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Background: Ischemic stroke is a common and severe complication in patients with coronary artery disease (CAD), yet its early 
prediction remains challenging. This study aimed to investigate the association between the Fibrinogen–D-dimer to Albumin–Platelet 
Ratio (FDAPR) and the risk of ischemic stroke in CAD patients, and to develop a multilayer perceptron (MLP)–based machine 
learning model for stroke risk prediction.
Methods: Patients with confirmed CAD who underwent their first coronary angiography in two hospitals were retrospectively 
enrolled. The Boruta feature selection algorithm and multivariable logistic regression were used to identify independent predictors of 
ischemic stroke, which were subsequently incorporated into the MLP model. Model performance was evaluated using receiver 
operating characteristic (ROC) curves, area under the curve (AUC), and calibration plots. The Shapley Additive Explanations 
(SHAP) method was applied to quantify the contribution of each variable to model output, and two-dimensional contour plots were 
generated to explore the interaction effects between FDAPR and other key variables.
Results: A total of 1844 CAD patients were included in the analysis. Compared with the non-stroke group, patients with ischemic stroke 
were older, had higher FDAPR levels, and lower serum potassium concentrations. Boruta and multivariable logistic regression identified 
age, FDAPR, serum potassium (K), and total bilirubin (TBIL) as independent risk factors for stroke. The MLP model achieved an AUC of 
0.71 in both the training and test datasets. SHAP analysis demonstrated that elevated FDAPR levels were positively associated with 
stroke risk. Contour plots further revealed synergistic interactions between FDAPR and age, potassium, and TBIL.
Conclusion: FDAPR is significantly associated with ischemic stroke risk among patients with coronary artery disease.
Keywords: FDAPR index, ischemic stroke, coronary artery disease, multilayer perceptron, prediction model

Background
Coronary heart disease (CHD) is one of the most prevalent cardiovascular disorders worldwide, primarily driven by 
atherosclerosis of the coronary arteries, leading to myocardial ischemia.1 Patients with CHD are not only at risk of 
adverse cardiac outcomes such as myocardial infarction and heart failure2,3 but also of cerebrovascular complications, 
among which ischemic stroke (IS) is the most common and clinically devastating.4,5 IS results from vascular occlusion 
causing cerebral hypoperfusion and subsequent neuronal injury, often leading to disability or death and imposing 
a substantial public health and socioeconomic burden.6 Therefore, early identification of CHD patients at high risk for 
IS is critical for timely intervention and risk management.

In recent years, hematological parameters have shown substantial value in assessing the risk of thrombotic diseases.7–9 The 
FDAPR index, a novel composite biomarker that integrates coagulation function and nutritional status, reflects not only the 
prothrombotic state of the blood but also the patient’s nutritional and inflammatory condition.10 It therefore represents 
a promising indicator for predicting ischemic stroke in individuals with coronary heart disease (CHD). However, current 
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research on the application of FDAPR in stroke risk prediction among CHD patients remains limited, and robust predictive 
models are still needed to validate its clinical utility.

Machine learning (ML) techniques have been increasingly applied in medical prediction research, as they are well 
suited to handle high-dimensional, nonlinear, and complex interaction data.11,12 The multilayer perceptron (MLP), a class 
of feedforward artificial neural networks, consists of an input layer, one or more hidden layers, and an output layer. Each 
neuron in a given layer is fully connected to those in the previous layer, processing information through weighted 
summation and nonlinear activation functions. Unlike traditional statistical approaches such as linear or logistic 
regression, MLP models do not rely on predefined distributional assumptions and can capture intricate nonlinear 
relationships and interactions among multiple variables, offering superior performance in complex predictive 
tasks.13,14 Moreover, by incorporating interpretability tools such as Shapley Additive Explanations (SHAP), MLP models 
can provide both accurate predictions and insights into variable interactions, enabling individualized risk assessment and 
supporting early clinical intervention.

