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Background: To develop and validate an interpretable machine learning (ML) model integrating inflammatory and metabolic biomarkers 
for predicting the risk of 1-year unplanned readmission in patients with ischemic stroke (IS) and type 2 diabetes mellitus (T2DM).
Methods: This retrospective study included IS patients with comorbid T2DM who were hospitalized between June 2022 and 
December 2023. A total of 49 clinical variables were extracted. Least absolute shrinkage and selection operator (LASSO) regression 
was used for feature selection. The dataset was randomly divided into a training set (70%) and a validation set (30%). Seven widely 
used ML algorithms were applied to construct predictive models, and model performance was evaluated using a validation set. No 
external validation was performed in this study. The best-performing model was further interpreted using Shapley Additive 
Explanations (SHAP), and a dynamic nomogram was developed for individualized risk assessment.
Results: A total of 833 patients were included, with a 1-year unplanned readmission rate of 34.3%. LASSO regression identified nine 
key variables: age, neutrophil-to-lymphocyte ratio (NLR), homocysteine (HCY), glycated hemoglobin A1c (HbA1c), triglyceride- 
glucose (TyG) index, metformin use, and the presence of hyperlipidemia, pulmonary infection, and renal insufficiency. The random 
forest model demonstrated the best overall performance (area under the curve [AUC] = 0.78, F1 score = 0.70). SHAP analysis 
indicated that NLR, HCY, HbA1c, and TyG index were the most influential predictors, suggesting that chronic inflammation and 
metabolic dysregulation play pivotal roles in readmission risk.
Conclusion: The ML model based on inflammatory and metabolic biomarkers effectively predicts 1-year unplanned readmission risk 
in IS patients with T2DM, with good interpretability and clinical potential. The dynamic nomogram enables real-time, individualized 
risk prediction to support early identification of high-risk patients, tailored follow-up, and targeted allocation of healthcare resources.
Keywords: ischemic stroke, type 2 diabetes mellitus, unplanned readmission, machine learning, inflammatory biomarkers, metabolic 
biomarkers
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Introduction
Stroke is a leading cause of death and long-term disability worldwide. In China, ischemic stroke (IS) accounts for 69.6% 
of incident stroke cases and 77.8% of prevalent cases.1 Among patients with IS, approximately 21.3% to 28.9% have 
comorbid diabetes mellitus (DM).2,3 DM is not only an independent risk factor for IS but also exacerbates post-stroke 
neurological impairment and significantly increases the risk of stroke recurrence and unplanned hospital readmission.4–6 

A meta-analysis has shown that DM is associated with a higher risk of stroke recurrence, with a pooled hazard ratio of 
1.53, independent of other cardiovascular risk factors.4 Moreover, IS patients with comorbid DM have a markedly higher 
risk of hospital readmission compared to those without DM, suggesting a more complex disease course and greater 
challenges in clinical management.6 As a critical indicator of healthcare quality, unplanned hospital readmission is often 
associated with poor control of chronic conditions, acute complications, or multimorbidity. Therefore, early identification 
of high-risk individuals among IS patients with DM, along with the development of accurate predictive models, is 
essential for optimizing personalized interventions, reducing healthcare costs, and improving the quality of stroke care.

Inflammation and metabolic dysregulation are key pathological foundations underlying the onset and poor prognosis of 
stroke, particularly in the context of diabetes mellitus.7,8 In recent years, blood-derived biomarkers have emerged as valuable 
tools for assessing inflammatory and metabolic states, such as the neutrophil-to-lymphocyte ratio (NLR), systemic immune- 
inflammation index (SII), triglyceride-glucose index (TYG), and TYG-body mass index (TYG-BMI). However, most existing 
studies focus primarily on conventional clinical variables or short-term outcomes, such as mortality or 30-day readmission. 
Although several reports have examined the individual effects of inflammation and metabolic dysregulation on post-stroke 
outcomes, few have integrated these biomarkers into interpretable machine learning (ML) models. In particular, evidence 
remains limited regarding the use of such integrative approaches for predicting 1-year unplanned readmissions among patients 
with IS and DM. Increasing evidence suggests that inflammatory activation and metabolic imbalance interact through shared 
pathways, such as oxidative stress, endothelial dysfunction, and insulin resistance, jointly accelerating vascular injury and 
disease progression.7,9,10 Therefore, incorporating inflammatory and metabolic biomarkers into predictive models may enable 
earlier and more sensitive identification of patients at high risk for readmission.

