liver or kidney dysfunction, em- 
ergency or secondary surgeries, and incom-
plete data.

To externally validate the model, we collected 
clinical data from patients who underwent 
CABG at the First Affiliated Hospital of Guangxi 
Medical University between 2010 and 2020, 
applying the same inclusion and exclusion cri-
teria. This study was approved by the Ethics 
Committee of Beijing Chaoyang Hospital 
Affiliated to Capital Medical University (No: 
2018-Ke-321).

Data extraction

Data were extracted from the medical records 
of eligible patients. The extracted data includ-
ed variables relevant to postoperative PE pre-
diction. The comprehensive dataset consisted 
of the following aspects:

Demographic information: gender, age, height, 
weight, body mass index (BMI), smoking index, 
and alcohol consumption.

PE-related indicators: presence or absence of 
PE, classification of effusion volume, location 
(unilateral/bilateral), and the first occurrence 
time of PE.

Disease assessment data: past medical his- 
tory (hypertension, stroke, diabetes, chronic 
obstructive pulmonary disease [COPD], hypoal-
buminemia, prior percutaneous coronary inter-
vention [PCI], carotid artery stenosis [CAS], 
unstable angina, myocardial infarction), num-
ber of diseased coronary arteries, and ejection 
fraction (EF).

Surgery-related indicators: operative time, in- 
traoperative blood loss, number of coronary 
bypass grafts, postoperative complications 
(e.g., pneumonia, pleural effusion), diagnostic 
methods for PE, and postoperative laboratory 
examination indicators (creatine kinase-myo-
cardial band [CK-MB], albumin [ALB], total  
cholesterol [TC], triglycerides [TG], high-den- 
sity lipoprotein cholesterol [HDL-C], low-density 
lipoprotein cholesterol [LDL-C], aspartate trans-
aminase [AST], alanine transaminase [ALT], 
creatine kinase [CK], lactate dehydrogenase 
[LDH], gamma-glutamyl transpeptidase [GGT], 
blood urea nitrogen [BUN], creatinine [Cre], car-
diac troponin I [cTnI], white blood cells [WBC], 
red blood cells [RBC], neutrophils [NEUT], lym-
phocytes [LYM], neutrophil/lymphocyte ratio 
[NLR], eosinophils [EOS], hemoglobin [HB], 
platelets [PLT], and platelets/lymphocyte ratio 
[PLR]).

Prognostic indicators: length of hospital stay, 
duration of mechanical ventilation, and time 
spent in the ICU.

Chest X-ray results obtained three days post-
CABG were used to classify patients into two 
groups: those with PE and those without PE. 
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The PE group was further stratified into three 
subgroups based on the volume of pleural effu-
sion: (1) Small Volume Group: pleural fluid vol-
ume < 500 mL (characterized by a blunted cos-
tophrenic angle). (2) Medium Volume Group: 
pleural fluid volume 500-1,000 mL (pleural 
fluid plane near the lung hilum). (3) Large 
Volume Group: pleural fluid volume > 1,000  
mL (pleural effusion plane exceeding the lung 
hilum) [15].

Outcome measures

The primary objective of this study was to 
develop and validate a predictive model for 
postoperative PE following CABG. The predic-
tive performance of the models was evaluated 
using various metrics, including the area un- 
der the receiver operating characteristic (ROC) 
curve, calibration plots, and decision curve 
analysis.

Statistical methods

Statistical analysis was performed using SPSS 
version 27. Descriptive statistics were used to 
summarize the characteristics of the data. To 
enhance the clinical interpretation of continu-
ous variables, optimal cut-off values were used 
to categorize them, with results presented as 
counts and percentages. Group comparisons 
were conducted using either the chi-square 
test or Fisher’s exact test, depending on the 
distribution of the data.

Univariate logistic regression analysis was ini-
tially performed to assess the impact of indi-
vidual variables on the occurrence of postop-
erative PE. The least absolute shrinkage and 
selection operator (LASSO) method was then 
used to identify variables potentially influenc-
ing the outcome [16]. Finally, multivariate logis-
tic regression analysis was performed to pre-
cisely identify variables for inclusion in the 
predictive model. A statistical significance le- 
vel was set at a p-value of less than 0.05.

For model construction, the “caret” package in 
R software (version 4.1.3) was used, with ran-
dom seeds set to 2023. The enrolled patients 
were divided into training (70%) and validation 
(30%) sets. The predictive model was devel-
oped using data from the training set. Addi- 
tionally, 289 patients from the First Affiliated 
Hospital of Guangxi Medical University were 

included for external validation of the model. 
During model development, the “rms”, “neu- 
ralnet”, “randomForest”, “gbm”, and “e1071” 
packages in R were used to sequentially de- 
velop a nomogram, a back-propagation neural 
network (BPNN), a random forest (RF), a gradi-
ent boosting model (GBM), and a support vec-
tor machine (SVM).

Results

General characteristics of CABG patients

Data were collected from 2,398 patients who 
underwent CABG at Beijing Chaoyang Hospital, 
Capital Medical University. After excluding 419 
participants who did not meet the inclusion cri-
teria, 1,979 patients were ultimately included 
in the analysis (Figure 1). Of these, 1,487 
(75.1%) were male and 492 (24.9%) were fe- 
male (Figure 2A). The mean age of the cohort 
was 63.33 ± 8.80 years, with the highest pro-
portion (42.0%) in the 61 to 70 years age group. 
A small percentage (0.8%) were aged 30 to 40 
years, while 1.3% were over 81 years old (Figure 
2B).