Methods
Study Population
This retrospective study included patients who underwent their first coronary angiography (CAG) at Enshi Tujia and 
Miao Autonomous Prefecture Central Hospital and Minda Hospital of Hubei Minzu University between January 2024 
and December 2024. The diagnosis of coronary artery disease (CAD) was defined as ≥70% stenosis in a non–left main 
coronary artery or ≥50% stenosis in the left main artery. As illustrated in Figure 1, patients were excluded if they had 
missing follow-up data, a history of malignancy or prior stroke, severe hepatic or renal dysfunction, or if more than 20% 
of key clinical variables were missing. Ultimately, 1844 eligible patients were included in the final analysis. The 
diagnosis of ischemic stroke was based on the AHA/ASA guidelines for the management of acute ischemic stroke.15 

Figure 1 Flowchart of study population selection and inclusion.
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All data were anonymized prior to analysis. This study was approved by the Ethics Committee of Enshi Tujia and Miao 
Autonomous Prefecture Central Hospital (Approval No. 2024–053-01). Given the retrospective design and use of de- 
identified clinical data, the requirement for informed consent was waived by the ethics committee. The study was 
conducted in accordance with the principles of the Declaration of Helsinki.

Data Collection and Variable Definition
Clinical information was extracted from electronic medical records, including demographic characteristics (age, sex), 
medical history (hypertension, diabetes mellitus, atrial fibrillation, hyperuricemia, hyperlipidemia, and smoking status), 
and medication use (diuretics and anticoagulants). Laboratory data included hematological parameters (white blood cell 
count, red blood cell count, hemoglobin, hematocrit, mean corpuscular volume, platelet count, mean platelet volume, and 
plateletcrit), lipid profiles (total cholesterol, triglycerides, high-density and low-density lipoprotein cholesterol), bio
chemical indices (serum potassium, alanine aminotransferase, aspartate aminotransferase, total and direct bilirubin, 
albumin, creatinine, uric acid, and urea), and coagulation-related markers (fibrinogen and D-dimer). The FDAPR 
index was calculated as: (Fibrinogen*D-dimer/Albumin*Platelet).10 Ischemic stroke was treated as a binary outcome 
(presence or absence) and was identified based on clinical diagnosis and neuroimaging findings documented in medical 
records during hospitalization or routine clinical evaluation. Uniform time-to-event information was not available for all 
patients; therefore, time-to-event analyses were not performed.

Feature Selection and Model Construction
To identify variables associated with ischemic stroke, the Boruta feature selection algorithm was first applied to all 
candidate variables. Boruta, based on a random forest framework, iteratively compares the importance of actual features 
with that of randomly permuted “shadow” features, retaining relevant predictors while minimizing redundancy and 
overfitting. Variables identified as “important” or “tentatively important” by Boruta were subsequently included in 
a multivariable logistic regression model to evaluate their independent associations with ischemic stroke and to enhance 
clinical interpretability. The features selected by Boruta were then used to construct the neural network model.

Machine Learning Model Development
The selected variables were used to construct a multilayer perceptron (MLP) neural network model. Data were randomly 
divided into training and validation sets in a 7:3 ratio. Hyperparameter tuning was conducted using a grid search strategy, 
exploring different network architectures and learning parameters, with the optimal model selected based on AUC 
performance. Model discrimination was assessed using receiver operating characteristic (ROC) curves and area under the 
curve (AUC) values, while calibration curves were plotted to evaluate the agreement between predicted probabilities and 
observed outcomes. To enhance interpretability, SHAP method was employed to quantify the contribution of each 
variable to stroke prediction. Variables were ranked according to their mean absolute SHAP values, and visualizations 
including feature importance plots and beeswarm plots were generated to illustrate the direction and magnitude of each 
predictor’s effect. Finally, two-dimensional contour plots (2D contour plots) were constructed based on MLP model 
outputs to explore the interaction effects between FDAPR and other key predictors, depicting ischemic stroke risk 
distributions under different variable combinations and revealing potential nonlinear synergistic effects.

All statistical analyses were conducted using R version 4.3.2 and Python version 3.9. Continuous variables were 
compared with the t-test or Mann–Whitney U-test, categorical variables with the χ2-test, and a P value <0.05 was 
considered statistically significant.

Results
As shown in Table 1, a total of 1844 patients were included, comprising 292 (15.8%) individuals with ischemic stroke (IS) and 
1552 (84.2%) without stroke (non-IS). Patients in the IS group were significantly older than those in the non-IS group (median 
age: 70.00 vs 61.00 years, p < 0.001). Regarding comorbidities, hypertension was more prevalent among IS patients, whereas 
the prevalence of diabetes mellitus, atrial fibrillation, hyperuricemia, and hyperlipidemia showed no significant intergroup 
difference (p > 0.05). For medication use and lifestyle factors, both diuretic and anticoagulant use were more common in the IS 
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group, while smoking rates were comparable between groups. Laboratory analyses revealed that IS patients had markedly 
higher FDAPR index values compared with the non-IS group (0.36 vs 0.23, p < 0.001). In contrast, red blood cell count, 
hemoglobin, hematocrit, and plateletcrit were significantly lower in the IS group (p < 0.001). Additionally, IS patients had 
reduced triglyceride (TG) and serum potassium (K) levels. Other parameters—including white blood cell count, mean platelet 
volume, cholesterol, liver and kidney function tests, and uric acid—did not differ significantly between groups (p > 0.05).

