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Objective 

This study aims to develop and validate predictive models for early neurological 

deterioration in patients with acute ischemic stroke using multiple machine learning 

methods.   

Methods 

A total of 1,285 patients with ischemic stroke admitted to Yijishan Hospital of Anhui 

Province from November 2020 to November 2024 were enrolled. The patients were 

randomly divided into a training set (70%) and a validation set (30%). Potential 

predictors were selected using a combination of Lasso regression and the Boruta 

algorithm. Seven machine learning algorithms—logistic regression, decision tree, 

random forest, XGBoost, k-nearest neighbor, light gradient boosting machine, and 

naïve Bayes—were used to build predictive models. Model performance was 

evaluated using AUC, sensitivity, specificity, and other indicators.   

Results 

Lasso regression and the Boruta algorithm jointly identified nine potential predictors: 

history of hypertension, TACI(Total Anterior Circulation Infarct), LACI(lacunar 

anterior circulation infarct), SII(Systemic Inflammatory Response Index), 

ARC(Acute-to-chronic glycemic ratio), HDL-C, LDL-C, ALB, and NIHSS . All seven 



machine learning models demonstrated good performance in both the training and 

validation sets. Among them, the XGBoost model performed best in the validation set, 

with an AUC of 0.881 (95% CI: 0.834–0.928), sensitivity of 0.746, and specificity of 

0.874, showing superior overall predictive ability compared to other models. Decision 

curve analysis (DCA) and calibration plots indicated excellent clinical benefit and 

discrimination ability. Finally, the SHAP summary plot was used to visualize and 

interpret the XGBoost model.   

Conclusion 

This study successfully developed the first machine learning-based predictive model 

for progressive ischemic stroke. Through model comparison and explainability 

analysis, the XGBoost model demonstrated superior predictive accuracy and clinical 

applicability, providing a reliable tool for early intervention. 

 

Introduction 

 

Stroke is one of the leading causes of death and disability in developing countries. 

Among them, the incidence of ischemic stroke has been rising year by year, with 

approximately 10%-40% of patients experiencing progressive ischemic stroke (PIS) 

within a short period after the initial onset, which is closely related to poor patient 

prognosis[1]. Better identification of high-risk groups for PIS is one of the important 

measures to improve patient outcomes. Currently, some studies have proposed 

predictive and identification methods such as the SITS, SIHS, and NIHSS scores[2-3]. 

However, these models have poor overall predictive efficiency, specificity, and 

applicability to different populations, and they do not account for varying racial, 

ethnic, and risk factors in a unified study.   

As an important branch of artificial intelligence, machine learning algorithms can 

digitize relevant patient information and effectively screen and assess high-risk 

pathogenic factors. Some disciplines have integrated these algorithms with predictive 

models, validating the significant value of machine learning in disease prediction[4-5]. 

Based on the above considerations, this study aims to collect demographic data, 



laboratory results, and non-traditional risk factor indicators of stroke patients. 

Through a combination of classical statistical analysis and novel machine learning 

algorithms, multiple predictive models for the risk of PIS will be developed, along 

with the creation of a visual risk prediction tool to better predict the occurrence of PIS, 

thereby providing strong support for clinical decision-making. 

 

Materials and Methods   

1.1 Study Population 

This study was based on the inpatient electronic medical record system and included 

patients diagnosed with ischemic stroke who were admitted to Yijishan Hospital of 

Anhui Province between November 2020 and November 2024. All patients underwent 

neuroimaging examinations and were diagnosed with ischemic stroke, receiving 

standardized treatment according to relevant clinical guidelines. The NIHSS score 

was assessed at admission and again within 7 days after admission[6]. Progressive 

stroke was defined as an increase of ≥2 points in the NIHSS score within 7 days 

(including 1 point each for consciousness and limb motor function) or an increase of 

≥4 points in total.   

Inclusion criteria: 

(1) Age＞18 years, diagnosis of acute ischemic stroke confirmed by emergency 

clinical symptoms, neurological signs, and imaging findings; 

(2) Time from onset to admission ＜24 hours; 

(3) All included patients received standardized guideline-based treatment, and their 

clinical and laboratory data were complete.   