In recent years, ML has demonstrated substantial potential in medical predictive modeling. However, the widespread 
clinical adoption of ML has been hindered by the “black box” nature of most models, which limits interpretability and 
acceptance among clinicians. Interpretable ML enhances the transparency and credibility of model predictions by 
visualizing decision-making processes and analyzing feature importance, thereby improving clinical applicability. 
Existing ML research in the field of stroke has largely focused on predicting short-term outcomes such as mortality or 
functional recovery, with limited attention to the synergistic role of inflammatory and metabolic states, and even less 
emphasis on long-term outcomes such as unplanned readmission.11,12 Our previous study developed an interpretable ML 
model to predict readmission risk in heart failure (HF) patients with DM by integrating inflammatory and metabolic 
biomarkers, highlighting the synergistic impact of these biological pathways.13 Building upon this methodological 
framework, the present study extends this approach to IS patients with DM to predict 1-year unplanned readmission 
risk and support individualized risk stratification.

Materials and Methods
Study Subjects
This study retrospectively collected clinical data of patients with IS and type 2 diabetes mellitus (T2DM) who were 
admitted to the Department of Neurology at the First Affiliated Hospital, Zhejiang University School of Medicine, 
between June 2022 and December 2023.

The inclusion criteria were as follows: (1) age ≥ 18 years; (2) diagnosis of IS;14 (3) confirmed comorbidity of T2DM.15 

Exclusion criteria included: (1) loss to follow-up within 1 years; (2)>30% missing values for key variables; (3) in-hospital 
death or transfer to another facility during hospitalization; (4) comorbidity with malignant tumors and an estimated life 
expectancy of less than one year; and (5) presence of immune system diseases or other severe organ dysfunction.
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Data Collection and Outcomes
A total of 49 clinical variables were included in this study, encompassing demographic characteristics (such as age and sex), 
vital signs (including heart rate and systolic blood pressure), inflammatory markers (notably the NLR and SII), metabolic 
indicators (such as the TYG and TYG-BMI), biochemical parameters (eg, alanine aminotransferase, serum creatinine), and 
coagulation markers (eg, D-dimer, fibrinogen). Data on prescribed medications (including aspirin, statins, and metformin) and 
relevant comorbidities (such as hypertension, atrial fibrillation, and pulmonary infection) were also collected. Hematological 
parameters were collected within the first 24 hours of hospital admission. All enrolled patients were followed for a period of 
one year after discharge. Follow-up data were obtained through electronic medical record review and telephone interviews. 
The primary outcome was defined as unplanned hospital readmission occurring within one year following discharge.

The calculation formulas for these indices are as follows:

1) NLR = neutrophils/lymphocytes
2) MLR = monocytes/lymphocytes
3) PLR = platelets/lymphocytes
4) CLR = high-sensitivity C-reactive protein (hsCRP)/lymphocytes
5) SII = (platelet*neutrophil)/lymphocyte
6) SIRI = (neutrophil*monocyte)/lymphocyte
7) TYG index = ln[(Triglyceride (TG) level (mg/dL) × Fasting blood glucose (FBG) level (mg/dL))]/2
8) TYG-BMI = TYG index × Weight (kg)/Height (m)2

Development and Evaluation of Predictive Models
Data were analyzed using SPSS 23.0, Python 3.6.5, and R 3.6.4. For between-group comparisons, independent samples 
t-tests were applied for normally distributed data, Mann–Whitney U-tests for non-normal distributions, and chi-square 
tests were used for categorical variables. P-value < 0.05 was considered statistically significant.

