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Background: Atrial fibrillation (AF) is a common arrhythmia among patients with coronary heart disease (CHD), and inflammatory
response plays a key role in its pathogenesis. The pan-immune-inflammation value (PIV), a novel composite marker reflecting
systemic inflammation, has not been fully investigated for its predictive value in AF among CHD patients.

Methods: This multicenter retrospective study enrolled patients diagnosed with CHD by coronary angiography from two tertiary
hospitals. Participants were categorized into AF and non-AF groups. Clinical characteristics and laboratory data were collected.
Feature selection was performed using multivariate logistic regression, and significant predictors were incorporated into two models:
extreme gradient boosting (XGBoost) and multilayer perceptron (MLP). Model performance was evaluated by area under the ROC
curve (AUC) and calibration analysis. Model interpretability was assessed using SHAP (SHapley Additive exPlanations) values, and
partial dependence plots (PDPs) were applied to explore variable interactions.

Results: Compared with the non-AF group, the AF group had significantly higher levels of PIV, age, AST, WBC, and TBIL. Logistic
regression identified PIV, age, and diabetes as independent predictors of AF, while sex, left main coronary artery disease (LM), and
AST showed borderline significance. The XGBoost model achieved superior performance (AUC = 0.79 in training and 0.73 in testing)
compared to the MLP model (AUC = 0.75 and 0.69, respectively), with better calibration consistency. SHAP analysis indicated that
PIV was the most influential feature, with higher values associated with increased AF risk. PDPs further demonstrated synergistic
effects between PIV and other key variables.

Conclusion: PIV is a valuable predictor of AF in CHD patients. The XGBoost model outperformed the deep learning model in this
context and may serve as a robust tool for individualized AF risk assessment.

Keywords: atrial fibrillation, coronary heart disease, pan-immune-inflammation value, XGBoost, deep learning

Background
Atrial fibrillation (AF) is one of the most common sustained arrhythmias in clinical practice, affecting over 30 million individuals
worldwide.! With the ongoing aging of the population and the high prevalence of cardiovascular diseases, its incidence is
expected to rise further.? AF significantly increases the risk of stroke, heart failure, and all-cause mortality, and poses a substantial
burden on healthcare systems.® Coronary artery disease (CAD) is a frequent comorbidity of AF, and growing evidence highlights
the bidirectional relationship between the two. CAD may contribute to the onset and persistence of AF through mechanisms such
as myocardial ischemia, increased left atrial pressure, and structural or electrical remodeling.*® Conversely, AF may worsen
myocardial oxygen demand and exacerbate ischemia, creating a detrimental cycle.’

AF and CAD share several common risk factors, including advanced age, hypertension, diabetes, metabolic disturbances,
and chronic inflammation.®? In recent years, inflammation has been recognized as a central contributor to both the initiation
and progression of CAD and AF."° It promotes atrial fibrosis, electrophysiological abnormalities, and autonomic remodeling,
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thereby facilitating the development and maintenance of AF.'""'? The pan-immune-inflammation value (PIV) is a novel
composite biomarker derived from neutrophil, monocyte, lymphocyte, and platelet counts, designed to reflect the systemic
immune-inflammatory burden.'® PIV has demonstrated predictive value in various disease settings, but its utility in identifying
AF risk among patients with CAD remains unclear.

Traditional AF risk models often rely on linear statistical methods, which may fail to capture the complex, nonlinear
interactions among clinical variables. In contrast, machine learning (ML) approaches have shown promise in medical
prediction tasks, particularly in modeling high-dimensional data, identifying nonlinear relationships, and enabling
personalized risk stratification. Therefore, this study aims to evaluate the predictive value of PIV for AF among patients
with CAD, leveraging ML algorithms to enhance early identification of individuals at elevated risk.