Exclusion criteria: 

(1) Baseline modified Rankin Scale (mRS) score ＞2; 

(2)Contraindications to intravenous thrombolysis, endovascular therapy, or 

multimodal CT scanning; 

(3) Presence of malignancy, coagulation disorders, severe hepatic or renal 

insufficiency, or severe infections; 

(4) Missing clinical data.   



1.2 Data Collection and Definitions 

Clinical data during hospitalization were collected from the electronic medical record 

system, including demographic characteristics and medical history. Laboratory test 

indicators included routine blood tests, blood lipids, blood glucose, and liver and 

kidney function. All laboratory data were obtained from the first fasting blood sample 

collected on the morning after admission.   

Definitions:   

1.ARC (Acute-to-chronic glycemic ratio) = Admission blood glucose / [28.7 × HbA1c 

(%) – 46.7]   

2.SII (Systemic Immune-Inflammation Index) = Platelet count (P) × Neutrophil count 

(N) / Lymphocyte count (L)   

 

1.3 Statistical Analysis 

All statistical analyses were performed using SPSS version 25.0 and R software 

version 3.6.3. The Kolmogorov–Smirnov test was used to assess normality of 

continuous variables. Normally distributed variables were expressed as mean ± 

standard deviation (x̄ ± s) and compared between groups using the independent 

samples t-test. Non-normally distributed variables were presented as median (M) and 

interquartile range (P25–P75) and compared using the Mann–Whitney U (Z) test. 

Categorical variables were expressed as frequencies and percentages and compared 

using the chi-square (χ²) test.   

The variable selection process consisted of three steps:  Preliminary screening using 

Lasso regression analysis; Identification of independent predictors using logistic 

regression analysis;  Further optimization of feature selection using the Boruta 

algorithm.   

Seven machine learning algorithms were used to construct predictive models: logistic 

regression (LR), light gradient boosting machine (LGBM), random forest (RF), 

decision tree (DT), XGBoost, k-nearest neighbor (KNN), and naïve Bayes (NB). 

Model training and validation were performed using tenfold cross-validation. Model 

performance was evaluated using multiple metrics, including area under the receiver 



operating characteristic curve (AUC), sensitivity, specificity, positive predictive value 

(PPV), negative predictive value (NPV), recall, F1 score, and accuracy. Decision 

curve analysis (DCA) was used to assess clinical net benefit, calibration curves were 

used to evaluate the agreement between predicted and actual probabilities, and clinical 

impact curves were used to analyze the clinical decision-making value of the models.   

To enhance model interpretability, SHAP (SHapley Additive exPlanations) was 

applied for visualization of feature importance and to analyze each variable’s 

contribution to the prediction outcome. All statistical tests were two-sided, and a P 

value ＜0.05 was considered statistically significant. 

 

3. Results 

3.1 Comparison of Baseline Characteristics 

According to imaging diagnosis and the inclusion and exclusion criteria, a total of 

1,285 patients were enrolled in the study. The detailed selection process is shown in 

Figure 1. Among the enrolled patients, 208 experienced disease progression within a 

short period, while 1,071 showed no progression. The characteristics of all included 

patients, including demographic information, medical history, and laboratory results, 

are summarized in Table 1.   

Subsequently, the entire cohort was randomly divided into a training set (70%) and a 

validation set (30%). There were no significant differences in baseline characteristics 

between the two groups (P ＞ 0.05). Detailed information is provided in 

Supplementary Table S1. 

 



 

 

Figure 1 Flowchart and Framework of Model Construction 

 

Table 1 Comparison of the Characteristics data Between the Training and Validation Groups for Model 

Development 

 

 

 ALL (N=1285) 

Non-PIS 

( N=1077) 

PIS 

 (N=208) 

P 

Sex:    0.141 

Female 494(38.44%) 424(39.37%) 70(33.65%)  

Male 791(61.56%) 653(60.63%) 138(66.35%)  

HTN:    <0.001 

NO 717(55.80%) 627(58.22%) 90(43.27%)  

YES 568(44.20%) 450(41.78%) 118(56.73%)  

DM:    0.799 

NO 1039(80.86%) 869(80.69%) 170(81.73%)  

YES 246(19.14%) 208(19.31%) 38(18.27%)  