Missing data were handled using the multivariate imputation by chained equations (MICE) method to enhance data 
completeness. Subsequently, feature selection was performed using least absolute shrinkage and selection operator with 
five-fold cross-validation (LASSO-CV), and the results were visualized. The dataset was randomly split into a training 
set and a validation set in a 7:3 ratio, with stratification by the outcome variable to ensure balanced class distribution. The 
random seed was fixed at 42. To address class imbalance, the Synthetic Minority Oversampling Technique (SMOTE) was 
applied to the training set.

During the model development phase, seven mainstream ML algorithms were employed, including random forest 
(RF), decision tree (DT), extreme gradient boosting (XGBoost), support vector machine (SVM), logistic regression (LR), 
light gradient boosting machine (LightGBM), and multilayer perceptron (MLP). To improve model reproducibility and 
predictive performance, hyperparameters were tuned for all ML algorithms. For the RF model, the number of estimators 
was set to 100, and a fixed random seed (random_state = 42) was applied. The XGBoost classifier was configured with 
objective=“binary:logistic” and use_label_encoder=False. The LightGBM model also used random_state=42 to ensure 
reproducibility. Probability outputs were enabled for SVM and MLP under their default settings. The LR model adopted 
the “lbfgs” solver with a maximum of 3000 iterations. The DT model was trained using default parameters, with a fixed 
random_state to maintain consistent results.

Each model was trained on the training set and evaluated on the validation set. Model performance was assessed using 
a comprehensive set of metrics, including the area under the receiver operating characteristic curve (AUC), calibration curves, 
accuracy, sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV), F1 score, and Brier score, 
to comprehensively evaluate the models’ discriminative ability, calibration performance, and clinical applicability.

SHAP Interpretability and Dynamic Nomogram Creation
To enhance the interpretability of the model, this study employed the Shapley Additive Explanations (SHAP) method to 
explain the final predictive model. By calculating the contribution of each feature to the model output, SHAP summary 
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bar plot and summary dot plot were generated to visually demonstrate the direction and magnitude of each feature’s 
impact on the prediction, revealing potential nonlinear relationships and feature interactions.

Based on these insights, a dynamic nomogram was further developed to visualize the key predictive factors of the model, 
facilitating individualized risk assessment in clinical practice. This dynamic nomogram allows flexible adjustment of patient 
feature values through sliders or input boxes, providing real-time estimation of the 1-year unplanned readmission risk under 
various patient characteristic combinations, thereby enhancing the model’s practical utility in healthcare settings.

Results
Baseline Characteristics
A total of 1,026 IS patients with T2DM were initially enrolled between June 2022 and December 2023. After applying 
exclusion criteria, 833 patients were included in the final analysis and followed for one year post-discharge (Figure 1).

Among the 833 patients analyzed, 286 patients (34.3%) experienced unplanned readmission within one year. As 
shown in Table 1, patients in the readmission group were significantly older than those in the non-readmission group 
(67.64±11.96 vs 64.95±11.22 years, P=0.001). Several laboratory and clinical indicators differed significantly between 
groups. The readmission group had significantly higher levels of NLR, c-reactive protein to lymphocyte ratio (CLR), SII, 
systemic inflammation response index (SIRI), TyG index, TYG-BMI, TG, FBG and hsCRP (all P < 0.05), highlighting 
the critical role of systemic inflammation and metabolic burden in predicting unplanned readmission. Notably, urea (P = 
0.003) and D-dimer (P = 0.024) were also significantly elevated among readmitted patients, suggesting possible 
associations with renal dysfunction and coagulation activation. In terms of medication use, metformin was less frequently 
used in the readmission group (P=0.010). Regarding comorbidities, the prevalence of hyperlipidemia, pulmonary 
infection, and renal insufficiency was significantly higher in the readmitted group. In addition, glycated hemoglobin 
A1c (HbA1c) (P = 0.055), homocysteine (HCY) (P = 0.050), and sodium-glucose co-transporter 2 (SGLT2) inhibitor use 
(P = 0.056) showed borderline associations with readmission, with higher HbA1c and HCY levels and lower SGLT2 
inhibitor use in the readmission group, suggesting potential clinical relevance that warrants further investigation.

