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Abstract: Background/Objectives: Acute ischemic stroke (AIS) is a leading cause of disability and mortality 
worldwide. Despite advances in interventions such as thrombolysis (TL) and mechanical thrombectomy (MT), 
current treatment protocols remain largely standardized, focusing on general eligibility rather than individual 
patient characteristics. To address this gap, we introduce the Stroke-SCORE (Simplified Clinical Outcome Risk 
Evaluation), a predictive tool designed to personalize AIS management by providing data-driven, 
individualized recommendations to optimize treatment strategies and improve patient outcomes. Methods: 
The Stroke-SCORE was derived using retrospective data from 793 AIS patients admitted to the University of 
Pécs (February 2023–September 2024). Logistic regression analysis identified age, National Institutes of Health 
Stroke Scale (NIHSS) score at admission, and pre-morbid modified Rankin Scale (pre-mRS) score as key 
predictors of unfavorable outcomes at 90 days (defined as modified Rankin Scale [mRS] score >2). Based on 
these predictors, a simplified risk score was developed to stratify patients into low, moderate, and high-risk 
groups, guiding treatment decisions on TL, MT, combination therapy (TL + MT), or standard care (SC). Internal 
validation was performed to assess the model’s predictive performance via receiver operating characteristic 
(ROC) analysis and isotonic regression calibration with bootstrapping. Results: The Stroke-SCORE was 
moderately positively correlated with a 90-day mRS score >2 (correlation coefficient: 0.51, p < 0.001), with an 
area under the curve (AUC) of 0.86, a sensitivity and specificity of 79% and 81%, respectively, and an overall 
accuracy of 80%. Simulations indicated that personalized treatment guided by the Stroke-SCORE significantly 
reduced unfavorable outcomes. Conclusions: The Stroke-SCORE demonstrates strong predictive performance 
as a practical, data-driven approach for personalizing AIS treatment decisions. In the future, external, 
multicenter prospective validation is needed to confirm its applicability in real-world settings.  
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1. Introduction 

Acute ischemic stroke (AIS) remains a major public health concern, affecting more than 13 
million people annually and ranking as a leading cause of disability and mortality worldwide [1]. 
Standard treatment protocols such as thrombolysis (TL) and mechanical thrombectomy (MT) have 
improved outcomes for eligible patients [2] but often fail to account for individual variability [3]. As 
a result, many patients experience suboptimal outcomes, highlighting the need for personalized 
approaches to AIS treatment. 

To address this need, the Stroke-SCORE (Simplified Clinical Outcome Risk Evaluation), a 
decision-support tool designed to provide personalized treatment recommendations for AIS patients, 
was developed. Using readily available clinical data, the Stroke-SCORE incorporates key factors such 
as age, National Institutes of Health Stroke Scale (NIHSS) score at admission, and pre-morbid 
modified Rankin Scale (pre-mRS) score to help clinicians make more informed decisions. By 
predicting individual prognoses, the Stroke-SCORE aims to complement existing guidelines, 
bridging the gap between generalized protocols and individualized care. 
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2. Materials and Methods 

2.1. Study Design and Dataset 

This retrospective cohort study was conducted using data from the prospective Transzlációs 
Idegtudományi Nemzeti Laboratórium (TINL) STROKE-registry. Between February 2023 and 
September 2024 914 AIS patients were admitted to the Department of Neurology, University of Pécs. 
After 121 patients with incomplete data were excluded, a total of 793 patients were analyzed. AIS 
was defined as the sudden onset of a focal neurological deficit lasting more than 24 h without 
evidence of acute intracranial hemorrhage on imaging. The collected data included patient 
demographics, clinical characteristics, treatment details, and 90-day outcomes. 