To identify key predictors of ischemic stroke among CAD patients, the Boruta feature selection algorithm was applied to all 
candidate variables. As illustrated in Figure 2, Boruta successfully identified several variables strongly associated with stroke 
risk. These “confirmed important” (green) and “tentatively important” (yellow) features were subsequently entered into multi
variable logistic regression analysis (Table 2). Regression results indicated that age (OR = 1.066, 95% CI: 1.051–1.082, p < 
0.001), FDAPR (OR = 1.097, 95% CI: 1.040–1.157, p = 0.001), serum potassium (OR = 0.640, 95% CI: 0.447–0.916, p = 0.015), 
and total bilirubin (TBIL) (OR = 1.027, 95% CI: 1.010–1.044, p = 0.002) were independent risk factors for ischemic stroke. 
Variables identified as relevant by the Boruta algorithm were used as input features for the subsequent neural network model.

Table 1 Baseline Characteristics

Variable Non IS (n=1552) IS (n=292) p-value

Age (median [IQR]) 61.00 [53.00, 69.00] 70.00 [62.00, 74.25] <0.001*
Sex=male (%) 952 (61.3) 187 (64.0) 0.384

HTN=yes (%) 930 (59.9) 208 (71.2) <0.001*

DM=yes (%) 325 (20.9) 64 (21.9) 0.707
AF=yes (%) 71 (4.6) 19 (6.5) 0.16

HUA=yes (%) 153 (9.9) 35 (12.0) 0.27

HLP=yes (%) 330 (21.3) 61 (20.9) 0.886
Diuretic=yes (%) 334 (21.5) 88 (30.1) 0.001*

Smoking=yes (%) 1005 (64.8) 198 (67.8) 0.315
AC=yes (%) 506 (32.6) 118 (40.4) 0.01*

WBC (median [IQR]) 6.11 [4.54, 9.49] 6.26 [4.56, 10.29] 0.33

RBC (median [IQR]) 4.23 [3.73, 4.79] 4.12 [3.60, 4.65] 0.04*
FDARP (median [IQR]) 0.23 [0.12, 0.47] 0.36 [0.19, 0.72] <0.001*

HGB (median [IQR]) 131.00 [119.00, 144.00] 126.50 [114.00, 138.00] <0.001*

Hct (median [IQR]) 39.30 [35.88, 42.70] 38.05 [34.30, 41.20] <0.001*
MCV (median [IQR]) 91.40 [88.50, 94.60] 91.60 [88.40, 94.43] 0.741

MPV (median [IQR]) 11.20 [10.40, 12.00] 11.20 [10.57, 12.20] 0.179

PCT (median [IQR]) 0.21 [0.18, 0.25] 0.20 [0.16, 0.24] <0.001*
TC (median [IQR]) 4.30 [3.54, 5.06] 4.23 [3.57, 5.02] 0.865

TG (median [IQR]) 1.52 [1.06, 2.37] 1.37 [0.94, 2.02] 0.001*

HDL-C (median [IQR]) 1.17 [0.98, 1.41] 1.18 [1.00, 1.47] 0.203
LDL-C (median [IQR]) 2.70 [2.14, 3.32] 2.71 [2.08, 3.28] 0.602

K (median [IQR]) 3.80 [3.56, 4.02] 3.71 [3.45, 3.94] <0.001*

ALT (median [IQR]) 19.00 [14.00, 30.00] 19.50 [14.00, 26.00] 0.375
AST (median [IQR]) 23.00 [18.00, 33.00] 24.00 [19.00, 34.00] 0.133

TBIL (median [IQR]) 11.60 [9.10, 14.50] 11.70 [10.07, 14.90] 0.11

DBIL (median [IQR]) 3.60 [2.70, 4.90] 3.60 [2.80, 5.03] 0.498
Cr (median [IQR]) 72.00 [59.00, 91.00] 73.00 [61.75, 101.00] 0.058