Among the 1,979 patients, 574 (29%) did not 
develop postoperative PE within 3 days, while 
1,405 (71%) exhibited this complication. The 
majority (59.9%) presented with left-sided pleu-
ral effusion, with 93% showing mild effusion 
and only 4% having significant volume accu- 
mulation (Figure 2C). For model development,  
a random 70% of the dataset (n = 1,385) was 
allocated to the training set, with the remaining 
30% (n = 594) designated for validation. The 
training cohort consisted of 1,385 patients, 
including 981 with postoperative PE and 404 
controls without PE. These patients were strati-
fied into the PE group and the without PE group.

Comparison of baseline characteristics and 
serum biochemical markers

A comparative analysis of baseline characteris-
tics and serum biochemical markers was per-
formed between the PE and without PE groups. 
The baseline demographics and clinical pa- 
rameters are presented in Table 1. Significant 
differences were identified in multiple clinical 
parameters, including gender, BMI, hyperten-
sion, stroke, CAS, EF, duration in the ICU, 
mechanical ventilation time, surgical blood 
loss, and operation time (all P < 0.05). The anal-
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Figure 1. Flow chart of patient inclusion. Abbreviations: PE, pleural effusion; CABG, Coronary artery bypass grafting.

Figure 2. Basic information of patients. A. Gender; B. Age; C. Distribution map of the proportion of 1979 patients in 
each group. Abbreviation: PE, pleural effusion.

ysis also revealed marked differences in serum 
levels of HDL-C, AST, ALT, CK, LDH, cTnI, NEUT, 

NLR, and EOS between the two groups (all P < 
0.05, Table 2).
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Table 1. Comparison of baseline characteristics between the PE group and those without-PE

Characteristic Without PE
n = 404

With PE 
n = 981 χ2 P value

Age, years 2.626 0.105
    < 60 145 (35.9) 308 (31.4)
    ≥ 60 259 (64.1) 673 (68.6)
Gender 3.915 0.048
    Male 322 (79.7) 733 (74.7)
    Female 82 (20.3) 248 (25.3)
BMI, kg/m2 10.831 < 0.001
    < 26 260 (64.4) 537 (54.7)
    ≥ 26 144 (35.6) 444 (45.3)
Smoking index 2.982 0.084
    < 290 189 (46.8) 509 (51.9)
    ≥ 290 215 (53.2) 472 (48.1)
Alcohol consumption 1.819 0.611
    Never 166 (41.1) 422 (43.0)
    Sometimes 156 (38.6) 360 (36.7)
    Former 20 (5.0) 62 (6.3)
    Abuse 62 (15.3) 137 (14.0)
Medical history
    Hypertension 263 (65.1) 694 (70.7) 4.271 0.039
    Dyslipidemia 253 (62.6) 594 (60.6) 0.518 0.472
    Diabetes 160 (39.6) 392 (40.0) 0.015 0.902
    COPD 10 (2.5) 27 (2.8) 0.084 0.771
    Stroke 56 (13.9) 180 (18.3) 4.076 0.043
    Hypoproteinemia 194 (48.0) 506 (51.6) 1.451 0.228
    Prior PCI 57 (14.1) 139 (14.2) 0.001 0.997
    CAS 121 (30.0) 458 (46.7) 32.947 < 0.001
    Unstable angina 194 (48.0) 485 (49.4) 0.231 0.631
    Myocardial infarction 106 (26.2) 216 (22.0) 2.855 0.091
    Postoperative pneumonia 115 (28.5) 340 (34.7) 4.975 0.026
No. of diseased coronary arteries 2.743 0.254
    1-2 57 (14.1) 125 (12.7)
    3 318 (78.7) 805 (82.1)
    ≥ 4 29 (7.2) 51 (5.2)
No. of coronary bypasses 0.075 0.963
    1-2 148 (36.6) 357 (36.4)
    3 199 (49.3) 480 (48.9)
    ≥ 4 57 (14.1) 144 (14.7)
EF, % 12.006 < 0.001
    < 50 43 (10.6) 178803 (18.1)
    ≥ 50 361 (89.4) 803 (81.9)
Time in ICU, day 12.575 < 0.001
    < 4 226 (55.9) 446 (45.5)
    ≥ 4 178 (44.1) 535 (54.5)
Use of respirator 1.368 0.713
    NO 50 (12.4) 113 (11.5)
    Non-invasive 18 (4.5) 36 (3.7)
    Invasive 308 (76.2) 750 (76.5)
    Invasive and Non-invasive 28 (6.9) 82 (8.3)
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Mechanical ventilation time, day 22.344 < 0.001
    < 26 374 (92.6) 812 (82.9)
    ≥ 26 30 (7.4) 169 (17.2)
Amount of bleeding, mL 18.285 < 0.001
    < 475 284 (70.3) 569 (58.0)
    ≥ 475 120 (29.7) 412 (42.0)
Time of operation, hour 11.431 < 0.001
    < 4 183 (45.3) 349 (35.6)
    ≥ 4 221 (54.7) 632 (64.4)
Abbreviations: PE, Pleural effusion; M, median; BMI, Body Mass Index; COPD, Chronic Obstructive Pulmonary Disease; PCI, Per-
cutaneous Transluminal Coronary Intervention; CAS, Carotid artery stenosis; EF, Preoperative Left Ventricular Ejection Fraction; 
ICU, Intensive Care Unit. Data are presented as number (%).