2.2. Outcome Assessment 

The primary outcome was assessed 90 days after stroke using the modified Rankin Scale (mRS), 
a well-established measure of functional independence. A favorable outcome was defined as an mRS 
score of 0-2, whereas an mRS score >2 indicated an unfavorable outcome. Functional outcomes were 
evaluated during follow-up visits or via structured telephone interviews conducted by trained 
personnel. 

2.3. Development of the Stroke-SCORE 

Key predictors of unfavorable outcomes at 90 days were identified via logistic regression 
analysis and later confirmed via SHapley Additive exPlanations (SHAP) (Table 1). Age, NIHSS score 
at admission, and pre-mRS score emerged as the strongest predictors, whereas other factors, such as 
the plasma-glucose level, the international normalized ratio (INR) at admission, onset-door-time, 
hypertension, and diabetes mellitus were found to be less influential. 

Table 1. Predictors of unfavorable outcomes at 90 days. 

Feature 
Logistic 

Regression 
Coefficient 

OR [95% CI] and p-Value 
Mean SHAP 

Value 

95% CI for 
Mean SHAP 

Value 

Percentage 
Importance 

Age 0.0507 OR = 1.05 [0.34-0.67], p < 0.001 0.5114 0.0670, 0.2136 17.39 % 
NIHSS score 0.1710 OR = 1.19 [0.13-0.21], p < 0.001 0.7039 -0.0283, 0.1770 23.94 % 

pre-mRS score 0.9666 OR = 2.63 [0.73-1.21] p < 0.001 0.8887 -0.1258, 0.1480 30.22 % 
Plasma-glucose 0.0672 OR = 1.07 [0.02-0.13], p = 0.044 0.2478 -0.0456, 0.0385 8.42 % 

INR 0.1591 OR = 1.17 [-0.30-0.62], p = 0.498 0.1625 -0.0276, 0.0313 5.53 % 
Onset-door-time ∞ OR = 1.00, p = 0.753 0.3080 -0.0146, 0.0964 10.47 % 

HT 0.1319 OR = 1.14 [-0.36-0.63], p = 0.600 0.0325 -0.0063, 0.0052 1.11 % 
DM 0.3951 OR = 1.48 [-0.02-0.81], p = 0.060 0.0857 -0.0113, 0.0145 2.92 % 

Abbreviations: OR = odds ratio, CI = confidence interval, SHAP = SHapley Additive exPlanations, NIHSS = 
National Institutes of Health Stroke Scale, pre-mRS = pre-morbid modified Rankin Scale, INR = international 
normalized ratio, HT = hypertension, DM = diabetes mellitus. 

Each factor was assigned weighted points on the basis of its contribution to the outcome 
probability: age ≥ 80 years: +1 point, NIHSS score at admission > 15: +2 points, and pre-mRS score ≥ 
3: +1 point. 

A Gradient Boosting Classifier was employed to develop the predictive model due to its capacity 
to manage complex, nonlinear relationships. The dataset was split into training (80%) and testing 
(20%) subsets for rigorous evaluation, and features were scaled with StandardScaler to enhance 
performance. All the statistical analyses were conducted in Python, ensuring replicability and 
robustness. 

The cumulative score stratified patients into low (0–1 points, < 30% probability of unfavorable 
outcome), moderate (2–3 points, 30–70% probability of unfavorable outcome), and high-risk (4+ 
points, >70% probability of unfavorable outcome) categories. The cut-off values for age, NIHSS score, 
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and pre-mRS score were data-driven, as supported by the statistical analysis of the initial dataset. The 
model was internally validated via receiver operating characteristic (ROC) analysis and isotonic 
regression with bootstrapping. 

2.4. Implementation of the Stroke-SCORE 

The Stroke-SCORE was integrated into an interactive decision-support tool built with Dash, 
enabling real-time clinical application (Figure 1). This interface automatically classifies patients into 
risk categories, allowing clinicians to assess prognosis efficiently. Additionally, it provides 
visualizations of the predicted probability of unfavorable outcomes, demonstrating the potential 
impact of various treatment options. Through interactive decision-making, the tool offers 
individualized treatment recommendations aimed at minimizing the risk of unfavorable outcomes.  