AF:    0.087 

NO 929(72.30%) 768(71.31%) 161(77.40%)  

YES 356(27.70%) 309(28.69%) 47(22.60%)  



Smoke:    0.722 

NO 771(60.00%) 649(60.26%) 122(58.65%)  

YES 514(40.00%) 428(39.74%) 86(41.35%)  

Drink:    1.000 

NO 1157(90.04%) 970(90.06%) 187(89.90%)  

YES 128(9.96%) 107(9.94%) 21(10.10%)  

TACI:    <0.001 

NO 1066(82.96%) 940(87.28%) 126(60.58%)  

YES 219(17.04%) 137(12.72%) 82(39.42%)  

PACI:    0.121 

NO 1081(84.12%) 914(84.87%) 167(80.29%)  

YES 204(15.88%) 163(15.13%) 41(19.71%)  

POCI:    0.892 

NO 947(73.70%) 795(73.82%) 152(73.08%)  

YES 338(26.30%) 282(26.18%) 56(26.92%)  

LACI:    <0.001 

NO 762(59.30%) 583(54.13%) 179(86.06%)  

YES 523(40.70%) 494(45.87%) 29(13.94%)  

Age 63.00[54.00;72.00] 62.00[54.00;72.00] 64.00[55.00;73.00] 0.171 

SBP 133.00[123.00;146.00] 133.00[123.00;146.00] 136.00[123.00;148.00] 0.190 

DBP 79.00[71.00;86.00] 78.00[71.00;86.00] 79.50[70.00;89.00] 0.926 

Hb 136.00[124.00;148.00] 136.00[125.00;148.00] 135.00[122.75;148.00] 0.529 

WBC 7.56[6.01;9.42] 7.55[5.95;9.34] 7.72[6.38;9.81] 0.171 

Neut 5.89[4.16;9.03] 5.74[4.00;9.10] 6.60[5.20;8.85] 0.004 

Lym 1.55[1.23;1.96] 1.56[1.23;1.97] 1.52[1.19;1.90] 0.364 

Mono 0.55[0.41;0.74] 0.54[0.41;0.73] 0.60[0.43;0.77] 0.126 

PLT 181.00[150.00;222.00] 181.00[150.00;222.00] 178.50[152.00;221.50] 0.921 

SII_100 6.91[4.45;10.66] 6.73[4.33;10.47] 8.06[5.14;11.92] <0.001 

Glu 5.82[5.05;6.91] 5.63[4.97;6.82] 6.50[5.70;7.77] <0.001 



HbA1c 5.70[5.30;6.40] 5.60[5.30;6.30] 5.90[5.50;6.54] 0.002 

ARC 0.89[0.76;1.04] 0.88[0.75;1.02] 0.97[0.85;1.17] <0.001 

TG 1.80[1.24;2.85] 1.75[1.21;2.76] 2.08[1.39;3.15] 0.003 

TC 4.34[3.56;5.05] 4.34[3.55;5.04] 4.37[3.64;5.11] 0.187 

HDL 1.07[0.89;1.33] 1.09[0.90;1.37] 0.99[0.84;1.17] <0.001 

LDL 2.81[2.14;3.61] 2.73[2.03;3.56] 3.32[2.74;3.73] <0.001 

LPA 183.00[105.30;315.20] 172.70[99.00;294.80] 228.10[145.55;387.65] <0.001 

apoA1 1.25[1.11;1.43] 1.26[1.11;1.44] 1.23[1.10;1.39] 0.237 

apoB 0.93[0.75;1.12] 0.92[0.74;1.11] 0.97[0.78;1.20] 0.002 

ALB 41.10[37.80;44.30] 41.50[38.40;45.10] 38.80[35.85;41.10] <0.001 

ALT 29.00[20.00;43.00] 27.00[19.00;41.10] 36.50[23.75;45.00] <0.001 

AST 29.00[24.00;47.00] 29.00[23.00;47.00] 38.00[26.00;47.00] <0.001 

K 3.97[3.70;4.24] 3.99[3.71;4.26] 3.87[3.62;4.12] 0.001 

UA 341.00[278.50;403.50] 340.30[280.00;399.40] 343.10[268.30;421.25] 0.900 

Cr 74.95[61.00;87.00] 74.90[61.00;86.00] 75.10[63.75;90.25] 0.166 

NHISS 10.00[8.00;12.00] 9.00[8.00;12.00] 12.50[9.00;16.25] <0.001 

SBP:systolic blood pressure; DBP:diastolic blood pressure; HB:Hemoglobin; PLT:platelet count; WBC:white 

blood cell; NE:neutrophilicgranulocyte; Lym:lymphocyte; Mono:monocyte; SII: Systemic Inflammatory Response 