Table 2. Comparison of laboratory test results between the PE 
group and patients without PE

Characteristic Without PE
n = 404

With PE
n = 981 χ2 P value

CKMB, U/L 0.907 0.341
    < 5.7 221 (54.7) 564 (57.5)
    ≥ 5.7 183 (45.3) 417 (42.5)
ALB, g/L 3.306 0.069
    < 20.9 96 (23.8) 280 (28.5)
    ≥ 20.9 308 (76.2) 701 (71.5)
TC, mmol/L 2.023 0.155
    < 1.60 184 (45.5) 406 (41.4)
    ≥ 1.60 220 (54.5) 575 (58.6)
TG, mmol/L 0.298 0.585
    < 0.59 130 (32.2) 301 (30.7)
    ≥ 0.59 274 (67.8) 680 (69.3)
HDL-C, mmol/L 5.630 0.018
    < 0.75 282 (69.8) 745 (75.9)
    ≥ 0.75 122 (30.2) 236 (24.1)
LDL-C, mmol/L 0.924 0.336
    < 0.45 99 (24.5) 217 (22.1)
    ≥ 0.45 305 (75.5) 764 (77.9)
AST, U/L 3.941 0.047
    < 24 66 (16.3) 206 (21.0)
    ≥ 24 338 (83.7) 775 (79.0)
ALT, U/L 5.327 0.021
    < 18 81 (20.0) 254 (25.9)
    ≥ 18 323 (80.0) 727 (74.1)
CK, U/L 4.604 0.032
    < 218 56 (13.9) 183 (18.7)
    ≥ 218 348 (86.1) 798 (81.3)
LDH, U/L 5.767 0.016
    < 320 368 (91.1) 848 (86.4)
    ≥ 320 36 (8.9) 133 (13.6)
GGT, U/L 1.741 0.187
    < 34 279 (69.1) 712 (72.6)
    ≥ 34 125 (30.9) 269 (27.4)

Influencing factors of PE post-
CABG

Relying solely on variables 
identified as statistically signi- 
ficant in multivariate analysis 
may overlook other crucial fac-
tors that could influence the 
overall interpretation of the 
data [17]. To address this, we 
employed the least absolute 
shrinkage and selection opera-
tor (LASSO) regression method 
due to its advantages in vari-
able selection and model sim-
plification. LASSO regression is 
particularly effective in high-
dimensional datasets, where it 
can simultaneously perform 
variable selection and param-
eter estimation by shrinking 
less important coefficients to 
zero. This helps identify a sub-
set of meaningful variables, 
enhancing model interpretabil-
ity and reducing overfitting 
[18].

Using this approach, 20 po- 
tentially meaningful variables 
were identified for further anal-
ysis. Due to the coefficient of 
LDH being zero, this variable 
was excluded (Table 3), nar-
rowing the analysis to 19 vari-
ables that could influence 
postoperative PE (Figure 3). 
These variables included gen-
der, BMI, hypertension, stroke, 
CAS, postoperative pneumo-
nia, duration in ICU, mechani-
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BUN, mmol/L 3.342 0.068
    < 5.37 263 (65.1) 587 (69.8)
    ≥ 5.37 141 (34.9) 394 (40.2)
Cre, μmol/L 3.703 0.054
    < 103.6 306 (75.7) 693 (70.6)
    ≥ 103.6 98 (24.3) 288 (29.4)
cTnI, ng/L 6.558 0.010
    < 24.75 387 (95.8) 902 (91.9)
    ≥ 24.75 17 (4.2) 79 (8.1)
WBC, *109/L 2.783 0.095
    < 10 211 (52.2) 464 (47.3)
    ≥ 10 193 (47.8) 517 (52.7)
RBC, *102/L 1.503 0.220
    < 4 372 (92.1) 921 (93.9)
    ≥ 4 32 (7.9) 60 (6.1)
NEUT, *109/L 5.696 0.017
    < 9.14 251 (62.1) 541 (55.1)
    ≥ 9.14 153 (37.9) 440 (44.9)
LYM, *109/L 0.938 0.333
    < 0.83 140 (34.7) 367 (37.4)
    ≥ 0.83 264 (65.3) 614 (62.6)
NLR 4.270 0.039
    < 7.63 200 (49.5) 426 (43.4)
    ≥ 7.63 204 (50.5) 555 (56.6)
EOS, *109/L 5.194 0.023
    < 0.04 143 (35.4) 412 (42.0)
    ≥ 0.04 261 (64.6) 569 (58.0)
HB, g/L 0.091 0.763
    < 100 235 (58.2) 562 (57.3)
    ≥ 100 169 (41.8) 419 (42.7)
PLT, *109/L 2.476 0.116
    < 160 254 (62.9) 660 (67.3)
    ≥ 160 150 (37.1) 321 (32.7)
PLR 0.134 0.714
    < 150.84 237 (58.7) 565 (57.6)
    ≥ 150.84 167 (41.3) 416 (42.4)
Abbreviations: PE, Pleural effusion; CKMB, creatine kinase myocardial band; ALB, 
albumin; TC, total cholesterol; TG, triglyceride; HDL-C, high density lipoprotein cho-
lesterol; LDL-C, low density lipoprotein cholesterol; AST, Aspartate Transaminase; 
ALT, alanine transaminase; CK, Creatine Kinase; LDH, Lactate Dehydrogenas; 
GGT, Gamma Glutamyl Transpeptidase; BUN, Blood Urea Nitrogen; Cre, Creatinine; 
cTnI, Cardiac troponin I; WBC, White Blood Cells; RBC, Red Blood Cells; NEUT, 
Neutrophil; LYM, Lymphocyte; NLR, Neutrophil/Lymphocyte; EOS, Eosinophil; HB, 
Hemoglobin; PLT, Platelets; PLR, Platelets/Lymphocyte. Data are presented as 
number (%).

cal ventilation time, surgical blood loss, opera-
tion duration, EF, HDL-C, AST, ALT, CK, cTnI, 
NEUT, NLR, and EOS.

To further investigate their influence, a multi-
variate logistic regression analysis was con-

ducted on these 19 varia- 
bles. The analysis revealed 
seven independent predictors 
of postoperative PE in CABG 
patients: BMI, CAS, postope- 
rative pneumonia, mechanical 
ventilation duration, surgical 
blood loss, operation time,  
and EF (Figure 4).

