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Abstract

Background: Early neurological deterioration (END) significantly worsens outcomes in patients with acute ischemic stroke
(AIS) receiving intravenous thrombolysis, yet clinicians lack reliable tools to identify high-risk patients who need intensified
monitoring and preemptive interventions.

Objective: This study aimed to develop and validate a high-performance machine learning model for END prediction that
enables personalized risk-stratified management of patients with AIS after thrombolysis.

Methods: This multicenter study analyzed 1927 patients with AIS who were treated with intravenous thrombolysis in 3
hospitals, comprising a development cohort (n=1361) from Lianyungang Clinical Medical College and an external validation
cohort (n=566) from 2 independent hospitals. We systematically evaluated 27 clinical parameters using multiple machine
learning algorithms to develop ENDRAS (Early Neurological Deterioration Risk Assessment Score), a prediction model based
on 6 readily available clinical variables. Model performance was assessed through comprehensive metrics (area under the
receiver operating characteristic curve, accuracy, precision, recall, Fj-score) in both internal and external validation cohorts.

Results: The XGBoost-based ENDRAS showed promising predictive performance (area under the receiver operating
characteristic curve=0.988, 95% CI 0.983-0.993) using 6 readily available parameters: Trial of ORG 10172 in Acute Stroke
Treatment classification, intracranial artery stenosis severity, National Institutes of Health Stroke Scale score, systolic blood
pressure, neutrophil count, and red blood cell distribution width. We established a dual-pathway management protocol for
stratifying patients into low-risk (<29%) and high-risk (=29%) groups, where high-risk patients receive intensive monitor-
ing with hourly assessments and expedited imaging, while low-risk patients follow a resource-optimized protocol without
compromising safety. Implemented as a web-based calculator with a <0.02-second computation time, ENDRAS enables
real-time clinical decision support at the point of care.

Conclusions: ENDRAS integrates END prediction into actionable clinical pathways, potentially improving postthrombolysis
care through personalized monitoring strategies and targeted interventions. Its robust performance in merged cohorts, efficient
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computation time, and structured management framework address key challenges in stroke care while enhancing resource
utilization. Further prospective validation across diverse populations is needed to fully establish ENDRAS as a standard
clinical decision-support system, but its ability to identify high-risk patients early may significantly improve outcomes in AIS.

Trial Registration: China Clinical Trial Registry ChiCTR2400085504; https://www .chictr.org.cn/showproj.html?proj=231133

J Med Internet Res 2025,27:e77858; doi: 10.2196/77858

Keywords: acute ischemic stroke; clinical decision support; early neurological deterioration; intravenous thrombolysis;

machine learning; prediction model; stroke

Introduction

Acute ischemic stroke (AIS) is a critical neurological
emergency caused by sudden cerebral blood flow disrup-
tion, leading to rapid neuronal death and potential long-term
disability. Timely reperfusion of the ischemic penumbra
is essential for effective treatment and represents a cru-
cial therapeutic window to improve outcomes. Intravenous
thrombolysis (IVT), administered within 4.5 hours of
symptom onset, remains the gold standard therapy for AIS,
with its efficacy well established in randomized control-
led trials and meta-analyses [1-3]. While IVT often yields
neurological improvement or complete recovery, 8%-28% of
the patients with AIS experience early neurological deterio-
ration (END) [4-6], defined as a =4-point increase in the
National Institutes of Health Stroke Scale (NIHSS) score
within 24 hours post treatment [7,8]. This complication has
severe clinical consequences, as END is an independent
predictor of poor functional recovery and increased 3-month
mortality [9,10]. Given its substantial impact on long-term
prognosis, there is an urgent need for reliable predictive
models and early intervention strategies to maximize the
therapeutic benefits of IVT in patients with AIS.