UA (median [IQR]) 323.50 [261.00, 394.00] 320.00 [250.75, 383.50] 0.3

Urea (median [IQR]) 5.46 [4.35, 6.87] 5.37 [4.28, 7.24] 0.893

Note: *P <0.05. 
Abbreviations: HTN, Hypertension; DM, Diabetes Mellitus; AF, Atrial Fibrillation; HUA, Hyperuricemia; 
HLP, Hyperlipidemia; Diuretic, Diuretic Use; AC, Anticoagulation; WBC, White Blood Cell Count; RBC, 
Red Blood Cell Count; HGB, Hemoglobin; Hct, Hematocrit; MCV, Mean Corpuscular Volume; MPV, Mean 
Platelet Volume; PCT, Plateletcrit; TC, Total Cholesterol; TG, Triglycerides; HDL-C, High-Density 
Lipoprotein Cholesterol; LDL-C, Low-Density Lipoprotein Cholesterol; K, Potassium; ALT, Alanine 
Aminotransferase; AST, Aspartate Aminotransferase; TBIL, Total Bilirubin; DBIL, Direct Bilirubin; Cr, 
Creatinine; UA, Uric Acid.
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As shown in Figure 3, the MLP model achieved an area under the ROC curve (AUC) of 0.71 in both the training and 
test sets, demonstrating robust generalizability and stability. The ROC curves indicated that the model effectively 
discriminated stroke events in the moderate- to high-risk range. The calibration curves showed close agreement between 
predicted and observed stroke probabilities, particularly within the 0.3–0.6 risk interval. A slight overestimation was 
noted at higher predicted probabilities, suggesting overall good calibration and discrimination of the MLP model.

To enhance interpretability, SHAP analysis was performed (Figure 4). Among all input variables, age had the greatest 
impact on model output (mean absolute SHAP value = 0.07), followed by serum potassium (K, +0.02), FDAPR (+0.01), 
and total bilirubin (TBIL, +0.01). The SHAP summary plot indicated that older age, higher FDAPR, and elevated 
bilirubin levels were associated with an increased predicted risk of ischemic stroke, whereas lower serum potassium 
values also contributed to higher predicted risk. To further explore potential interactions between FDAPR and other 
major predictors, two-dimensional contour plots were generated (Figure 5). In the FDAPR–Age plot, stroke risk 
increased markedly with simultaneous elevations in both FDAPR and age, with the highest predicted risk observed in 
older (≥70 years) patients with higher FDAPR levels, indicating a synergistic effect. In the FDAPR–K plot, the influence 
of FDAPR on stroke risk was more pronounced when serum potassium was below 3.6 mmol/L. Similarly, the FDAPR– 
TBIL plot demonstrated that both FDAPR and total bilirubin were positively correlated with stroke probability, and 
patients with high levels of both markers exhibited the greatest risk.

Figure 2 Feature selection and importance ranking identified by the Boruta algorithm. Green indicates confirmed important features, yellow indicates tentative features, red 
indicates rejected features, and blue represents shadow features.

Table 2 Multivariate Logistic Regression

Variables OR 95% CI p-value

Age 1.066 1.051~1.082 <0.001*

FDARP 1.097 1.040~1.157 0.001*
HGB 0.985 0.963~1.008 0.193

Hct 1.057 0.984~1.136 0.131

PCT 0.713 0.059~8.665 0.791
K 0.64 0.447~0.916 0.015*

TBIL 1.027 1.010~1.044 0.002*

Note: *P<0.05. 
Abbreviations: HGB, Hemoglobin; Hct, Hematocrit; 
PCT, Plateletcrit; K, Potassium; TBIL, Total Bilirubin.
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Figure 3 ROC curves and calibration plots of the MLP model in the training and testing sets.

Figure 4 SHAP analysis of the MLP model showing feature importance and the direction of feature effects. (a) SHAP summary plot illustrating the impact of individual 
features on the model output, where each dot represents a sample and colors indicate feature values (low to high). (b) Bar plot showing the mean absolute SHAP values of 
the selected features, reflecting their overall importance in the model.