Construction of prediction 
model for postoperative PE

Based on the seven select- 
ed variables, five models we- 
re constructed: a nomogram, 
BPNN, RF, gradient GBM, and 
SVM. The nomogram model 
(Figure 5A) incorporates se- 
ven predictive variables: BMI, 
CAS, EF, mechanical ventila-
tion time, surgical bleeding  
volume, surgical duration, and 
postoperative pneumonia. The 
β (x - m) term line represents 
the product of the β coeffi-
cient, derived from linear re- 
gression using the least squa- 
res method, and the deviation 
of the independent variable x 
from its mean (m). The β coef-
ficient represents the regres-
sion coefficient, x denotes the 
independent variable, and m 
signifies the mean value of 
that variable. The length of this 
line segment reflects the vari-
able’s contribution to the pre-
diction of postoperative PE. 
The scores of each variable  
are calculated and summed to 
determine the total score for 
the patient. The nomogram 
model estimates the proba- 
bility of postoperative PE fol-
lowing CABG by plotting a ver- 
tical line from the total score  
to the probability scale.

The RF model (Figure 5B) is an ensemble learn-
ing method that combines multiple decision 
trees to improve predictive performance [19]. 
Each tree in the forest is trained on a random 
subset of the data, and the final prediction is 
made by aggregating the results of all trees. 
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predictive model by sequentially combining 
multiple weak prediction models, typically deci-
sion trees [21]. This approach is based on the 
principle of gradient descent, where each new 
tree is trained to correct the errors of the previ-
ous ensemble. Specifically, the GBM algorithm 
minimizes a loss function by iteratively adding 
trees, with each tree focusing on the residuals 
(i.e., the differences between predicted and 
actual values) of the previous iteration. This 
iterative process ensures that the model gra- 
dually improves its predictive accuracy. One of 
the key features of GBM is its ability to handle 
complex datasets with nonlinear relationships 
and interactions between variables. By combin-
ing the predictions of multiple trees, the GBM 
model can capture intricate patterns in the 
data that may not be apparent in individual 
models. Additionally, GBM provides feature 
importance scores, allowing researchers to 
identify the most influential variables in the 
dataset.

The SVM model (Figure 5F) utilizes a radial ker-
nel function with 846 support vectors and a 
penalty factor of 1. The radial basis function 
kernel, commonly used in SVM, maps the input 
data into a higher-dimensional space to achie- 
ve better separation between classes [22]. The 
846 support vectors represent the data points 
that lie closest to the decision boundary and 
play a crucial role in defining the hyperplane 
that separates the classes. The penalty factor, 
set to 1, controls the trade-off between achiev-
ing a low training error and maintaining a sim-
ple model. This configuration ensures that the 
SVM model achieves a balance between com-
plexity and generalization, making it robust for 
classification tasks. Variable importance analy-
sis for the RF, BPNN, and GBM demonstrates 
that CAS is the most influential variable, fol-
lowed by the mechanical ventilation time.

Validation of the model

The training and validation set data were uti-
lized to assess and compare the predictive per-
formance of all models. In the training set, the 
sensitivity and specificity of the models de- 
veloped to predict postoperative PE follow- 
ing CABG were as follows: Nomogram (0.624, 
0.671), BPNN (0.691, 0.797), RF (0.780, 0.641), 
GBM (0.760, 0.690), and SVM (0.828, 0.616) 
(Table 4). Receiver operating characteristic 

Table 3. LASSO regression analysis of the 
coefficients of each variable
Variables Coefficients
Gender -0.042
BMI 0.070
Hypertension 0.035
Stroke 0.030
CAS 0.141
Postoperative pneumonia 0.099
Time in ICU 0.035
Mechanical ventilation time 0.096
Amount of bleeding 0.063
Time of operation 0.050
EF 0.073
HDL-C -0.038
AST -0.019
ALT -0.029
CK -0.033
LDH 0
cTnI 0.041
NEUT 0.019
NLR 0.022
EOS -0.013
Abbreviations: LASSO, least absolute shrinkage and 
selection operator; BMI, Body Mass Index; CAS, Carotid 
artery stenosis; ICU, Intensive Care Unit; EF, Preoperative 
Left Ventricular Ejection Fraction; HDL-C, high density 
lipoprotein cholesterol; AST, Aspartate Transaminase; 
ALT, alanine transaminase; CK, Creatine Kinase; LDH, 
Lactate Dehydrogenas; cTnI, Cardiac troponin I; NEUT, 
Neutrophil; NLR, Neutrophil/Lymphocyte; EOS, Eosino-
phil.

This approach reduces overfitting and enhanc-
es the model’s ability to generalize to unseen 
data.

The BPNN model (Figure 5C and 5D) consists 
of seven input variables and two output results. 
This artificial neural network employs a super-
vised learning algorithm to map input data to 
output predictions through multiple hidden lay-
ers [20]. Each input variable contributes to the 
network’s ability to learn complex nonlinear 
relationships, while the two output results rep-
resent the predicted outcomes. The structure 
of the BPNN enables it to capture intricate pat-
terns in the data, making it particularly effec-
tive for tasks requiring high-dimensional input 
data.

The GBM model (Figure 5E) is a powerful 
ensemble learning method that builds a strong 
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Figure 3. Use LASSO regression to screen potential variables. A. The coefficient curves of 20 overall survival char-
acteristics in the LASSO model. B. The 10-fold cross-validation of the optimal parameter (λ) in the LASSO model was 
selected by the minimum standard. The relationship curve between the partial likelihood deviation curve and the 
logarithm (λ). Abbreviation: LASSO, least absolute shrinkage and selection operator.