Index; FBG:fasting blood glucose; TG:Triglyceride; TC:total cholesterol; HDL-C:High density 

lipoprotein cholesterol; LDL-C:Low-Density Lipoprotein Cholesterol; Apo A1:apolipoprotein A-1; Apo B: 

Apolipoprotein B; ALT:alanine aminotransferase; AST:Aspartate aminotransferase; ALP :alkaline phosphatase; 

UA:urine acid; Cr:Creatinine;ARC (Acute-to-chronic glycemic ratio) ；SII (Systemic Immune-Inflammation 

Index) ；TACI：Total Anterior Circulation Infarct；PACI:Partial Anterior Circulation Infarct; POCI:Posterior 

Circulation Infarct; LACI:lacunar anterior circulation infarct 

 

 

3.2 Screening of Relevant Features 

We first performed Lasso regression analysis on the features with significant 

differences in the training set (Supplementary Table S1). When the λmin in the Lasso 

regression was set to 0.032, 9 predictor variables showed non-zero coefficients, as 



shown in Figures 2A and 2B. In the Boruta algorithm, a total of 13 relevant variables 

were identified (Figure 2C). We used a Venn diagram (Figure 2D) to identify the 

predictor factors included in both algorithms, ultimately determining 9 predictor 

variables: history of hypertension, TACI, LACI, SII100, ARC, HDL, LDL, ALB, and 

NHISSscore. To avoid potential effects of collinearity on the ranking of variable 

importance, we confirmed through collinearity analysis that there is no potential 

multicollinearity among the aforementioned variables(Supplementary Table S2).These 

variables will be incorporated into the subsequent machine learning models. 

 

Figure 2. Screening of Relevant Influencing Factors 

(A) Factor selection based on the LASSO regression model; 

(B) Variable trajectory of the LASSO regression model; 

(C) Boruta algorithm; 

(D) Common predictive factors identified between Boruta and LASSO analyses.   

 

3.3 Construction and Performance Evaluation of Multiple Models 

All seven models demonstrated good predictive performance in both the training and 

validation sets (Table 2). Among them, the XGBoost model achieved the highest AUC 

value, with superior sensitivity, specificity, and other evaluation metrics.   



Through comparison using decision curve analysis (DCA), calibration curves, and 

confusion matrices, we found that within a reasonable threshold range, the XGBoost 

model provided greater net clinical benefit and showed better discriminative ability 

than other models.   

Based on the comprehensive analysis of all parameters from both the training and 

validation sets, we concluded that the XGBoost model exhibited the best overall 

predictive performance (Figure 3).   

