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Background: Coronary heart disease (CHD) is a leading cause of mortality worldwide, with atrial fibrillation (AF) being a common 
complication. Chronic inflammatory responses play a significant role in the relationship between coronary artery disease and AF. This 
study aims to investigate the value of the multi-inflammatory index (MII) in predicting the occurrence of atrial fibrillation in patients 
with coronary heart disease.
Methods: A retrospective analysis was conducted on patients who visited our hospital from January 1, 2020, to December 31, 2023, 
including a total of 1392 patients. Clinical data and laboratory results were collected. Feature selection was performed using the Boruta 
algorithm. Five machine learning models were constructed: Logistic Regression, Decision Tree, Elastic Net, Light Gradient Boosting 
Machine (LightGBM), and Multilayer Perceptron. Model performance was evaluated using five-fold cross-validation. SHAP values 
were utilized to analyze feature importance and model interpretability.
Results: The study included 1302 patients without AF and 90 patients with AF. Patients with AF had significantly higher MII 
compared to those without AF (10.02 vs 4.79). Thirteen variables most related to AF occurrence were selected using the Boruta 
algorithm. The LightGBM model outperformed others, showing the highest accuracy and calibration in both training and test sets. In 
the training set, LightGBM achieved an AUC of 0.958, accuracy of 0.851, and sensitivity of 0.943, while in the testing set, it achieved 
an AUC of 0.757 and accuracy of 0.821. SHAP analysis indicated that age, heart rate, and MII were the primary predictors of AF 
occurrence.
Conclusion: The LightGBM model demonstrated adequate sensitivity and accuracy. The multi-inflammatory index plays a crucial 
role in predicting atrial fibrillation in patients with coronary heart disease.
Keywords: atrial fibrillation, coronary heart disease, multi-inflammatory index, machine learning models, light gradient boosting 
machine

Background
Coronary artery disease (CAD) remains a leading cause of mortality in both developed and developing countries.1 Atrial 
fibrillation (AF) is a persistent cardiac arrhythmia characterized by rapid and irregular electrical activity replacing the 
normal, organized atrial contraction.2 AF can lead to adverse outcomes such as stroke, exacerbated heart failure, 
thromboembolism, cognitive impairment, and decreased quality of life.3 According to recent global statistics, AF affects 
approximately 33 million people worldwide, and its prevalence is expected to increase as populations age, particularly 
among patients with underlying cardiovascular conditions like CAD. Numerous studies have shown that CAD patients 
are more susceptible to developing AF.4 Chronic inflammation, often accompanying coronary artery lesions, may 
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exacerbate cardiac electrical instability, thereby increasing the risk of AF.5 Moreover, the presence of AF can worsen 
CAD symptoms and elevate the risk of acute coronary events, creating a vicious cycle.6

The multi-inflammatory index (MII), a composite inflammation score based on various markers such as C-reactive 
protein (CRP), neutrophils, and lymphocytes, offers a comprehensive reflection of the body’s inflammatory status.7 MII 
has shown significant potential in cardiovascular disease (CVD) risk assessment.8 As a simple and accessible metric, MII 
holds promise for broad clinical application, aiding in risk evaluation and personalized treatment of CVD. Despite 
advances in treatment and prevention, the predictive accuracy of existing models for AF in CAD patients remains 
suboptimal, further highlighting the need for innovative approaches to risk prediction.

AF is a common complication in CAD patients, and early prediction and intervention are crucial for improving 
prognosis.9 This study aims to investigate the predictive value of MII for AF in CAD patients. We will employ machine 
learning (ML) methods to build and train predictive models, analyzing MII and other clinical indicators to assess their 
predictive capability for AF risk. This ML model will help clinicians accurately identify high-risk patients, optimize 
treatment strategies, and improve patient outcomes.