(ROC) curves were constructed, with sensitivity 
plotted on the y-axis and (1 - specificity) on the 
x-axis, to evaluate the predictive accuracy of 
each model using the area under the curve 
(AUC). In the test set, only the BPNN achiev- 
ed an AUC value exceeding 0.800, while the 
remaining models showed comparable classi- 
fication capabilities with AUC values around 
0.750 (Figure 6).

In the validation set, the sensitivity of the no- 
mogram, BPNN, RF, GBM, and SVM for predict-
ing PE were 0.531, 0.693, 0.818, 0.589, and 
0.809, respectively. The corresponding speci-
ficities were 0.718, 0.729, 0.642, 0.783, and 
0.553 (Table 4). The AUC values for each mod-
el’s validation set were 0.667, 0.751, 0.762, 
0.745, and 0.708, respectively. Using the cali-
bration function in R software, the validation 
set was resampled via bootstrapping to obtain 
calibration curves for each model, effectively 
mitigating selection bias. Notably, the nomo-
gram and calibration plot for the GBM closely 
resembled the ideal performance curve. Fur- 
thermore, the decision curves for all models 
surpassed the reference line, as depicted in 
Figure 7. No significant differences were ob- 
served between the training and validation  
sets in terms of data distribution (all P > 0.05, 
Table 5).

Validation of the clinical validity of the model

During the internal validation process, it was 
identified that the BPNN and GBM demonstrat-
ed superior predictive capabilities. To compre-
hensively evaluate their generalization capa- 
bilities, robustness, and credibility, data were 
collected from 289 patients who underwent 
CABG at the Department of Cardiovascular 
Surgery, the First Affiliated Hospital of Guangxi 
Medical University. In the external dataset, the 
AUC for the BPNN was 0.737 (95% CI: 0.655-
0.818), while for the GBM, it was 0.710 (95%  
CI: 0.631-0.790). Based on Delong’s test, no 
statistically significant difference was found in 
the AUC between the BPNN and GBM (Z = 
0.563, P = 0.573). Additionally, calibration plo- 
ts revealed minimal discrepancies in the pre-
dictive performance of the models. Neverthe- 
less, the BPNN demonstrated clinical benefits 
across a broader threshold range (Figure 8). It 
is concluded that the BPNN outperforms other 
prediction models in all respects, making it the 
optimal choice for prediction.

Discussion

Pleural effusion following CABG significantly 
contributes to the rehospitalization rate of 
patients, as reported in [9-11]. This condition is 
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Figure 4. Forest plot of multivariate Logistic regression analysis. Abbreviations: BMI, Body Mass Index; CAS, Carotid artery stenosis; EF, Preoperative Left Ventricular 
Ejection Fraction; HDL-C, high density lipoprotein cholesterol; ALT, alanine transaminase; CK, Creatine Kinase; LDH, low density lipoprotein cholesterol; cTnI, Cardiac 
troponin I; NEUT, Neutrophil; NLR, Neutrophil to Lymphocyte rate; EOS, Eosinophil.
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Figure 5. Model construction of PE post-CABG. A. Nomogram; B. Random forest; C. BP neural network; D. Variable importance ranking in BP neural network; E. Vari-
able importance ranking of gradient boosting model; F. The number of support vectors of support vector machine. Abbreviations: BMI, Body Mass Index; CAS, Carotid 
artery stenosis; EF, Preoperative Left Ventricular Ejection Fraction.
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Table 4. Performance comparison of models
Group Model Sensitivity Specificity AUC 95% CI
Training set Nomogram 0.624 0.671 0.702 0.673-0.732

BPNN 0.691 0.797 0.828 0.806-0.849
RF 0.780 0.641 0.754 0.725-0.783

GBM 0.760 0.690 0.790 0.765-0.814
SVM 0.828 0.616 0.774 0.748-0.800

Validation set Nomogram 0.531 0.718 0.667 0.620-0.715
BPNN 0.693 0.729 0.751 0.071-0.792

RF 0.818 0.642 0.762 0.719-0.804
GBM 0.589 0.783 0.745 0.702-0.788
SVM 0.809 0.553 0.708 0.661-0.755

Abbreviations: BPNN, back-propagation neural network; RF, random forest; GBM, gradient boosting model; SVM, support vector 
machine; AUC, area under the curv; CI, Confidence Interval.
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Figure 6. ROC curve, calibration curve and decision curve of the training set of the model. A-C. Nomogram; D-F. 
BPNN; G-I. RF; J-L. GBM; M-O. SVM. Abbreviations: BPNN, back-propagation neural network; RF, random forest; 
GBM, gradient boosting model; SVM, support vector machine.
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Figure 7. ROC curve, calibration curve and decision curve of the validation set of the model. A-C. Nomogram; D-F. 
BPNN; G-I. RF; J-L. GBM; M-O. SVM. Abbreviations: BPNN, back-propagation neural network; RF, random forest; 
GBM, gradient boosting model; SVM, support vector machine.

influenced by a wide range of factors and mech-
anisms. Historically, efforts to predict and strat-
ify risk based on individual factors have been 
insufficient to meet clinicians’ expectations. 
Consequently, a risk model that incorporates  
a composite of various indicators provides a 
more effective approach for accurate evalua-
tion. In our study, BMI, coronary artery steno-
sis, postoperative pneumonia, mechanical ven-
tilation time, surgical blood loss, operation 
duration, and ejection fraction were identified 
as significant factors associated with the de- 
velopment of postoperative PE following CABG. 
By focusing on these predictors, five models 

were developed to estimate the individualized 
risk of PE following CABG.