Feature Selection via LASSO Regression
LASSO regression with five-fold cross-validation was applied for dimensionality reduction and feature selection, aiming 
to improve model generalizability and identify key predictors. At the optimal regularization parameter (alpha=0.0316), 
a total of nine variables with significant predictive value were selected: age, NLR, HCY, HbA1c, TyG index, metformin 

Figure 1 Flow chart of the study design. 
Abbreviations: IS, ischemic stroke; T2DM, type 2 diabetes mellitus; LASSO, least absolute shrinkage and selection operator; CV, cross-validation; RF, Random Forest; DT, 
Decision Tree; XGBoost, Extreme Gradient Boosting, SVM, Support Vector Machine; LR, Logistic Regression; LightGBM, Light Gradient Boosting Machine; MLP, Multilayer 
Perceptron; AUC, the area under the receiver-operating characteristic; PPV, positive predictive value; NPV, negative predictive value; SHAP, SHapley Additive exPlanations.

https://doi.org/10.2147/CIA.S544949                                                                                                                                                                                                                                                                                                                                                                                                                                                                Clinical Interventions in Aging 2025:20 2166

Hu et al                                                                                                                                                                              

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



Table 1 Baseline Characteristics of Non-Readmission and Readmission Groups

Variables Non-Readmission Group (n=547) Readmission Group (n=286) P-value

Age 64.95±11.22 67.64±11.96 0.001
Gender (n, %)

Male 342 (62.5%) 174 (60.8%) 0.635

Female 205 (37.5%) 112 (39.2%)
HR 76.00 (69.00,85.00) 78.00 (70.00,88.25) 0.021

SBP (mmHg) 145.00 (133.00,160.00) 149.00 (135.00,165.00) 0.074

DBP (mmHg) 81.00 (72.00,89.00) 82.00 (73.75,90.25) 0.312
Length of Hospital Stay 6.00 (5.00,8.00) 6.00 (5.00,8.00) 0.259

BMI, kg/m2 24.44 (23.14,26.24) 24.76 (23.37,25.99) 0.306
Indices

NLR 2.82 (2.07,3.83) 3.16 (2.20,5.12) 0.002

MLR 0.10 (0.08,0.12) 0.09 (0.07,0.13) 0.107
PLR 127.55 (98.33,167.16) 131.79 (99.22,188.37) 0.065

CLR 4.54 (1.76,10.90) 5.87 (2.43,12.12) 0.037

SII 596.51 (387.81,846.53) 650.38 (400.06,1051.82) 0.028
SIRI 1.24 (0.83,1.87) 1.38 (0.88,2.37) 0.016

TYG 9.14 (8.66,9.49) 9.29 (8.77,9.74) 0.001

TYG-BMI 222.93 (203.76,244.43) 228.71 (211.38,245.38) 0.015
Hematological parameters

HCY (umo/L) 11.70 (9.60,12.60) 11.84 (9.90,13.53) 0.050

ALT (U/L) 16.00 (12.00,24.00) 16.50 (12.00,24.00) 0.771
AST (U/L) 17.00 (14.00,22.00) 16.00 (14.00,22.25) 0.547

Scr (umo/L) 72.00 (58.00,87.00) 73.50 (60.75,94.00) 0.173

Urea (mmol/L) 5.73 (4.66,6.99) 6.11 (4.79,7.78) 0.003
UA (umo/L) 297.00 (228.00,355.00) 295.50 (237.75,365.00) 0.150

TG (mmol/L) 1.57 (1.10,1.99) 1.82 (1.21,2.34) 0.002

TC (mmol/L) 3.93 (3.29,4.55) 3.99 (3.30,4.82) 0.317
HDL (mmol/L) 0.97 (0.81,1.11) 0.98 (0.83,1.14) 0.558

LDL (mmol/L) 2.08 (1.65,2.59) 2.07 (1.59,2.74) 0.698

FBG (mmol/L) 7.31 (5.80,8.78) 7.62 (6.23,9.54) 0.010
K (mmol/L) 3.83 (3.60,4.12) 3.87 (3.63,4.17) 0.191

Na (mmol/L) 142.00 (140.00,144.00) 141.00 (139.00,143.00) 0.044

Cl (mmol/L) 105.00 (103.00,107.00) 104.00 (102.00,106.00) 0.016
Ca (mmol/L) 2.24 (2.17,2.31) 2.24 (2.17,2.32) 0.917