Methods
We retrospectively selected patients who visited our hospital between January 1, 2020, and December 31, 2023. 
Patients diagnosed with CAD, defined as coronary artery stenosis ≥ 50% by angiography,10 were included. Patients 
with a history of AF (paroxysmal, persistent or permanent), other cardiac diseases, malignancies, or missing CRP data 
were excluded (Figure 1). The study adheres to medical research guidelines, has been approved by the Ethics 
Committee of Enshi Tujia and Miao Autonomous Prefecture Central Hospital, and complies with the Helsinki 

Figure 1 Establishing the modeling process.
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Declaration. Given the retrospective nature of the study, the ethics committee did not require informed consent from all 
patients, but mandated confidentiality of medical records. The AF diagnosis followed the 2023 ACC/AHA/ACCP/HRS 
Atrial Fibrillation Diagnosis and Management Guidelines.11 A total of 1392 patients were selected and split into 
training and validation sets in a 7:3 ratio.

Data Collection
The collected clinical data comprised various parameters, including demographic information such as gender, age, and 
comorbidities (hypertension, diabetes, stroke, hyperlipidemia), as well as details on smoking and drinking history. 
Additionally, laboratory indicators encompassed measurements of white blood cells, neutrophils, lymphocytes, mono-
cytes, hemoglobin, platelet distribution width, platelets, mean platelet volume, red cell distribution width, direct bilirubin, 
total cholesterol (TC), triglycerides (TG), platelet count (PLT), high-density lipoprotein cholesterol (HDL-c), low-density 
lipoprotein cholesterol (LDL-c), creatinine, glucose, uric acid, and potassium ions. Examination indicators included heart 
rate, systolic and diastolic blood pressure, and ejection fraction (EF%). The assessment of coronary lesions examined the 
left main, left anterior descending, circumflex, and right coronary artery, as well as the presence of multi-vessel disease. 
The MII index was derived by multiplying the neutrophil-to-lymphocyte ratio with CRP levels.12

Feature Selection
Boruta creates shadow features for each variable and uses a random forest to compute the importance scores of original 
and shadow features. Compared to traditional variable screening methods, Boruta offers more comprehensive, accurate, 
and efficient variable selection.

ML Model Development and Evaluation
We developed five common ML models: logistic regression, decision tree, elastic net, light gradient boosting machine 
(LightGBM), and multilayer perceptron. Five-fold cross-validation (CV) was used to evaluate model generalization. 
Optimal hyperparameters were determined via grid search. Performance metrics included F1 score, accuracy, recall, 
precision, and area under the curve (AUC). These metrics assessed the overall performance and clinical applicability of 
the models.

Feature Importance and Model Interpretability
We selected the best-performing ML model for feature importance analysis to determine the impact of features on 
prediction. Feature importance was calculated based on the model’s internal mechanisms. We analyzed the top five 
features and visualized their importance. Additionally, SHAP (SHapley Additive exPlanations) was used for interpreting 
ML model results, revealing the contribution and impact of each feature on AF risk prediction.

Statistical Analysis
Normally distributed data were expressed as mean ± standard deviation and compared using t-tests; non-normally 
distributed data were expressed as medians and compared using non-parametric tests. Categorical data were presented 
as counts and percentages, and comparisons used χ2 tests. A significance level of α = 0.05 was set, with P < 0.05 
indicating statistical significance. Statistical analysis was conducted using Python 3.9 and R 4.3.2.

Results
Baseline Characteristics
Table 1 presents the baseline characteristics of study participants. The study included 1302 non-AF CAD patients and 90 AF 
patients. Significant differences were found in age, heart rate, hemoglobin, platelet count, mean platelet volume, MII, aspartate 
aminotransferase, direct bilirubin, total cholesterol, triglycerides, LDL, and creatinine levels between the two groups. AF patients 
had a significantly lower ejection fraction (63 vs 59). AF patients had higher incidences of hyperlipidemia and stroke; left main 
coronary artery involvement was more likely to lead to AF. No significant differences were found in gender, hypertension, 
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diabetes, smoking, drinking, multi-vessel disease, white blood cell count, HDL, uric acid, potassium, and glucose levels between 
the two groups.