Table 2. Comparison of predictive performance among different models 

Model AUC(95%CI) Sensitivity Specificity PPV NPV Recall F1 Prevalence Accuracy 

Trainingset 

LR 0.857(0.822-0.893) 0.816 0.75 0.377 0.956 0.816 0.516 0.157 0.816 

DT 0.927(0.902-0.952) 0.61 0.988 0.905 0.932 0.61 0.729 0.157 0.61 

RF 1(1-1) 1 1 1 1 1 1 0.157 1 

XGB 0.941(0.921-0.961) 0.858 0.896 0.605 0.971 0.858 0.71 0.157 0.858 

KNN 1(1-1) 1 1 1 1 1 1 0.157 1 

LGBM 0.927(0.904-0.95) 0.858 0.881 0.573 0.971 0.858 0.688 0.157 0.858 

NBM 0.855(0.823-0.887) 0.794 0.765 0.386 0.952 0.794 0.52 0.157 0.794 

Validationset 

LR 0.837(0.785-0.889) 0.791 0.714 0.368 0.942 0.791 0.502 0.174 0.791 

DT 0.764(0.699-0.83) 0.343 0.931 0.511 0.871 0.343 0.411 0.174 0.343 

RF 0.856(0.809-0.902) 0.373 0.953 0.625 0.878 0.373 0.467 0.174 0.373 

XGB 0.881(0.834-0.928) 0.746 0.874 0.556 0.942 0.746 0.637 0.174 0.746 

KNN 0.793(0.732-0.854) 0.478 0.903 0.508 0.891 0.478 0.492 0.174 0.478 

LGBM 0.831(0.776-0.885) 0.672 0.843 0.474 0.924 0.672 0.556 0.174 0.672 

NBM 0.836(0.79-0.882) 0.821 0.758 0.417 0.953 0.821 0.553 0.174 0.821 

 



 

 

Figure 3. Comparison of predictive performance of various models in the validation 

set. 

Panels A, B, C, and D correspond to the ROC curves, radar plots of predictive 

capability, DCA curves, and decision curves of different machine learning models in 

the validation set, respectively.   

 

3.4 Model Interpretation 

The SHAP (Shapley Additive Explanations) method was used to interpret and 

visualize the XGBoost model, ranking the importance of factors influencing disease 

progression (Figure 4A). Each point on the horizontal axis represents an individual 

sample, with the color gradient indicating the magnitude of the corresponding feature 

value, while the vertical axis displays the ranking and distribution of related features.   

To enhance understanding of the model’s decision-making process at the individual 

level, we conducted detailed interpretability analyses on two representative samples 

(Figure 4B). By visualizing the SHAP values of these samples, we were able to 

identify the contribution of each feature to the predictions for these specific cases 



(Figures 4C and 4D).   

 

 

 

Figure 4. 

(A) SHAP interpretation of the model. 

(B) Feature importance ranking in the SHAP model. 

(C) Example of a patient with PIS. 

(D) Example of a non-PIS patient with no coronary artery progression. 

 

 

3. Discussion 

This study included a total of 37 related influencing factors, including personal 

medical history, medication use, and laboratory test results. Using a combination of 

Boruta and LASSO algorithms for feature selection, we identified HTN, TACI, LACI, 

SII100, ARC, HDL, LDL, ALB, and NIHSSscore as independent predictors of PIS 

occurrence. Subsequently, we constructed predictive models for PIS using various 

machine learning algorithms, among which the XGBoost model demonstrated 

superior predictive efficiency and clinical applicability. Furthermore, we applied the 

SHAP method for model visualization, enhancing the interpretability and clinical 



utility of the model. 

Ischemic stroke (AIS) remains one of the leading causes of death and disability 

worldwide. Short-term neurological progression has significant implications for 

patient prognosis. PIS is independently associated with in-hospital mortality, 

increasing the risk of death by more than 2.5 times. Moreover, PIS is closely related 

to post-stroke depression and recurrent cardiovascular events [7]. Epidemiologically, 

the occurrence of PIS is associated with multiple factors, including large-artery 

occlusion, dysglycemia, poor hypertension control, infection, and insufficient 

collateral circulation compensation [8-9]. In this study, we found that traditional 

atherosclerotic risk factors such as a history of hypertension (HTN), HDL, and LDL 

were independent risk factors influencing early progression of AIS. The first 

International Stroke Trial reported a “U-shaped” relationship between systolic blood 

pressure (SBP) and outcomes in ischemic stroke patients, with both excessively high 

and low SBP independently associated with poor outcomes [10]. San Martin et al. 

found that when SBP was below 150 mm Hg, each 10 mm Hg decrease increased 

mortality by 17.9%; when SBP exceeded 150 mm Hg, each 10 mm Hg increase raised 

early mortality by 3.8% (P = .016). Additionally, each 10 mm Hg increase in SBP 

raised the 2-week risk of recurrent stroke by 4.2% (P = .023) [11]. The balance 

between LDL-C and HDL-C also plays an important role in AIS onset and early 

progression [12]. A recent large randomized controlled trial demonstrated that 

intensive lipid-lowering therapy with the PCSK9 inhibitor Evolocumab combined 

with statins effectively reduced LDL-C and inflammatory marker levels within 7 days 

after non-cardioembolic AIS, thereby reducing the risk of PIS (RR = 0.90; 95% CI 

−1.59 to −0.22; p = 0.010), highlighting the importance of lipid management in 

improving PIS risk [13]. Similarly, Shan Lv et al. found in a predictive model for AIS 

patients receiving thrombolytic therapy that HDL-C/LDL-C was a risk factor for PIS 

(OR 3.29; 95% CI 1.00–10.89; p = 0.049) [14]. 