HbA1C (%) 8.00 (7.10,9.00) 8.10 (7.10,9.70) 0.055

hsCRP (mg/L) 3.10 (1.04,7.10) 3.56 (1.71,8.16) 0.003
FIB (g/l) 3.18 (2.64,3.79) 3.17 (2.65,3.71) 0.899

APTT (sec) 27.20 (25.80,28.70) 26.80 (25.40,28.50) 0.141

PT (sec) 11.30 (10.90,11.90) 11.20 (10.80,12.00) 0.449
D-dimer (ug/mL) 340.00 (193.00,636.00) 394.00 (213.00,832.50) 0.024

Inotropic drugs (n, %)

Aspirin 430 (78.6%) 217 (75.9%) 0.368
Clopidogrel 329 (60.1%) 169 (59.1%) 0.768

Statin 537 (98.2%) 281 (98.3%) 0.934

Metformin 246 (45.0%) 102 (35.7%) 0.010
SGLT 2 114 (20.8%) 44 (15.4%) 0.056

Insulin 132 (24.1%) 76 (26.6%) 0.439

Anticoagulant 47 (8.6%) 28 (9.8%) 0.566

(Continued)
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use, hyperlipidemia, pulmonary infection, and renal insufficiency (Figure 2). Among them, NLR and HCY had the 
largest absolute coefficients, indicating their primary importance in predicting readmission risk. In contrast, the 
coefficient for metformin was negative, suggesting a potential protective effect.

Model Selection and Performance Evaluation
To identify the optimal predictive model, seven ML algorithms were developed and evaluated on the validation set, 
including RF, DT, XGBoost, SVM, LR, LightGBM, and MLP (Table 2). Among them, the RF model demonstrated superior 
performance across multiple metrics, with the highest AUC (0.78), accuracy (0.71), sensitivity (0.71), specificity (0.72), 
and F1 score (0.70), as well as the lowest Brier score (0.195), indicating strong discriminative ability and favorable 

Table 1 (Continued). 

Variables Non-Readmission Group (n=547) Readmission Group (n=286) P-value

Past medical history (n, %)

Hypertension 425 (77.7%) 221 (77.3%) 0.889
CHD 28 (5.1%) 16 (5.6%) 0.771

AF 45 (8.2%) 24 (8.4%) 0.935

Hyperlipidemia 126 (23.0%) 96 (33.6%) 0.001
Pulmonary infection 37 (6.8%) 39 (13.6%) 0.001

Renal insufficiency 24 (4.4%) 26 (9.1%) 0.007

Abbreviations: HR, heart rate; SBP, systolic blood pressure; DBP, diastolic blood pressure; BMI, body mass index; NLR, neutrophil-to- 
lymphocyte ratio; MLR, monocytes-to-lymphocytes ratio; PLR, platelet-to-lymphocyte ratio; CLR, c-reactive protein to lymphocyte 
ratio; SII, systemic immune-inflammation index; SIRI, systemic inflammation response index; TYG, triglyceride-glucose; TYG-BMI, 
triglyceride-glucose body mass index; HCY, homocysteine; ALT, alanine aminotransferase; AST, aspartate aminotransferase; Scr: serum 
creatinine; UA, uric acid; TG, triglyceride; TC, total cholesterol; HDL, high-density lipoprotein; LDL, low-density lipoprotein; FBG, fast 
blood glucose; K, potassium; Na, sodium; Cl, chloride; Ca, calcium; HbA1c, glycated hemoglobin A1c; hsCRP, high-sensitivity C-reactive 
protein; FIB, fibrinogen; APTT, activated partial thromboplastin time; PT, prothrombin time; SGLT 2, sodium-glucose co-transporter 2; 
CHD, coronary heart disease; AF, atrial fibrillation.