Methods
Study Population

This retrospective cohort study enrolled hospitalized patients from two medical centers: Enshi Tujia and Miao Autonomous
Prefecture Central Hospital and Minda Hospital of Hubei Minzu University. The inclusion period spanned from June 2024
to June 2025. Eligible participants were those undergoing coronary angiography confirmed to have CAD, defined as >50%
stenosis in at least one major coronary artery. Patients with a history of percutaneous coronary intervention, coronary artery
bypass grafting, myocardial infarction, or pre-existing AF were excluded. The patient selection process is illustrated in
Figure 1. This study was approved by the Ethics Committee of Enshi Tujia and Miao Autonomous Prefecture Central
Hospital (approval number: 202405201). All data were extracted from the electronic medical record system and fully
anonymized prior to analysis. No personally identifiable information was accessed. Given the retrospective nature of the
study, the requirement for informed consent was waived in accordance with the Declaration of Helsinki.

Data Collection
Collected variables included demographics (age, sex), comorbidities (hypertension, diabetes, stroke, dyslipidemia), smoking
history, coronary artery involvement (left main [LM], left anterior descending [LAD], left circumflex [LCX], right coronary

Data were collected from 2,864 patients Data were collected from 2,236 patients
who underwent coronary angiography at who underwent coronary angiography at
Enshi Tujia and Miao Autonomous t\/ﬁnda Hospital of Hubei Minzu

Prefecture Central Hospital between June University between June 2024 and June

2024 and June 2025 2025

[A total of 5,100 patients were enrolled ]

Excluded:

Prior PCI or CABG (n = 835)

History of myocardial infarction (n = 267)
Pre-existing atrial fibrillation (n = 167)

[ A total of 3,831 patients were included in this study ]
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Figure | Flowchart of the study.
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artery [RCA], and multi-vessel disease), and admission heart rate. Laboratory tests included hematologic indices: white blood
cell (WBC) count, neutrophil, lymphocyte, monocyte, platelet counts, hemoglobin, and platelet distribution width (PDW);
liver function tests: alanine aminotransferase (ALT), aspartate aminotransferase (AST), total bilirubin (TBIL), and direct
bilirubin (DBIL); and metabolic/renal parameters: serum creatinine (Cr), fasting blood glucose (Glu), uric acid (UA), total
cholesterol (TC), triglycerides (TG), high-density lipoprotein (HDL), and low-density lipoprotein (LDL). The PIV was
calculated as (neutrophil count x platelet count x monocyte count) / lymphocyte count.'?

Feature Selection

To enhance model performance and reduce redundancy, we conducted feature selection prior to model building. All
clinical and laboratory variables were initially included in a multivariate logistic regression model using the enter
method. Variables with p-values < 0.1 were retained, while those with poor association or multicollinearity were
excluded. The selected features were subsequently used in predictive modeling.

Model Development, Evaluation, and Interpretation

The selected variables were randomly divided into training (70%) and testing (30%) sets. Two predictive models were
developed: Extreme Gradient Boosting (XGBoost) and Multilayer Perceptron (MLP). Model discrimination was assessed
using the area under the receiver operating characteristic curve (AUC), and calibration was evaluated with calibration
plots comparing predicted probabilities with observed outcomes. The model with superior performance was selected for
further interpretability analysis. We applied SHapley Additive exPlanations (SHAP) to interpret the final model. SHAP
summary plots and bar plots were generated to assess the magnitude and direction of each feature’s contribution to the
model output. SHAP decision plots were used to visualize the cumulative contribution of each variable in individual
predictions, illustrating how risk estimates evolved from the model’s baseline output. Additionally, SHAP interaction
analysis and contour-based partial dependence plots (PDPs) were constructed to explore potential synergistic effects
between key features.

Statistical Analysis

Continuous variables were expressed as mean + standard deviation (SD) if normally distributed and compared using
independent-samples t-tests. For non-normally distributed data, medians and interquartile ranges (IQRs) were reported
and compared via the Mann—Whitney U-test. Categorical variables were presented as counts and percentages, and
compared using Chi-square or Fisher’s exact test as appropriate. A two-sided p-value < 0.05 was considered statistically
significant. All analyses were performed using Python (version 3.9) and R (version 4.3.2).