In this study, the occurrence of PE in patients 
three days following CABG was approximately 
71% (1,405/1,979). Rezk et al. [23] reported a 
lower incidence of postoperative PE in patients 
undergoing CABG, with an incidence of 18% 
within one to two days post-surgery. Brookes  
et al. [9] found that approximately 14% 
(330/409) of patients required thoracic drain-
age following CABG. The differing incidence 
rates can be attributed to multiple factors. 
Firstly, they depend on the study’s critical value 
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Table 5. Comparison of patient data between training set and validation set, n (%)

Characteristic Total
n = 1979

Derivation set
n = 1385

Validation set
n = 594 χ2 P value

Age, years 0.009 0.925
    < 60 646 (32.6) 453 (32.7) 193 (32.5)
    ≥ 60 1333 (67.4) 932 (67.3) 401 (67.5)
Gender 2.643 0.104
    Male 1487 (75.1) 1055 (76.2) 432 (72.7)
    Female 492 (24.9) 330 (23.8) 162 (27.3)
BMI, kg/m2 0.084 0.771
    < 26 1143 (57.8) 797 (57.5) 346 (58.2)
    ≥ 26 836 (42.2) 588 (42.5) 248 (41.8)
Smoking index 0.438 0.508
    < 290 1007 (50.9) 698 (50.4) 309 (52.0)
    ≥ 290 972 (49.1) 687 (49.6) 285 (48.0)
Alcohol consumption 4.066 0.254
    Never 851 (43.0) 588 (42.5) 263 (44.3)
    Sometimes 748 (37.8) 516 (37.3) 232 (39.1)
    Former 115 (5.8) 82 (5.9) 33 (5.6)
    Abuse 265 (13.4) 199 (14.3) 66 (11.0)
Medical history
    Hypertension 1364 (68.9) 957 (69.1) 407 (68.5) 0.065 0.799
    Dyslipidemia 1225 (61.9) 847 (61.2) 378 (63.6) 1.085 0.298
    Diabetes 778 (39.3) 552 (39.3) 226 (38.0) 0.570 0.450
    COPD 53 (2.7) 37 (2.7) 16 (2.7) 0.001 0.978
    Stroke 328 (16.6) 236 (17.0) 92 (15.5) 0.724 0.395
    Hypoproteinemia 985 (4.8) 700 (50.5) 285 (48.0) 1.091 0.296
    Prior PCI 300 (15.2) 196 (14.2) 104 (17.5) 3.642 0.056
    CAS 839 (42.4) 579 (41.8) 260 (43.8) 0.658 0.417
    Unstable angina 957 (48.4) 679 (49.0) 278 (46.8) 0.823 0.364
    Myocardial infarction 452 (22.8) 322 (23.2) 130 (21.9) 0.439 0.508
    Postoperative pneumonia 628 (31.7) 455 (32.9) 173 (29.1) 2.666 0.103
No. of diseased Coronary arteries
    1-2 277 (14.0) 182 (13.1) 95 (16.0) 3.801 0.150
    3 1582 (79.9) 1123 (81.1) 459 (77.3)
    ≥ 4 120 (6.1) 80 (5.8) 40 (6.7)
No. of coronary bypasses 4.992 0.082
    1-2 750 (37.9) 505 (36.5) 245 (41.2)
    3 939 (47.4) 679 (49.0) 260 (43.8)
    ≥ 4 290 (14.7) 201 (14.5) 89 (15.0)
EF, % 1.996 0.158
    < 50 301 (15.2) 221 (16.0) 80 (13.5)
    ≥ 50 1678 (84.8) 1164 (84.0) 514 (86.5)
Time in ICU, day 0.049 0.826
    < 4 957 (48.4) 672 (48.5) 285 (48.0)
    ≥ 4 1022 (51.6) 713 (51.5) 309 (52.0)
Use of respirator 0.819 0.845
    NO 228 (11.5) 163 (11.8) 65 (10.9)
    Non-invasive 77 (3.9) 54 (3.9) 23 (3.9)
    Invasive 1522 (76.9) 1058 (76.4) 464 (78.1)
    Invasive and Non-invasive 152 (7.7) 110 (7.9) 42 (7.1)
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Mechanical ventilation time, day 1.276 0.259
    < 26 1706 (86.2) 1186 (85.6) 520 (87.5)
    ≥ 26 273 (13.8) 199 (14.4) 74 (12.5)
Amount of bleeding, mL 0.003 0.953
    < 475 1218 (61.5) 853 (61.6) 365 (61.4)
    ≥ 475 761 (38.5) 532 (38.4) 229 (38.6)
Time of operation, hour 2.798 0.094
    < 4 784 (39.6) 532 (38.4) 252 (42.4)
    ≥ 4 1195 (604) 853 (61.6) 342 (57.6)
CKMB, U/L 0.258 0.611
    < 5.7 1129 (57.0) 785 (56.7) 344 (57.9)
    ≥ 5.7 850 (43.0) 600 (43.3) 250 (42.1)