Figure 5 Effects of interactions between FDAPR and key variables on ischemic stroke risk prediction.
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Discussion
Our study revealed that, at baseline, patients in the ischemic stroke (IS) group were significantly older than those without 
stroke, and their FDAPR index values were markedly elevated. Both the Boruta feature selection and multivariable 
logistic regression analyses consistently identified FDAPR as an independent risk factor for ischemic stroke. The MLP 
model demonstrated robust predictive performance, with an AUC of 0.71 in both the training and validation sets, while 
calibration curves confirmed reliable probability estimation. SHAP analysis further indicated that FDAPR was the second 
most influential predictor within the model. Contour analysis revealed that elevated FDAPR, in combination with 
advanced age, hypokalemia, or metabolic dysfunction, markedly increased the predicted probability of stroke events.

FDAPR is a novel composite biomarker integrating indicators of coagulation, fibrinolysis, inflammation, and 
nutritional status, thus reflecting the multidimensional physiological balance of the body. It is derived from four key 
laboratory parameters (fibrinogen, D-dimer, albumin, and platelet count) and an elevated FDAPR value implies 
hypercoagulability, fibrinolytic imbalance, and compromised metabolic defense. Fibrinogen, as the principal substrate 
for clot formation, increases plasma viscosity and promotes platelet aggregation and vasoconstriction;16–19 its elevation 
reflects enhanced coagulation activity and inflammatory stimulation via cytokines such as IL-6 and CRP.20,21 D-dimer, 
a degradation product of cross-linked fibrin, indicates active coagulation and fibrinolytic imbalance, with persistently 
high levels suggesting endothelial dysfunction and microthrombotic activity that predispose to ischemic injury.22–24 

Albumin, incorporated in the denominator of the FDAPR formula, represents the protective, anti-inflammatory, and 
antioxidative component; low albumin weakens vascular defense, increases blood viscosity, and facilitates 
thrombogenesis.25–28 Platelets contribute to thrombus formation and vascular inflammation through aggregation and 
the release of pro-inflammatory mediators such as thromboxane A2 and platelet factor4; however, in prothrombotic and 
inflammatory states, lower platelet counts may reflect platelet activation and consumption at sites of thrombus formation 
rather than a protective condition.29–32 Collectively, a higher FDAPR value denotes a state of hypercoagulability, 
impaired fibrinolysis, and weakened metabolic and anti-inflammatory defense, reflecting the multifactorial pathophysiol
ogy underlying ischemic stroke. By integrating these multidimensional disturbances into a single quantitative index, 
FDAPR provides a holistic measure of the coagulation–inflammation–metabolic axis, offering a potential biomarker for 
stroke risk stratification.

Previous studies first introduced FDAPR in 2022 by Çelikkol et al10 who demonstrated its prognostic value in 
predicting mortality among COVID-19 patients. Our findings expand this concept to the cardiovascular field. Consistent 
with prior evidence, advanced age was associated with increased stroke risk, likely due to vascular remodeling, 
endothelial dysfunction, and enhanced coagulation activity in older adults.33 Likewise, hypokalemia may promote 
endothelial injury, augment vasoconstrictive responses, and increase arrhythmic potential, thereby elevating ischemic 
risk.34 Hepatic dysfunction, characterized by impaired synthesis of coagulation factors and elevated inflammatory 
burden,35 further disrupts the coagulation–fibrinolysis equilibrium, leading to increased D-dimer levels and platelet 
dysregulation—all of which promote thrombogenesis and indirectly heighten stroke susceptibility. Collectively, these 
results underscore the potential of FDAPR and its hematologic components as integrative biomarkers for assessing 
ischemic stroke risk among patients with coronary artery disease.

Collectively, our findings highlight that FDAPR serves as an integrated biomarker reflecting both hypercoagulable 
status and nutritional condition, serving as an important predictor of ischemic stroke risk in patients with CHD.

Limitations
This retrospective, single-center study has several limitations, including limited generalizability and the inability to infer 
causality. A substantial proportion of patients were excluded due to missing laboratory data required for FDAPR 
calculation, potentially introducing selection bias, and no multiple imputation or sensitivity analyses were performed. 
Ischemic stroke was analyzed as a binary outcome because uniform time-to-event data were unavailable, precluding 
survival or competing-risk analyses. Despite hyperparameter tuning using grid search, the predictive performance of the 
MLP model was moderate (AUC = 0.71), suggesting that FDAPR should be interpreted as a complementary rather than 
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a standalone predictive marker. External validation was not conducted, limiting model robustness, and residual con
founding cannot be entirely excluded, particularly regarding hypokalemia and its potential association with diuretic use.

Disclosure
The authors report no conflicts of interest in this work.
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