Results

Baseline Characteristics

A total of 3,831 patients were included in this study, of whom 3,380 were in the non-atrial fibrillation (non-AF) group
and 451 in the AF group, as shown in Table 1. Compared to the non-AF group, the AF group had a significantly higher
proportion of male patients, as well as a greater prevalence of LM, LAD, RCA, and multi-vessel coronary artery disease.
In terms of laboratory parameters, the AF group exhibited significantly elevated levels of WBC count, PIV, AST, TBIL,
DBIL, serum Cr, and UA. PDW and ALT also showed statistically significant differences. No significant intergroup
differences were observed in the prevalence of hypertension, diabetes, stroke history, dyslipidemia, smoking status, LCX
involvement, fasting glucose, total cholesterol, triglycerides, HDL, or LDL.

Feature Selection

As summarized in Table 2, multivariate logistic regression was performed for feature selection. Diabetes, age, and PIV
were identified as independent predictors of AF. Additionally, gender, LM disease, and AST showed marginal statistical
significance, suggesting potential relevance to AF risk, and were therefore retained for subsequent model development.
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Table | Baseline Characteristics of the Study Participants

Characteristic Non AF (n=3380) AF (n=451) P-value
Gender=male (%) 2396 (70.9) 350 (77.6) 0.003*
Hypertension=yes (%) 1795 (53.1) 253 (56.1) 0.232
Diabetes mellitus=yes (%) 767 (22.7) 119 (26.4) 0.081
History of stroke=yes (%) 399 (11.8) 57 (12.6) 0.607
Dyslipidemia=yes (%) 736 (21.8) 87 (19.3) 0.228
Current or former smoking=yes (%) 1761 (52.1) 257 (57.0) 0.051
Left main coronary artery disease=yes (%) 251 (7.4) 49 (10.9) 0.011*
Left anterior descending artery disease=yes (%) 2248 (66.5) 335 (74.3) 0.001*
Left circumflex artery disease=yes (%) 2474 (73.2) 342 (75.8) 0.233
Right coronary artery disease=yes (%) 2214 (65.5) 322 (71.4) 0.013*
Multi-vessel coronary artery disease=yes (%) 2392 (70.8) 355 (78.7) <0.001*
Heart rate (median [IQR]) 69.00 [63.00, 77.00] 69.00 [63.00, 76.00] 0.747
Age (median [IQR]) 64.00 [55.00, 70.25] 65.00 [57.00, 72.00] 0.007*
White blood cell count (median [IQR]) 6.23 [5.17, 7.85] 6.95 [5.62, 9.32] <0.001*
Pan-immune-inflammation value (median [IQR]) 182.49 [109.29, 324.24] | 263.35 [168.52, 643.70] | <0.001*
Hemoglobin (median [IQR]) 140.00 [129.00, 153.00] | 141.00 [129.50, 151.00] 0.925
Platelet distribution width (median [IQR]) 16.30 [16.10, 16.50] 16.20 [16.00, 16.50] 0.035*
Alanine aminotransferase (median [IQR]) 22.00 [15.00, 33.00] 23.00 [16.00, 35.00] 0.028*
Aspartate aminotransferase (median [IQR]) 25.00 [20.00, 33.00] 27.00 [21.00, 42.00] <0.001*
Total bilirubin (median [IQR]) 12.20 [9.60, 16.00] 12.80 [9.85, 16.70] 0.011*
Direct bilirubin (median [IQR]) 3.10 [2.20, 4.20] 3.30 [2.40, 4.60] <0.001*
Creatinine (median [IQR]) 72.70 [61.00, 87.23] 75.80 [63.00, 89.10] 0.01*
Fasting blood glucose (median [IQR]) 5.36 [4.66, 6.78] 5.48 [4.66, 6.94] 0.437
Uric acid (median [IQR]) 346.72 [287.18, 411.30] | 360.09 [304.21, 427.77] | 0.001*
Total cholesterol (median [IQR]) 4.10 [3.37, 5.03] 4.03 [3.48, 4.98] 0.609
Triglycerides (median [IQR]) 1.32 [0.96, 1.95] 1.34 [0.98, 1.80] 0.733
High-density lipoprotein cholesterol (median [IQR]) 1.06 [0.90, 1.24] 1.04 [0.87, 1.23] 0.157
Low-density lipoprotein cholesterol (median [IQR]) 2.50 [1.94, 3.16] 2.48 [1.96, 3.04] 0.458

Note: ¥<0.05.