Over the past decades, numerous studies have investiga-
ted predictors of END following IVT in patients with AIS.
For instance, Yu et al [10] identified advanced age as a
significant risk factor for END. A high-quality meta-analysis
further demonstrated that hypertension substantially worsens
functional outcomes in patients with AIS, nearly doubling the
risk of END, early-onset epilepsy, poststroke epilepsy, and
mortality [11]. Additionally, antiplatelet drug resistance in the
Chinese population has been linked to both recurrent mild
ischemic stroke and END [12].

Despite these advances in understanding risk factors,
current END prediction methods remain inadequate for
clinical practice. Recent attempts to develop predictive
tools [13-15] have faced multiple critical limitations that
prevent their widespread adoption: (1) traditional statistical
approaches fail to capture complex nonlinear interactions
between risk factors, resulting in oversimplified models;
(2) existing models demonstrate only moderate discrimina-
tive performance (area under the receiver operating charac-
teristic [ROC] curve [AUC] typically <0.80), insufficient
for high-stakes clinical decisions; (3) most models lack
rigorous external validation, raising concerns about general-
izability across diverse patient populations; and (4) many
incorporate laboratory parameters unavailable within the
critical therapeutic window, rendering them impractical
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for time-sensitive clinical decision-making. Perhaps most
significantly, no existing model provides actionable risk
stratification thresholds linked to specific management
protocols—a crucial element for translating predictions into
clinical benefit.

To address these specific gaps, we developed and validated
ENDRAS (Early Neurological Deterioration Risk Assessment
System), a machine learning—based predictive model, using
a large, multicenter cohort. By integrating readily obtainable
clinical variables with advanced computational algorithms,
our system enables real-time, high-accuracy risk stratifica-
tion prior to IVT administration. This work establishes
a clinically actionable decision-support tool designed to
identify high-risk candidates for intensified monitoring and
preemptive therapeutic interventions, with the ultimate goal
of improving postthrombolysis outcomes through personal-
ized management strategies.

Methods

Study Design and Setting

We conducted this multicenter, prospective cohort study
across 3 strategically selected medical centers in Lianyun-
gang, China, representing distinct demographic populations:
Lianyungang Clinical Medical College of Nanjing Medi-
cal University (urban core population), Guanyun County
People’s Hospital (county or rural population), and Lianyun-
gang Dongfang Hospital (eastern urban population).

Ethical Considerations

This study was conducted in accordance with the Declaration
of Helsinki and approved by the Institutional Review Board
of Lianyungang Clinical Medical College (K'Y-20240403001-
01). The study was registered with the China Clinical
Trial Registry (ChiCTR2400085504) and National Medical
Research Registration System (MR-32-24-016371). Written
informed consent was waived for the retrospective cohort and
obtained from all participants or their legal representatives
in the prospective validation cohort. All data were deidenti-
fied to protect patient privacy, and no participants received
financial compensation.

Recruitment

From January 2017 through April 2024, we conducted a
multicenter retrospective study enrolling consecutive adult
patients (=18 y) with AIS who received IVT. The model
development cohort (n=1361) comprised patients treated at
Lianyungang Clinical Medical College of Nanjing Medical
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University (January 2017-August 2023), while the external
validation cohort (n=566) included patients from Dongfang
Hospital and Guanyun County People’s Hospital (September
2023-April 2024).

To ensure methodological rigor, we implemented strict
temporal and statistical separation protocols. The chronologi-
cally nonoverlapping cohorts maintained complete temporal
independence, with feature normalization coefficients derived
exclusively from the development dataset and subsequently
applied to the validation cohort without modification. This
unidirectional preprocessing workflow prevented statistical
contamination between phases, preserving analytical integrity
and enabling the unbiased evaluation of model generalizabil-
ity across different clinical settings and time periods.

The inclusion criteria were as follows: (1) age =18 years
with AIS in the hyperacute phase (<4.5 h from symptom
onset), (2) treatment with recombinant tissue plasminogen
activator or tenecteplase within 4.5 hours of onset, (3) stroke
severity assessed using the NIHSS, and (4) blood pressure
controlled to systolic <180 mm Hg or diastolic <115 mm Hg
before thrombolysis. The exclusion criteria were as follows:
(1) patients who underwent endovascular bridging therapy
following IVT and (2) cases with incomplete clinical data.