ALB, g/L 0.083 0.773
    < 20.9 541 (27.3) 376 (27.1) 165 (27.8)
    ≥ 20.9 1438 (72.7) 1009 (72.9) 429 (72.2)
TC, mmol/L 2.807 0.094
    < 1.60 819 (41.4) 590 (42.6) 229 (38.6)
    ≥ 1.60 1160 (58.6) 795 (57.4) 365 (61.4)
TG, mmol/L 0.803 0.370
    < 0.59 628 (31.7) 431 (31.1) 197 (33.2)
    ≥ 0.59 1351 (68.3) 954 (68.9) 397 (66.8)
HDL-C, mmol/L 1.632 0.201
    < 0.75 1451 (73.3) 1027 (74.2) 424 (71.4)
    ≥ 0.75 528 (26.7) 358 (25.8) 170 (28.6)
LDL-C, mmol/L 0.754 0.385
    < 0.45 441 (22.3) 316 (22.8) 125 (21.0)
    ≥ 0.45 1538 (77.7) 1069 (77.2) 469 (79.0)
AST, U/L 0.709 0.400
    < 24 379 (19.2) 272 (19.6) 107 (18.0)
    ≥ 24 1600 (80.8) 1113 (80.4) 487 (82.0)
ALT, U/L 0.119 0.730
    < 18 483 (24.4) 335 (24.2) 148 (24.9)
    ≥ 18 1496 (75.6) 1050 (75.8) 446 (75.1)
CK, U/L 1.329 0.249
    < 218 329 (16.6) 239 (17.3) 90 (15.2)
    ≥ 218 1650 (83.4) 1146 (82.7) 504 (84.8)
LDH, U/L 3.176 0.075
    < 320 1754 (88.6) 1216 (87.8) 538 (90.6)
    ≥ 320 225 (11.4) 169 (12.2) 56 (9.4)
GGT, U/L 0.053 0.819
    < 34 1413 (71.4) 991 (71.6) 422 (71.0)
    ≥ 34 566 (28.6) 394 (28.4) 172 (29.0)
BUN, mmol/L 3.009 0.083
    < 5.37 1239 (62.6) 850 (61.4) 389 (65.5)
    ≥ 5.37 740 (37.4) 535 (38.6) 205 (34.5)
Cre, μmol/L 3.058 0.080
    < 103.6 1450 (73.3) 999 (72.1) 451 (75.9)
    ≥ 103.6 529 (26.7) 386 (27.9) 143 (24.1)
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cTnI, ng/L 2.467 0.116
    < 24.75 1853 (93.6) 1289 (93.1) 564 (94.9)
    ≥ 24.75 126 (6.4) 96 (6.9) 30 (5.1)
WBC, *109/L 0.340 0.560
    < 10 956 (48.3) 675 (48.7) 281 (47.3)
    ≥ 10 1023 (51.7) 710 (51.3) 313 (52.7)
RBC, *102/L 0.233 0.630
    < 4 1844 (93.2) 1293 (93.4) 551 (92.8)
    ≥ 4 135 (6.8) 92 (6.6) 43 (7.2)
NEUT, *109/L 1.626 0.202
    < 9.14 1150 (58.1) 792 (57.2) 358 (60.3)
    ≥ 9.14 829 (41.9) 593 (42.8) 236 (39.7)
LYM, *109/L 0.455 0.500
    < 0.83 715 (36.1) 507 (36.6) 208 (35.0)
    ≥ 0.83 1264 (63.9) 878 (63.4) 386 (65.0)
NLR 1.000 0.317
    < 7.63 909 (45.9) 626 (45.2) 283 (48.2)
    ≥ 7.63 1070 (54.1) 759 (54.8) 311 (51.8)
EOS, *109/L 5.433 0.020
    < 0.04 760 (38.4) 555 (40.1) 205 (34.5)
    ≥ 0.04 1219 (61.6) 830 (59.9) 389 (65.5)
HB, g/L 3.703 0.054
    < 100 1111 (56.1) 797 (57.5) 314 (52.9)
    ≥ 100 868 (43.9) 588 (42.5) 280 (47.1)
PLT, *109/L 2.070 0.150
    < 160 1286 (65.0) 914 (66.0) 372 (62.6)
    ≥ 160 693 (35.0) 471 (34.0) 222 (37.4)
PLR 0.703 0.402
    < 150.84 1158 (58.5) 802 (57.9) 356 (59.9)
    ≥ 150.84 821 (41.5) 583 (42.1) 238 (40.1)
Abbreviations: PE, Pleural effusion; M, median; BMI, Body Mass Index; COPD, Chronic Obstructive Pulmonary Disease; PCI, Per-
cutaneous Transluminal Coronary Intervention; CAS, Carotid artery stenosis; EF, Preoperative Left Ventricular Ejection Fraction; 
ICU, Intensive Care Unit; CKMB, creatine kinase myocardial band; ALB, albumin; TC, total cholesterol; TG, triglyceride; HDL-C, 
high density lipoprotein cholesterol; LDL-C, low density lipoprotein cholesterol; AST, Aspartate Transaminase; ALT, alanine trans-
aminase; CK, Creatine Kinase; LDH, Lactate Dehydrogenas; GGT, Gamma Glutamyl Transpeptidase; BUN, Blood Urea Nitrogen; 
Cre, Creatinine; cTnI, Cardiac troponin I; WBC, White Blood Cells; RBC, Red Blood Cells; NEUT, Neutrophil; LYM, Lymphocyte; 
NLR, Neutrophil/Lymphocyte; EOS, Eosinophil; HB, Hemoglobin; PLT, Platelets; PLR, Platelets/Lymphocyte. Data are presented 
as number (%).