Table 2 Multivariable Logistic Regression Analysis

Variables OR 95% ClI P-value
Gender 1.341 | 0.983,1.830 | 0.064*
Diabetes mellitus 1.526 | 1.156,2.016 | 0.003*
Left main coronary artery disease 1.469 | 0.967,2.232 | 0.071*
Left anterior descending artery disease | .18 | 0.859,1.621 0.308
Right coronary artery disease 1.059 | 0.737,1.523 0.756
Multi-vessel coronary artery disease 1.102 | 0.709,1.714 0.666
Age 1.018 | 1.006,1.031 0.004*
Pan-immune-inflammation value 1.001 | 1.001,1.002 | <0.001*
Alanine aminotransferase 1.002 | 0.995,1.009 0.598
Aspartate aminotransferase 0.998 | 0.996,1.000 | 0.088*
Total bilirubin 1.003 | 0.973,1.033 0.867
Direct bilirubin 1.0l | 0.921,1.107 0.839
Creatinine 1.001 | 0.999,1.004 0.389
Uric acid 1.001 | 0.999,1.002 0.416
Note: *P<0.1.
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Model Comparison and Interpretation
Based on the selected features, we constructed two models: an XGBoost classifier and a MLP neural network. As depicted
in Figure 2, the XGBoost model achieved AUC values of 0.79 and 0.73 for the training and testing sets, respectively. In
comparison, the MLP model achieved slightly lower AUCs of 0.75 and 0.69 (Figure 3). The calibration curve indicated
better agreement between predicted and observed outcomes in the XGBoost model, reflecting superior calibration.
Consequently, XGBoost was selected as the optimal predictive model for further interpretability analysis. To further
elucidate how individual features influenced model predictions, we employed SHAP to interpret the final XGBoost model.
The SHAP summary plot (Figure 4a) illustrated the distribution of SHAP values for each feature across all samples.
The x-axis indicates each feature’s impact on model output, while color represents feature magnitude (red for high, blue
for low). PIV was identified as the most influential predictor, showing consistently positive contributions to AF risk.
Other important features included age, diabetes, AST, gender, and LM disease, most of which also had positive
associations with the predicted outcome. The SHAP bar plot (Figure 4b) showed the mean absolute SHAP values for
each variable, confirming the top six contributors to be PIV, age, diabetes, AST, gender, and LM involvement. This

further supports the validity of the feature selection process and its clinical relevance. The SHAP decision plot
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Figure 2 ROC curve and calibration plot of the XGBoost model.
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Figure 4 (a) Feature attributes in SHAP; (b) SHAP-based feature importance ranking; (c) SHAP force plot.
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Figure 5 PDP-based interaction analysis between PIV and other features.

(Figure 4c) visualized individual trajectories from the base value to final predicted probabilities. Cases with high PIV
values showed strong upward contributions to risk, with age and diabetes often acting synergistically.

To explore interactions between PIV and other clinical variables, two-dimensional PDPs were generated (Figure 5),
examining PIV in combination with age, gender, diabetes, AST, and LM disease. Contour lines indicate predicted AF
probability, with lighter shades representing higher risk. Overall, increasing PIV levels were positively associated with
elevated AF risk, across multiple clinical subgroups.

Discussion

Through multivariate logistic regression analysis, we identified several variables significantly associated with AF,
including the PIV, age, and diabetes. Based on these selected features, we developed two predictive models: an
XGBoost algorithm and a MLP neural network. The XGBoost model demonstrated superior performance in both
discriminative ability (AUC) and calibration compared to the MLP. Further interpretation using SHAP revealed that
PIV was the most influential variable in the XGBoost model, contributing positively to AF risk. Other predictors such as
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age, diabetes, AST, gender, and left main coronary artery disease also played meaningful roles. PDPs indicated
synergistic interactions between PIV and other clinical features in elevating AF risk.