Data Collection and Outcome
Assessment

Clinical data were prospectively collected using standardized
electronic case report forms. Baseline characteristics included
(1) demographics: age, gender, height, and weight; (2)
risk factors: smoking, alcohol consumption, hypertension,
diabetes mellitus, atrial fibrillation, valvular heart disease,
and coronary artery disease; (3) medication history: antihy-
pertensive, hypoglycemic, lipid-lowering, and anticoagulant
therapies; (4) clinical parameters: NIHSS scores (baseline,
12 h, and 24 h post IVT) and blood pressure measure-
ments; (5) laboratory tests: complete blood count, coagulation
profile, and biochemical parameters; (6) imaging data: head
computed tomography (CT), magnetic resonance imaging,
and CT angiography (CTA); and (7) treatment metrics:
onset-to-door time and door-to-needle time. The primary
outcome was END, defined as an increase of =4 points
in the NIHSS score within 24 hours post IVT compared
to baseline. At least 2 independent neurologists classified
stroke subtype according to the Trial of ORG 10172 in Acute
Stroke Treatment (TOAST) criteria. In our study, all patients
underwent CTA before IVT as part of the standardized
acute stroke protocol. For quality control, 2 neuroradiologists
and 2 stroke neurologists, blinded to outcomes, independ-
ently reviewed the CTA images, with consensus review for
discordant readings.

To ensure temporal precedence and eliminate potential
information leakage, all predictor variables were obtained
prethrombolysis. Laboratory parameters, including red cell
distribution width (RDW) and neutrophil count, were
measured within 15-30 minutes of admission. The elec-
tronic medical record system was configured with time-
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stamp restrictions to ensure that only pretreatment data were
incorporated into the prediction model.

Model Development and Validation

For model development, we employed stratified random
sampling to partition the development cohort into train-
ing (80%) and internal validation (20%) sets, preserving
class distribution. We conducted a systematic evaluation of
11 machine learning algorithms, including (1) base classifi-
ers: regularized logistic regression, support vector machine,
decision tree, multilayer perceptron, and naive bayes;
ensemble methods: voting, stacking, bagging, boosting,
random forest, and XGBoost; (2) model performance was
comprehensively assessed using multiple metrics: (1) AUC;
(2) accuracy, precision, recall, and Fj-score; and (3)
confusion matrices.

To ensure robust validation, we implemented a 3-
phase approach: (1) internal validation: using the held-out
20% development cohort, (2) external validation: with an
independent cohort (n=566) from 2 additional medical
centers, and (3) prospective validation: in 20 consecutive
thrombolysis-eligible patients.

Feature Importance Analysis

To identify the most influential predictors, we performed
a comprehensive feature importance analysis on the opti-
mal algorithm model, specifically employing permutation
importance. This method quantifies each feature’s contribu-
tion by measuring the increase in prediction errors after
randomly permuting the feature, thereby ensuring an unbiased
assessment of relevance while accounting for feature
correlations. Feature selection was optimized by balancing
discriminative performance metrics (AUC, sensitivity or
specificity, Fj-score) with clinical utility considerations,
including indicator accessibility and cost-effectiveness.

Model Optimization and Selection

We constructed several candidate models using the top 15
features ranked by feature importance from the best algorithm
model. We systematically tested models with feature counts
ranging from 2 to 15 using the following methods: (1) 5-fold
cross-validation (AUC, accuracy, precision, recall, F-score);
(2) DeLong test for ROC curve comparisons; and (3) clinical
feasibility assessment, encompassing data acquisition time
and cost-effectiveness, resource availability across health
care institutions, and interobserver reliability for subjective
indicators. The final model integrated statistical performance,
feasibility scores, and cost-benefit analysis. The optimized
model was deployed as a web-based decision support system
with functionalities such as automatic data validation, an
intuitive user interface, and real-time visualization. Minimal
input requirements enable seamless clinical integration.