 

Figure 1. Stroke-SCORE Interactive Decision Support Tool. Abbreviations: SCORE = Simplified 
Clinical Outcome Risk Evaluation, NIHSS = National Institutes of Health Stroke Scale, pre-mRS = pre-
morbid modified Rankin Scale. 

3. Results 

3.1. Performance of the Stroke-SCORE 

The Stroke-SCORE had a moderate positive correlation with 90-day mRS outcomes, (correlation 
coefficient 0.51, p < 0.001) and demonstrated strong predictive accuracy, with an area under the curve 
(AUC) of 0.86 and an overall accuracy of 80%. The model’s performance metrics included a precision 
of 0.82, recall of 0.79, sensitivity of 0.79, and specificity of 0.81 (Figure 2). These metrics highlight the 
model’s ability to effectively differentiate between patients likely to achieve favorable versus 
unfavorable outcomes. 
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Figure 2. Receiver Operating Characteristic (ROC) Curve with Bootstrapping of the Stroke-SCORE. 
Abbreviations: SCORE = Simplified Clinical Outcome Risk Evaluation, AUC = area under the curve. 

Moreover, calibration analysis confirmed that the model’s predicted probabilities aligned well 
with the observed outcomes, indicating that the Stroke-SCORE provides reliable risk estimates for 
patient prognosis (Figure 3).  

 

Figure 3. Isotonic Regression Calibration Curve with Bootstrapping of the Stroke-SCORE. 
Abbreviations: SCORE = Simplified Clinical Outcome Risk Evaluation, AUC = area under the curve. 
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3.2. Patient Characteristics  

Among the 793 patients analyzed, the median age was 72 years (interquartile range [IQR]: 63-
80), with 49.3% being male. The median NIHSS score at admission was 5 (IQR: 3-10), indicating that 
most patients experienced strokes of moderate severity. The median pre-stroke mRS score was 0 
(IQR: 0-1), suggesting a generally low level of pre-existing disability. The treatment distribution 
included 181 patients (22.8%) receiving TL, 150 (18.9%) undergoing MT, 63 (7.9%) receiving 
combination treatment (TL + MT), and 399 (50.3%) receiving standard care (SC). 

To illustrate how patient characteristics influence treatment selection, Figure 4 presents box plots 
of age, NIHSS score, and pre-mRS score across treatment groups. These visualizations underscore 
significant differences in patient characteristics across treatment strategies (Figure 4). 
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Figure 4. Box plots of age, NIHSS score, and pre-mRS score by Treatment. Abbreviations: NIHSS = 
National Institutes of Health Stroke Scale, pre-mRS = pre-morbid modified Rankin Scale. 

3.3. Patient Risk Stratification and Treatment Efficacy Across Different Stroke-SCOREs 

The majority of patients were classified as low-risk (671; 85%), while 113 (14%) were classified 
as moderate risk, and 9 (1%) were classified as high-risk (Figure 5). 

 

Figure 5. Distribution of Stroke-SCOREs. Abbreviations: SCORE = Simplified Clinical Outcome Risk 
Evaluation. 
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Table 2 summarizes the average 90-day mRS score across Stroke-SCOREs for different treatment 
approaches. Logistic regression analysis indicated that low-risk patients (Stroke-SCORE of 0 or 1) 
experienced the greatest benefit from TL. These patients tended to be younger (average age: 67.1 
years vs. 71.9 years), had lower NIHSS scores (mean 4.9 vs. 7.7) and pre-mRS scores (mean 0.38 vs. 
0.75) compared to other treatment groups (p < 0.001). Even after adjusting for these variables, TL was 
independently associated with a 30% reduction in unfavorable outcomes compared with other 
treatments. 

Table 2. Average 90-day mRS by Treatment. 