Figure 2 LASSO for feature selection and dimensionality reduction. 
Abbreviations: LASSO, least absolute shrinkage and selection operator; HbA1c, glycated hemoglobin A1c; HCY, homocysteine; TYG, triglyceride-glucose; NLR, 
neutrophil-to-lymphocyte ratio.
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calibration. The ROC curves for all models are shown in Figure 3A. Although XGBoost and LightGBM also achieved an 
AUC of 0.74, their overall performance was slightly inferior to that of RF. In contrast, SVM, LR, and MLP models yielded 
AUCs below 0.70, and their calibration curves deviated more notably from the ideal line, reflecting limited predictive 
accuracy. Calibration curves for all models are presented in Figure 3B. Considering predictive accuracy, robustness, and 
clinical interpretability, the RF model was ultimately selected as the primary predictive tool for this study.

SHAP Interpretability Analysis
To further enhance the clinical interpretability of the model and elucidate the contribution of individual features to the 
prediction, SHAP was applied to the constructed RF model. As shown in Figure 4A, NLR and HCY were identified as 
the most influential variables for predicting 1-year unplanned readmission, showing higher mean SHAP values compared 
with other features. Although age and HbA1c also exhibited relatively high SHAP values, NLR and HCY were 
emphasized because they represent modifiable biological markers reflecting systemic inflammation and metabolic 
dysregulation, which are central to the study’s mechanistic focus.

Analysis of SHAP value distributions (Figure 4B) revealed that NLR, HCY, HbA1c, and TyG index exhibited 
predominantly positive effects, indicating that increases in these variables were associated with higher readmission risk. 
This trend suggests a synergistic contribution of chronic inflammation and glucose-lipid metabolic dysfunction to 

Table 2 Comparative Analysis of Performance Results for Different Machine Learning Models

Models AUC Accuracy Sensitivity Specificity PPV NPV F1 Score Brier Score

RF 0.78 0.71 0.71 0.72 0.70 0.73 0.70 0.195
DT 0.64 0.64 0.68 0.60 0.61 0.67 0.64 0.356

XGBoost 0.74 0.70 0.71 0.70 0.68 0.72 0.70 0.225

SVM 0.65 0.61 0.53 0.68 0.61 0.61 0.57 0.232
LR 0.66 0.63 0.59 0.67 0.61 0.64 0.60 0.230

LightGBM 0.74 0.68 0.68 0.68 0.66 0.69 0.67 0.219

MLP 0.67 0.61 0.55 0.67 0.60 0.62 0.58 0.245

Abbreviations: RF, Random Forest; DT, Decision Tree; XGBoost, extreme gradient Boosting; SVM, Support Vector Machine; LR, 
Logistic Regression; LightGBM, light gradient boosting machine; MLP, Multilayer Perceptron; AUC, the area under the receiver- 
operating characteristic; PPV, positive predictive value; NPV, negative predictive value.

Figure 3 ROC curves and calibration plots of seven machine learning models. (A) ROC curves. (B) Calibration plots. 
Abbreviations: AUC, the area under the receiver-operating characteristic; CI, confidence interval; RF, Random Forest; DT, Decision Tree; XGBoost, Extreme Gradient 
Boosting, SVM, Support Vector Machine; LR, Logistic Regression; LightGBM, Light Gradient Boosting Machine; MLP, Multilayer Perceptron.
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Figure 4 Global model explanation by the SHAP method. (A) SHAP summary bar plot. (B) SHAP summary dot plot. 
Abbreviations: SHAP, SHapley Additive exPlanations; NLR, neutrophil-to-lymphocyte ratio; HCY, homocysteine; HbA1c, glycated hemoglobin A1c; TYG, triglyceride-glucose.
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readmission. Age, as an uncontrollable factor, was also strongly and positively associated with readmission, reflecting the 
poorer prognosis observed in older patients.

Regarding medication use, metformin was associated with mostly negative SHAP values, indicating a potential 
protective effect against readmission. Analysis of comorbidities showed that hyperlipidemia, pulmonary infection, and 
renal insufficiency were all positively associated with increased readmission risk, with the first two demonstrating 
stronger impacts. Overall, SHAP analysis emphasized the importance of inflammation- and metabolism-related biomar
kers in predicting readmission among IS patients with T2DM and suggested potential targets for clinical intervention.