Feature Selection Using Boruta
Boruta confirmed the importance of 13 variables most associated with AF risk in CAD patients (Figure 2). Despite its 
lower Z-score, gender was included based on previous studies and clinical experience.

Model Comparison
Table 2 shows the performance comparison of logistic regression, decision tree, elastic net, LightGBM, and multilayer 
perceptron models on training and validation sets. Figure 3 visually presents the performance comparison across different 

Table 1 Descriptive Characteristics of Overall Participants

Variable Non-AF (n=1302) AF (n=90) P-value

Gender=1 (%) 794 (61.0) 53 (58.9) 0.694
Dyslipidemia=1 (%) 376 (28.9) 16 (17.8) 0.024*

Hypertension=1 (%) 571 (43.9) 48 (53.3) 0.08

Diabetes=1 (%) 236 (18.1) 17 (18.9) 0.856
Stroke=1 (%) 185 (14.2) 20 (22.2) 0.038*

Smoking=1 (%) 607 (46.6) 36 (40.0) 0.223

Alcohol=1 (%) 333 (25.6) 23 (25.6) 0.997
LM=1 (%) 67 (5.1) 9 (10.0) 0.05

LAD=1 (%) 489 (37.6) 35 (38.9) 0.801
LCX=1 (%) 924 (71.0) 69 (76.7) 0.248

RCA=1 (%) 649 (49.8) 50 (55.6) 0.295

Multi_vessel=1 (%) 1073 (82.4) 74 (82.2) 0.964
Age (median [IQR]) 61.00 [54.00, 70.00] 70.00 [62.25, 76.00] <0.001*

SBP (median [IQR]) 130.00 [120.00, 150.00] 130.00 [120.00, 144.25] 0.444

DBP (median [IQR]) 80.00 [72.00, 90.00] 80.00 [74.00, 90.00] 0.631
HR (median [IQR]) 72.00 [70.00, 79.00] 78.00 [70.00, 94.25] 0.002*

WBC (median [IQR]) 6.36 [5.16, 8.32] 6.49 [4.97, 8.52] 0.856

Monocytes (median [IQR]) 0.37 [0.29, 0.48] 0.38 [0.32, 0.49] 0.137
Hb (median [IQR]) 142.00 [130.00, 155.00] 137.00 [122.50, 150.75] 0.009*

PDW (median [IQR]) 16.30 [16.00, 16.50] 16.30 [16.00, 16.50] 0.289

Platelets (median [IQR]) 198.00 [163.00, 239.00] 177.00 [136.00, 208.00] <0.001*
MPV (median [IQR]) 10.60 [9.70, 11.50] 10.80 [9.90, 12.30] 0.024*

MII (median [IQR]) 4.79 [1.57, 18.37] 10.02 [3.44, 49.83] <0.001*

ALT (median [IQR]) 21.00 [14.00, 32.00] 22.00 [15.25, 34.25] 0.634
AST (median [IQR]) 25.00 [20.00, 36.00] 29.50 [22.00, 47.25] 0.013*

DBIL (median [IQR]) 2.80 [2.10, 3.80] 3.25 [2.50, 4.72] 0.001*

TC (median [IQR]) 4.46 [3.73, 5.35] 4.19 [3.39, 4.94] 0.002*
TG (median [IQR]) 1.34 [0.96, 1.97] 1.15 [0.88, 1.62] 0.017*

HDL (median [IQR]) 1.12 [0.94, 1.32] 1.10 [0.90, 1.31] 0.442

LDL (median [IQR]) 2.78 [2.20, 3.35] 2.46 [1.96, 3.05] 0.001*
Cr (median [IQR]) 68.90 [57.20, 83.47] 75.75 [61.12, 92.80] 0.006*