Stroke-SCORE SC TL MT TL + MT 
0 
1 

1.71 
3.38 

1.10 
2.74 

2.68 
3.82 

1.76 
3.31 

2 
3 

4.91 
5.54 

3.29 
4.50 

3.90 
5.30 

3.40 
5.83 

4 6.00 N/A 5.67 N/A 
Abbreviations: mRS = modified Rankin Scale, SCORE = Simplified Clinical Outcome Risk Evaluation, SC = 
standard care, TL = thrombolysis, MT = mechanical thrombectomy, N/A = not applicable. 

3.4. Simulated Outcomes  

The model was used to create a counterfactual analysis that estimated potential 90-day outcomes 
if different treatments were applied universally to the cohort: TL was most effective for low-risk 
patients, with a predicted probability of unfavorable outcomes of 41%. MT was associated with a 
greater likelihood of unfavorable outcomes (54%), particularly in high-risk patients. Combination 
therapy yielded a predicted probability of unfavorable outcomes of 51% (Figure 6). 

 

Figure 6. Predicted Probability of Unfavorable Outcomes by Treatment. Abbreviations: SC = standard 
care, TL = thrombolysis, MT = mechanical thrombectomy. 

Predicted Probability of Unfavorable Outcomes by Treatment  
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4. Discussion 

4.1. Navigating High-Risk Treatment Decisions with the Stroke-SCORE 

To demonstrate the utility of the Stroke-SCORE model, consider a hypothetical case: an 82-year-
old patient presents with a large vessel occlusion within 4.5 h of symptom onset. The patient has an 
NIHSS score of 18 and a pre-mRS score of 3, resulting in a total Stroke-SCORE of 4, which categorizes 
the patient as high-risk. 

In this scenario, the Stroke-SCORE model predicts only a modest chance of a favorable outcome 
with TL or MT, with risk reduction estimates of just 0.14% for TL and 1.02% for MT compared with 
SC. These figures indicate a relatively high risk of an unfavorable outcome, even when aggressive 
interventions are used. This prediction underscores that despite eligibility for these treatments, the 
likelihood of substantial functional recovery is limited. 

The Stroke-SCORE supports clinicians in navigating the complexity of making treatment 
decisions. This highlights that while the patient meets eligibility for both TL and MT, the expected 
improvement in functional outcome may not justify the risks of intervention. By providing such 
insights, the model facilitates a more informed discussion among the medical team, the patient, and 
their family, helping them weigh the potential benefits of intervention against the risks, such as 
procedural complications and the patient’s overall health status. 

4.2. Comparison with Existing Scoring Systems 

In recent years, several scoring systems have been developed to predict outcomes after AIS. 
Notable examples include the Acute Stroke Registry and Analysis of Lausanne (ASTRAL) score [4], 
the DRAGON score (Diabetes, Rankin scale, Age, Glucose, Onset-to-treatment time, and NIHSS 
score) [5], and the Totaled Health Risks in Vascular Events (THRIVE) score [6]. These tools rely on 
readily available clinical features to estimate functional outcomes and are designed for use at patient 
admission. All three scores have undergone external validation, with AUC values ranging between 
0.70 and 0.80 [7,8].  

Treatment-Specific Limitations of Existing Models  

While convenient and practical for estimating general functional outcomes, these scores have 
important limitations. Many do not account for specific treatment options or are tailored to a single 
intervention, such as TL (in the DRAGON) or MT (in the THRIVE score), restricting their application 
across broader AIS patient populations, particularly when choosing between multiple treatment 
strategies.  

In the internal validation, the ASTRAL, DRAGON, and THRIVE scores achieved AUCs of 0.85, 
0.84, and 0.75, respectively. In comparison, the Stroke-SCORE not only demonstrated slightly better 
predictive accuracy, with an AUC of 0.86 but also offered a unique advantage: incorporating 
treatment-specific considerations. This makes the Stroke-SCORE a more comprehensive tool, capable 
of guiding individualized treatment decisions rather than merely predicting outcomes on the basis 
of baseline characteristics. 