Dynamic Nomogram Construction
To improve the clinical applicability of the model, a dynamic, web-based nomogram was developed based on key 
predictive features identified through SHAP analysis. As illustrated in Figure 5, the nomogram integrates variables 
including age, NLR, HCY, HbA1c, TyG index, comorbidities, and medication use, allowing real-time prediction of 
1-year unplanned readmission risk in patients with IS and T2DM through an interactive interface.This tool has been 
deployed as an online application and can be accessed at: https://scinomogram.shinyapps.io/NHAHTHMPR/

With its user-friendly design, clinicians can enter patient-specific clinical information to obtain individualized risk 
estimates, facilitating early identification of high-risk individuals and targeted intervention. By translating complex ML 
outputs into an intuitive clinical decision support tool, the dynamic nomogram enhances the model’s usability and 
interpretability in real-world healthcare settings.

Discussion
This study developed and validated an interpretable ML model based on multidimensional clinical variables and 
inflammation- and metabolism-related biomarkers to predict the risk of 1-year unplanned readmission in patients with 
IS and T2DM. The observed readmission rate in this cohort was 34.3%, slightly higher than the 30.5% documented in the 

Figure 5 Dynamic nomogram for predicting one-Year unplanned readmissions in IS Patients with T2DM. (A) Input page: Enter the patient’s information according to the 
relevant variables on this page. (B) Graphical summary: This page shows the probability of a patient being readmitted to hospital with heart failure and the 95% confidence 
interval. (C) Numerical summary: Display the specific values of the patient’s indicators and predicted outcomes. 
Abbreviations: NLR, neutrophil-to-lymphocyte ratio; TYG, triglyceride-glucose; HCY, homocysteine; HbA1c, glycated hemoglobin A1c.
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US Nationwide Readmissions Database for IS patients, indicating a substantial readmission burden and a heightened 
need for targeted interventions in this population.16 Currently, the LACE index is a commonly used tool for predicting 
hospital readmission risk in clinical practice. However, it mainly relies on administrative data, such as length of stay and 
acuity of admission, without incorporating disease-specific biological characteristics. In the present study, data on pre- 
admission emergency department visits were incomplete; therefore, a direct comparison with the LACE index could not 
be performed. Our model integrates inflammatory biomarkers (eg, NLR and HCY) and metabolic biomarkers (eg, HbA1c 
and TyG index), providing an individualized approach to risk prediction. This design underscores the innovation and 
clinical specificity of our model for patients with IS and DM.

One of the key findings of this study is the pivotal role of inflammation- and metabolism-related biomarkers in 
predicting the risk of readmission. In both LASSO-based feature selection and SHAP interpretability analysis, variables 
such as NLR, HCY, HbA1c, and TyG index demonstrated substantial predictive contributions, suggesting that inflammatory 
activation and metabolic dysregulation may constitute central biological mechanisms underlying readmission risk.

NLR, a marker of systemic inflammatory response, reflects the balance between innate (neutrophil-mediated) and adaptive 
(lymphocyte-mediated) immunity.17 Elevated NLR has been consistently associated with greater stroke severity and poorer 
90-day functional outcomes in patients with acute ischemic stroke (AIS),18,19 and may contribute to increased readmission risk 
by exacerbating vascular injury and thereby promoting recurrent ischemic events. Previous studies have demonstrated that 
elevated HCY levels are significantly associated with poor outcomes in patients with IS, which is consistent with the findings 
of the present study.20,21 HCY is closely linked to endothelial dysfunction and oxidative stress, and elevated levels may 
contribute to adverse outcomes through multiple mechanisms, including vascular endothelial injury, promotion of platelet 
aggregation, and activation of the coagulation cascade.22,23 These processes may collectively increase the risk of thrombosis 
and worsen stroke prognosis. HbA1c and TyG index, as representative indicators of glucose and lipid metabolic dysfunction, 
underscoring the critical role of metabolic factors in readmission risk. Jeong et al reported that elevated HbA1c levels are 
associated with an increased risk of both short- and long-term functional impairment following IS.24 HbA1c reflects poor 
glycemic control, which is closely associated with microvascular complications, delayed wound healing, and increased 
susceptibility to infections.25,26 The TyG index, as a surrogate marker of insulin resistance, integrates dyslipidemia and 
hyperglycemia, both of which can accelerate atherosclerosis.27,28 A 9-year prospective cohort study further revealed that 
a high cumulative TyG index is significantly associated with an increased incidence of IS.29 In addition, Wang et al found that 
elevated TyG index levels are closely related to stroke recurrence in patients with IS.30 Taken together, these findings are 
biologically plausible and consistent with previous literature, suggesting that chronic inflammation and metabolic dysregula
tion may act synergistically to impair vascular endothelial function and disturb coagulation balance, thereby increasing the 
likelihood of recurrent vascular events or other complications leading to readmission.