As a composite marker incorporating neutrophils, monocytes, platelets, and lymphocytes, PIV reflects the systemic
immune-inflammatory status. Its prognostic value has been reported in diverse conditions, including post-operative AF
after off-pump coronary artery bypass grafting (CABG),'* both reduced and preserved ejection fraction heart failure,'
and multiple malignancies.'®'” PIV has also been associated with adverse cardiovascular outcomes and has shown
predictive value in various cardiovascular and metabolic conditions.'®'® Large-scale cohort studies have further
suggested that elevated PIV is associated with increased all-cause and cause-specific mortality in the general
population.® However, its role in predicting AF among CAD patients has not been thoroughly investigated. This
study is the first to systematically evaluate PIV as a risk factor for AF in a CAD population and to confirm its central
importance through interpretable machine learning.

Pro-inflammatory cell types, including neutrophils, monocytes, and platelets, play pivotal roles in AF pathogenesis.*' >
Neutrophils contribute to oxidative stress and atrial fibrosis through the release of reactive oxygen species and
cytokines.>**> Monocytes secrete inflammatory mediators like TNF-o and IL-6, promoting tissue remodeling.?®
Platelets, beyond their hemostatic function, release PF4 and TGF-f, which activate immune cells and endothelial responses,
exacerbating local inflammation.”’*® In contrast, lymphocytes—particularly T cells—act as immune regulators.”’
A decline in lymphocyte counts often reflects immune dysregulation and is closely associated with increased AF risk.*°
PIV integrates these four cell types into a single metric, offering a comprehensive reflection of the body’s inflammatory-
immune imbalance. In addition to systemic inflammation, several clinical and structural factors contribute to atrial
fibrillation, including right coronary artery involvement, hypertension, and structural heart disease, which promote atrial
remodeling and AF persistence. Accumulating evidence indicates that inflammation and endothelial dysfunction are central
drivers of AF initiation and progression, particularly in patients with coronary artery disease. Chronic inflammatory
activation and endothelial injury synergistically promote atrial electrical instability and fibrosis, providing a mechanistic
basis for the use of PIV as an integrated inflammatory biomarker in AF risk stratification.?' "

Although these factors were not systematically incorporated into the present analysis, they may interact with
inflammatory activity and endothelial dysfunction to jointly facilitate atrial electrical and structural remodeling. Future
prospective studies integrating PIV with structural and hemodynamic parameters are warranted.

Interestingly, we found that the XGBoost model outperformed the MLP model in both training and testing sets
(AUCs of 0.79 and 0.73 vs 0.75 and 0.69, respectively), suggesting that traditional machine learning algorithms may
outperform deep learning models in this setting. This could be attributed to XGBoost’s ability to handle structured
tabular data with small-to-moderate sample sizes effectively. In contrast, MLP requires larger datasets and tends to
overfit when applied to limited samples. XGBoost also benefits from built-in regularization, automatic feature
selection, and better interpretability, making it more practical for clinical use. MLP, being a “black-box” model,
lacks transparency, limiting its application in medical decision-making. These factors may explain the robust perfor-
mance of XGBoost in our study.

Limitations

Several limitations should be acknowledged. First, the study employed a retrospective, dual-center design, which may
introduce selection and information bias and limits causal inference. Second, the data were collected at a single time
point during initial hospitalization, with no dynamic tracking of inflammatory markers or long-term follow-up, prevent-
ing assessment of AF progression or prognosis. Third, although SHAP was used to enhance model interpretability,
external validation in prospective, multicenter cohorts is needed to evaluate model generalizability. Finally, some
potential confounding factors, such as medication use and certain comorbidities, were not fully accounted for, which
may have influenced both PIV levels and AF risk.

Conclusion
This study is the first to evaluate the predictive utility of the PIV for atrial fibrillation in patients with coronary artery
disease. Our findings indicate that PIV is an independent and strong predictor of AF. The XGBoost model outperformed
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deep learning in this setting, providing accurate, well-calibrated, and interpretable predictions. These results highlight the
potential of integrating inflammatory markers and machine learning for early risk stratification of AF in CAD popula-
tions. From a pathophysiological perspective, these findings further support the central role of systemic inflammation and
immune—endothelial dysfunction in atrial remodeling and AF development.
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