Population-Restricted Prediction Models 

Many existing prediction models are limited in their applicability to specific patient subgroups. 
For example, the PREDICT score developed by Hoffmann et al. is designed for younger stroke 
patients (under 55 years) and uses features such as the mASPECTS (manual Alberta Stroke Program 
Early CT Score), plasma-glucose level, and large vessel occlusion type to predict 90-day outcomes. 
These specialized models lack the flexibility to be applied across a diverse range of AIS patients, 
making them less functional in general clinical practice [9].  
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Complex Models with Limited Real-Time Applicability  

Other advanced models use complex metrics or specialized imaging biomarkers, making their 
incorporation into clinical workflows challenging, particularly in emergency settings where 
simplicity and speed are critical. For example, Forkert et al.’s model employed magnetic resonance 
fluid-attenuated inversion recovery (MR FLAIR) imaging to assess the final infarction volume and 
location to predict 30-day outcomes [10]. Despite its accuracy, this approach requires specialized 
imaging that may not always be feasible in real-time emergency scenarios. Similarly, the radiomics-
based model developed by Yang and Guo relies on advanced imaging biomarkers that demand 
significant expertise and time-consuming preprocessing [11].  

In contrast, the Stroke-SCORE offers a practical, treatment-specific prediction tool that relies on 
just three easily obtainable clinical characteristics: age, NIHSS score, and pre-mRS. This simplicity 
makes the Stroke-SCORE particularly suitable for real-time decision-making at the bedside, enabling 
clinicians to make quick yet informed treatment decisions based on individual risk profiles. 

4.2. Limitations and Future Directions  

While internal validation has shown promising results, the study’s retrospective design and 
single-center dataset limit its generalizability, therefore our results should be interpreted as 
hypothesis-generating rather than definite evidence. Furthermore, assessments such as NIHSS and 
pre-mRS scores, which require evaluation by neurologists, introduce subjectivity that may affect 
prediction consistency. 

To address these limitations, we will first validate the Stroke-SCORE prospectively within our 
patient cohort to assess its performance in real-world scenarios. Future research should focus on 
external, multicenter prospective validation to determine its broader applicability. Integration into 
real-time clinical workflows and the inclusion of additional predictors may further improve model 
performance.  

5. Conclusions 

The Stroke-SCORE is a practical, data-driven tool for personalizing AIS treatment. By utilizing 
three simple predictors—age, the NIHSS score, and the pre-mRS score—it balances predictive 
accuracy with clinical simplicity, making it suitable for real-world application.  

By complementing existing treatment guidelines, the Stroke-SCORE empowers clinicians to 
make informed decisions that align with individual patient needs, ultimately improving outcomes 
and reducing unnecessary interventions.  
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List of Abbreviations 

AIS acute ischemic stroke 
TL thrombolysis 
MT mechanical thrombectomy 
SCORE Simplified Clinical Outcome Risk Evaluation 
NIHSS National Institute of Health Stroke Scale 
pre-mRS pre-morbid modified Rankin Scale 
mRS modified Rankin Scale 
SC standard care 
ROC receiver operating characteristics 
AUC area under the curve 
TINL Transzlációs Idegtudományi Nemzeti Laboratórium 
SHAP SHapley Additive exPlanations  
INR international normalized ratio  
IQR interquartile range 
ASTRAL Acute Stroke Registry and Analysis of Lausanne 
DRAGON Diabetes, Rankin scale (pre-stroke), Age, Glucose, Onset-to-treatment time, NIHSS score 
THRIVE Totaled Health Risks in Vascular Events 
mASPECTS manual Alberta Stroke Program Early CT Score 
MR FLAIR Magnetic resonance fluid-attenuated inversion recovery 
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