In addition to inflammatory and metabolic markers, clinical variables such as age, comorbid conditions, and medication 
use also played significant roles in predicting readmission risk. Age, as a non-modifiable risk factor, showed a strong positive 
association with readmission in this study, suggesting that elderly patients may benefit from more intensive post-discharge 
monitoring and follow-up. Hyperlipidemia, a common metabolic comorbidity, contributes to the progression of atherosclero
sis and may also promote vascular instability through inflammation-mediated pathways, thereby increasing the risk of 
recurrent stroke or other cardiovascular complications.31 A retrospective study identified hyperlipidemia as an independent 
predictor of poor long-term outcomes in patients with AIS.32 Pulmonary infection, one of the most frequent complications of 
stroke, was also strongly associated with readmission in our analysis. Post-stroke dysphagia, impaired consciousness, and 
reduced mobility increase the likelihood of aspiration pneumonia.33 A retrospective study involving 8,251 stroke patients 
reported that those with pulmonary infections had significantly higher 1-year mortality, longer hospital stays, and greater 
discharge dependency.34 Renal insufficiency reflects diminished systemic organ reserve and is often associated with electro
lyte disturbances, anemia, and altered drug metabolism, all of which can complicate post-stroke recovery.35–37 A 10-year 
prospective cohort study of 1,350 patients found that renal insufficiency was linked to increased mortality and higher 
incidence of cardiovascular events.38 As for pharmacologic factors, metformin not only improves glycemic control but also 
exerts anti-inflammatory effects, enhances insulin sensitivity, and protects vascular endothelium.10,39,40 A study has shown 
that patients with AIS and DM who received metformin therapy exhibited significantly lower rates of mortality, recurrence, 
and disability both during hospitalization and within 12 months post-discharge.41
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Limitations
First, this study was a single center retrospective analysis with participants drawn from the same geographic region, which 
may introduce selection bias and limit the generalizability of the findings. Second, although a wide range of clinical variables 
and biomarkers were included, some potential confounding factors such as socioeconomic status, lifestyle behaviors, and 
psychological conditions were not available, which may affect the comprehensiveness of the model. In addition, certain 
clinically relevant variables, including the National Institutes of Health Stroke Scale (NIHSS), the modified Rankin Scale 
(mRS), and the Barthel Index, were unavailable due to incomplete records. These missing factors may affect the comprehen
siveness of the model. Third, external validation was not performed in this study. Therefore, the stability and applicability of 
the model require further evaluation in multicenter cohorts across diverse populations. Fourth, the study period was relatively 
short (June 2022 to December 2023), which may not fully capture long-term trends or seasonal variations in readmission 
patterns, potentially introducing temporal bias. Future research should consider prospective, large-scale, multicenter studies 
that incorporate dynamic monitoring data and patient behavioral characteristics, with extended observation periods to enhance 
the clinical utility and individualized intervention potential of predictive models.

Conclusion
This study developed an interpretable ML model that integrates inflammatory and metabolic biomarkers to predict the risk of 
1-year unplanned readmission in patients with IS and T2DM. The model demonstrated favorable predictive performance and 
clinical interpretability. By enabling early identification of high-risk patients, this model can assist clinicians in implementing 
targeted post-discharge management strategies and optimizing healthcare resource allocation. Future studies are warranted to 
validate the stability and generalizability of the model across multiple centers and diverse populations.
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