Glu (median [IQR]) 5.62 [4.77, 7.23] 5.54 [4.70, 7.40] 0.647

UA (median [IQR]) 338.31 [277.64, 406.85] 349.52 [299.52, 400.36] 0.379
K (median [IQR]) 3.96 [3.70, 4.19] 3.94 [3.70, 4.28] 0.67

EF (median [IQR]) 63.00 [58.00, 68.00] 59.00 [51.00, 65.00] <0.001*

Notes: *P<0.05. 
Abbreviations: SBP, systolic blood pressure; DBP, diastolic blood pressure; HR, heart rate; WBC, white 
blood cells; Hb, hemoglobin; PDW, platelet distribution width; MPV, mean platelet volume; MII, Multi- 
inflammatory index; ALT, alanine transaminase; AST, aspartate transaminase; DBIL, direct bilirubin; TC, 
cholesterol; TG, triglycerides; HDL, high-density lipoprotein; LDL, low-density lipoprotein; Cr, creatinine; 
Glu, blood glucose; UA, uric acid; K, potassium ion; EF, ejection fraction.
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metrics. The LightGBM model demonstrated the best performance, with the highest accuracy and calibration. Figure 4 
shows calibration curves and Brier scores (BS) for different ML models in the training set. The LightGBM model’s 
calibration curve was closest to the ideal, with the lowest BS of 0.044, indicating high predictive accuracy. Overall, 
LightGBM exhibited the best performance and stability among all ML models.

Explaining LightGBM Models Using SHAP
The SHAP method is employed to assess the contribution of each predictor variable to the predictions made by the 
LightGBM model. Figure 5 displays the variable importance plot, where variables are sorted in descending order of 
importance. Among all predictors, the mean value of age exhibits the highest predictive value, followed closely by heart 
rate and MII. To further examine the positive or negative correlations between predictors and the target outcome, we 
utilize SHAP values to identify risk factors associated with mortality. As illustrated in Figure 6, the horizontal position 
shows whether the value is associated with a higher or lower prediction, while color indicates whether the variable is 

Figure 2 The process of feature selection based on Boruta’s algorithm.

Table 2 Model Performance Comparison

Training model AUC Accuracy Sensitive F1 Score PPV NPV

Decision Trees 0.7782475 0.888 0.6 0.435 0.341 0.967
Enet 0.7731669 0.561 0.886 0.225 0.129 0.984

MLP 0.7700537 0.772 0.643 0.288 0.186 0.966

LightGBM 0.9580357 0.851 0.943 0.477 0.319 0.995
Logistic 0.7814159 0.643 0.8 0.243 0.144 0.976

Testing model AUC Accuracy Sensitive F1 Score PPV NPV

Decision Trees 0.7067211 0.873 0.55 0.293 0.2 0.975

Enet 0.7167085 0.517 0.7 0.122 0.0667 0.971
MLP 0.7243719 0.782 0.55 0.195 0.118 0.972

LightGBM 0.7574749 0.821 0.55 0.227 0.143 0.974

Logistic 0.706407 0.593 0.7 0.141 0.0787 0.975

Abbreviations: PPV, positive predictive value; NPV, negative predictive value.
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Figure 3 ROC curve of the model.

Figure 4 Comparison of calibration curves of each model.

Figure 5 The weights of variables importance.
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high (red) or low (blue) for that observation. We observe that increases in age, heart rate, and MII contribute positively to 
the prediction of atrial fibrillation incidence.

SHAP Force Plot for Individual Predictions
Figure 7 presents a SHAP force plot for an individual sample, highlighting the impact of each feature on the model’s 
output. SHAP values reflect the relevant features for predicting atrial fibrillation in a specific coronary heart disease 
patient, along with the contribution of each feature to the prediction. The baseline value, E[f(x)], represents the average 
prediction across all samples, whereas the final prediction, f(x), is the output for the particular sample. Positive 
contributions (yellow) indicate that the feature increases the model’s prediction, while negative contributions (red) 
indicate that the feature decreases the prediction. For instance, being 82 years old, having an MII value of approximately 
1.84, and a glucose level above 5.33 are factors that increase the risk of atrial fibrillation. Conversely, a heart rate of 78 
beats per minute is associated with a reduced risk of atrial fibrillation.