and hard endpoint, such as whether drainage is 
considered a key factor. Studies focusing on 
smaller amounts of effusion tend to report 
higher incidence rates due to sensitive detec-
tion methods. Pleural effusion volume varies 
significantly among individuals. A small volume 
may be absorbed spontaneously, while a large 
volume requires intervention. Studies focused 
on hard endpoints, like drainage, and only 
including severe cases may result in a lower 
incidence rate. Furthermore, different studies 
define meaningful effusion volume differently. 

Additionally, postoperative effusion changes 
over time, and the timing of evaluation can 
influence the results. The high proportion of 
patients with small-volume effusion in this 
study may contribute to the higher statistical 
incidence rate.

Among numerous factors, being overweight 
and obesity are recognized as common risk  
factors for coronary artery disease [23] and  
significant contributors to mortality following 
CABG [24]. A BMI greater than 40 kg/m2 is 
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Figure 8. External validation of BPNN and GBM. A and D. ROC curve; B and E. Calibration curve; C and F. Decision 
curve. Abbreviations: BPNN, back-propagation neural network; GBM, gradient boosting model.

associated with an increased risk of deep and 
organ-space surgical site infections following 
CABG [25]. These infections, in turn, can ele-
vate the probability of thoracic infections. 
Obesity can also impair the body’s specific and 
non-specific immune responses, exacerbating 
bacterial infections and predisposing individu-
als to chest infections [26], which can lead to 
postoperative PE. Pneumonia is another com-
mon complication following CABG [27]. Our 
findings demonstrate a significant association 
between postoperative pneumonia and the  
risk of developing postoperative PE. Further- 
more, in patients admitted to the ICU, pro-
longed mechanical ventilation is associated 
with an increased risk of developing PE [28]. 
This finding is consistent with the research by 
Akhtar et al. [7], which indicated that patients 
requiring pleural effusion drainage tend to  
have longer intubation times. Prompt removal 
of ventilators in CABG patients can effectively 
improve cardiopulmonary function, minimize 
the risk of pulmonary embolism (PE), shorten 
ICU and hospital stays, and subsequently 
reduce healthcare costs [29].

Our observations demonstrate that the risk  
of developing postoperative PE increases by 
1.349-fold when the surgical duration exceeds 
four hours, suggesting that prolonged opera-
tion time contributes to the occurrence of post-
operative PE. During CABG, extended exposure 
to inflammatory cytokines in the lungs and al- 
veoli has been reported to cause swelling, 
reduced lung compliance and expiratory vol-
ume, and lung injury [30]. The longer the surgi-
cal procedure lasts, the longer the chest is 
exposed to air, which may cause trauma or 
ischemia-reperfusion injury to the heart and 
lung tissue. This leads to an elevated inflamma-
tory response and increased vascular permea-
bility, thereby raising the likelihood of postop-
erative chest infection. The EF plays a crucial 
role in predicting the risk of postoperative PE. 
In the European System for Cardiac Operative 
Risk Evaluation (Euro SCORE II) [31], the EF is 
considered a vital factor for comprehensive 
surgical risk assessment.

Due to the substantial risks associated with 
perioperative cardiac surgery, several risk as- 
sessment systems have been developed to 
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quantify the probability of mortality and post- 
operative complications following CABG. These 
include Euro SCORE [31], the Society of 
Cardiothoracic and Vascular Anesthesia Score 
(Sino SCORE) [32], and the SSII-CABG model 
[33]. Euro SCORE and Sino SCORE predict the 
likelihood of death within 30 days post-surgery, 
while the SSII-CABG model mainly focuses on 
long-term survival outcomes, particularly over a 
four-year period.

Although numerous predictive models exist 
that utilize various factors to assess the risk  
of postoperative PE, most studies focus pri- 
marily on predicting PE after tumor resection, 
such as liver cancer [34], and lung cancer [35]. 
Additionally, many studies are dedicated to 
developing diagnostic models to distinguish 
between benign and malignant pleural effusion 
[36-39]. However, the sample sizes of these 
models tend to be limited, and the variables 
they incorporate mainly consist of preopera- 
tive indicators. A significant gap remains in the 
development of a comprehensive risk assess-
ment framework specifically designed for post-
operative PE following cardiac surgery. Con- 
sequently, we believe it is crucial to develop a 
risk model capable of accurately assessing the 
probability of postoperative PE in patients 
undergoing CABG.

By utilizing machine learning algorithms, five 
predictive models for postoperative PE were 
successfully developed in our research. These 
models incorporated a diverse set of predic-
tors, including surgery-related factors, preop-
erative considerations, and postoperative mul-
tidimensional variables. Specifically, BMI, co- 
ronary artery stenosis, postoperative pneumo-
nia, duration of mechanical ventilation, surgical 
blood loss, operation duration, and EF were 
identified as critical predictors in our models. In 
terms of prediction performance, our analysis 
indicated that the BPNN significantly outper-
formed the other four models, namely the 
nomogram, RF, GBM, and SVM. Consequently, 
BPNN was chosen as the preferred predictive 
model. The ability of BPNN to effectively app- 
roximate complex nonlinear relationships mak- 
es it particularly suitable for handling problems 
with intricate internal mechanisms [40].

However, it is important to note the limitations 
of BPNN. One major drawback is its poor inter-
pretability. Unlike a nomogram, which presents 

a visual and intuitive approach to understand-
ing the relationship between variables and the 
predicted outcome, the internal workings of 
BPNN are often regarded as a “black box”. It is 
challenging to precisely explain how each input 
variable contributes to the final prediction, 
which could limit its application in fields where 
interpretability is crucial, such as clinical deci-
sion-making, where doctors need to under-
stand the reasoning behind a prediction. There- 
fore, further research is needed to explore  
ways to improve its interpretability, such as 
developing novel methods for feature impor-
tance analysis or visualization techniques, to 
enhance its applicability in clinical settings.

Our study has some limitations that need to be 
acknowledged. The primary aim of this study 
was to analyze the risk factors for pleural effu-
sion after CABG and construct a predictive 
model to reduce its incidence. However, most 
of the patients included in the study had a 
small amount of pleural effusion. Even if these 
patients developed PE after surgery, it often 
resolved spontaneously without requiring spe-
cial intervention. Therefore, the clinical value  
of predicting this type of situation is limited. 
Future studies could focus on patients with 
severe pleural effusion for in-depth analysis. In 
addition, this study only included the available 
risk factors and lacked detailed information on 
surgical techniques used (such as open and 
closed pleural procedures) and postoperative 
care plans (such as extubation strategies or 
physical therapy programs). This may result in 
an incomplete assessment of the risk of PE.

In conclusion, our study has demonstrated that 
pleural effusion is a prevalent complication 
after coronary artery bypass grafting, with a 
relatively high incidence rate. To address this 
issue, we have effectively developed a predic-
tion model for PE with excellent predictive per-
formance. This model is invaluable for the early 
identification of high-risk patients for PE.
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