In this study, we used the Systemic Immune-Inflammation Index (SII) and the 

acute-to-chronic glycemic ratio (ARC) to assess inflammatory and stress responses, 

respectively, and confirmed both as independent risk factors for PIS. The SII 



combines platelet, neutrophil, and lymphocyte counts to evaluate immune and 

inflammatory status [15]. Ghulam Jeelani et al. analyzed thrombi from stroke patients 

and observed abundant activated neutrophils undergoing NETosis in platelet-rich 

regions and at red blood cell interfaces, releasing citrullinated histone 

(H3Cit)-modified DNA networks. The close platelet–neutrophil interaction and 

co-localization of NETs with VWF, platelets, and HMGB1 suggest that these 

components synergistically enhance thrombus stability. Thus, SII can reflect the 

relationship between coagulation and inflammation in AIS patients [16]. ARC reflects 

the balance between stress and chronic glycemia, providing a more accurate 

representation of pancreatic function under stress [17]. Elisenda Climent’s recent 

study found that ACR was independently associated with poor 3-month outcomes and 

mortality in AIS patients: for every 0.1 increase in ACR, the risk of poor outcome 

increased by 7% and mortality by 10%. Patients in the highest ACR tertile (&gt;1.13) 

had a 62% higher risk of poor outcome and an 88% higher mortality risk, independent 

of diabetes status—consistent with our findings [18]. 

Previous studies have developed multiple models to predict short-term outcomes and 

PIS risk after AIS, including the N3H3 nomogram (NIHSS, 24h NIHSS change, 

hypertension, HCY, HDL/LDL) and the START nomogram (NIHSS, age, pre-stroke 

mRS, onset-to-thrombolysis time) [19–20]. Although these models share some 

overlapping predictors with ours, their overall predictive performance remains unclear 

and limited by incomplete consideration of potential risk factors, which may reduce 

their generalizability. Our study is, to our knowledge, the first to apply machine 

learning for predicting PIS risk, incorporating demographic, treatment, and laboratory 

data as well as composite inflammatory and stress-related indices. By jointly applying 

LASSO and Boruta algorithms for feature selection, and evaluating multiple machine 

learning algorithms, we constructed, validated, and visualized the prediction models. 

This approach not only integrated traditional risk factors and clinical characteristics 

but also introduced nontraditional indicators, improving model robustness and 

applicability. Therefore, we selected the XGBoost model as the optimal algorithm and 

applied SHAP to enhance interpretability and precision in risk quantification. All 



required predictors are routinely available clinical variables during hospitalization, 

with no additional testing or computational cost, improving the clinical practicality of 

our model. 

Conclusion 

To the best of our knowledge, this study is the most recent machine learning 

predictive model constructed for the risk of early progression of acute ischemic 

stroke .We innovatively integrated two feature selection methods (LASSO regression 

and Boruta) with seven machine learning algorithms (including logistic regression, 

support vector machine, and XGBoost). Through cross-validation and comprehensive 

performance evaluation (AUC, precision, recall), we identified XGBoost as the 

optimal model. To enhance clinical interpretability, we employed SHAP (SHapley 

Additive exPlanations) for feature importance visualization, revealing the contribution 

of both traditional and novel risk factors (such as SII and ARC) to PIS occurrence. 

This model may provide a scientific basis for early identification of high-risk PIS 

patients and for developing individualized intervention strategies, demonstrating 

significant translational potential in clinical practice. 

Limitations 

This study is a single-center retrospective study with a limited sample size, and it only 

performed internal validation of the model. This this study, as well as the predictive 

indicators in the model, are limited. Potential influencing factors such as genetics, 

economics, and culture were not incorporated. Future work will focus on multi-center, 

large-sample data collection, model improvement, and validation to enhance the 

predictive capability of the model. 
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