Discussion
In our study, we found that MII levels were significantly higher in coronary heart disease (CHD) patients who developed 
AF compared to those who did not (10.02 vs 4.79). AF patients exhibited poorer cardiac function, with a notably lower 
ejection fraction than those without AF. Using the Boruta algorithm for feature selection, we identified the significance of 
13 variables most relevant to the risk of AF in CHD patients. Among the models compared, the LightGBM demonstrated 
superior performance on both training and test sets, showcasing the highest accuracy and calibration, indicating its strong 
predictive capability for AF occurrence in CHD patients. Furthermore, we employed SHAP to interpret the predictions 
made by the LightGBM model. Advanced age, increased heart rate, and higher MII levels were positively associated with 

Figure 6 The SHapley Additive exPlanation (SHAP) values.

Figure 7 SHAP Individual Force Plots.
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the onset of AF. The SHAP summary plot illustrated the impact of each feature on the model’s output, elucidating the 
direction of influence of different feature values on AF risk.

MII is a novel prognostic indicator developed by Gardini et al in 2020, initially showing a close correlation with the 
prognosis of colorectal cancer patients.13 Subsequent studies have reinforced the prognostic and predictive value of MII 
in various clinical settings.14–18 Neutrophils play a crucial role in the onset and progression of AF by releasing pro- 
inflammatory factors and reactive oxygen species (ROS). They can trigger and sustain local inflammatory responses, 
leading to structural changes in the atria and promoting AF development.19 Lymphocytes, particularly T cells, also play 
a significant role in cardiac inflammatory responses, influencing atrial electrophysiological stability through the regula-
tion of immune responses and release of inflammatory mediators.20 CRP, an acute-phase protein, typically indicates the 
presence of inflammation or infection when elevated. CRP can alter the electrophysiological properties of myocardial 
cells by binding to phosphatidylcholine on the cell membrane, affecting sodium (Na+) and calcium (Ca2+) exchange, and 
leading to atrial electrophysiological remodeling that promotes AF.21–23 By calculating the MII value, we can compre-
hensively consider changes in neutrophils, lymphocytes, and CRP, thereby providing a more thorough assessment of the 
inflammatory state and immune health in AF patients. This is crucial for predicting AF occurrence in CHD patients and 
for developing individualized treatment plans.

Through the analysis of the importance of predictive variables and their association with AF occurrence, we identified 
key predictors of AF, with increased MII levels promoting AF in CHD patients. Yun et al’s study confirmed that age is 
a risk factor for AF,24 controlling heart rate can prevent AF,25 and higher DBIL levels lead to AF recurrence.26 These 
findings are consistent with our study and, in conjunction with our results, underscore the predictive capability of MII for 
AF occurrence in CHD patients. Furthermore, a more detailed comparison with similar research could better contextua-
lize the contribution of our study to the broader understanding of AF risks in CHD patients. While existing studies have 
emphasized individual inflammatory markers or demographic factors, our study highlights the predictive power of MII as 
a comprehensive inflammatory index, offering a novel perspective on the interplay between inflammation and AF 
development.

Despite the strengths of our study, there are limitations that should be acknowledged. Our study has limitations, 
including its retrospective nature, which may provide a lower evidence level, and a single-center sample, limiting 
generalizability. The retrospective design may introduce bias, and future prospective studies with larger, multicenter 
populations are warranted to validate our findings. Additionally, the complex mechanisms between inflammation and AF 
warrant further exploration. External validation of the LightGBM model is needed, which will further confirm the 
model’s robustness and generalizability across different populations and settings.

Conclusion
The LightGBM model demonstrated sufficient sensitivity and accuracy, with consistent associations between MII levels 
and AF in CAD patients. However, external validation and further investigation into AF mechanisms are required.

Disclosure
No conflict of interests exists.
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