Risk Stratification Analysis

Using the combined dataset (development cohort: n=1361;
external validation cohort: n=566), we conducted a systematic
risk stratification analysis as follows:
1. Risk prediction and threshold optimization: Individual
risk probabilities were generated using the web-based
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ENDRAS model. The optimal stratification threshold
was determined via the Youden index (maximizing
[sensitivity+specificity—1]) and ROC curve analysis,
evaluating multiple candidate cutoffs. Patients were
classified into low-risk and high-risk groups based on
the final threshold.

2. Stratum-specific validation: Predictive performance
was assessed for each stratum using positive or negative
predictive values, likelihood ratios, and diagnostic
accuracy metrics.

3. Calibration assessment: Calibration plots visualized
agreement between predicted and observed risks across
all probabilities.

Statistical Analysis

Statistical analyses were performed using IBM SPSS
Statistics 24 (IBM Corporation) and Python-based machine
learning libraries. Categorical variables were expressed as
numbers (percentages) and compared using x> or Fisher exact
tests. Continuous variables were presented as median (IQR)
or mean (SD) and compared using the unpaired 2-tailed ¢ test
or Mann-Whitney U test, as appropriate.
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Model discrimination was assessed using AUC values, and
calibration was evaluated using calibration plots. Decision
curve analysis was performed to assess the clinical util-
ity of the ENDRAS model. The optimal cutoff value for
risk stratification was determined using the Youden index.
Statistical significance was set at P<.05 (2-tailed).

Results

Study Population Screening

From January 2017 to April 2024, we initially identified
2567 patients with first-ever AIS who received IVT within
4.5 hours of symptom onset. After applying the predefined
inclusion or exclusion criteria, 1927 patients were enrolled
in the final analysis (development cohort: 1361 patients
[Lianyungang Clinical College of Nanjing Medical Univer-
sity, The First People’s Hospital of Lianyungang]; exter-
nal validation cohort: 566 patients [Lianyungang Dongfang
Hospital and Guanyun County People’s Hospital]). The
patient selection process is detailed in Figure 1.
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Figure 1. Patient enrollment flow diagram. AUC: area under the receiver operating characteristic curve; END: early neurological deterioration;
ENDRAS: Early Neurological Deterioration Risk Assessment System; IVT: intravenous thrombolysis; RFECV: recursive feature elimination with
cross-validation; SHAP: Shapley additive explanations; SMOTE: synthetic minority oversampling technique.

1946 patients with first-ever ischemic stroke

1, 2017, and August 30, 2023
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intravascular bridging therapy
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» Patients with incomplete clinical
data (n=224)
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Comparative Analysis of Baseline
Characteristics

Cohort Homogeneity: Development Cohort
Versus External Validation Cohort

The development and external validation cohorts exhibited a
high degree of comparability in terms of baseline characteris-
tics (age: median 67, IQR 59-75 years versus median 68, IQR
59-74 years; gender [male]: 899/1361, 66.1% vs 373/566,
65.9%; stroke severity [NIHSS]: median 4, IQR 2-11 versus
median 5, IQR 2-10). The prevalence of cardiovascular risk
factors, including hypertension, diabetes, and atrial fibrilla-
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people’s hospital of lianyungang between January

training group and a validation group at

Training group (n=1089) || Validation group (n=272)

+» Test models on unseen

621 patients with first-ever ischemic stroke
received IVT within 4.5 hours of onset at
lianyungang oriental hospital and guanyun
people’'s hospital of lianyungang between
September 1, 2023, and April 30, 2024

55 patients were excluded

= Patients with IVT followed by
intravascular bridging therapy
(n=14)

« Patients with incomplete clinical
data (n=38)

« Patients with stroke warning
syndrome (n=3)

.566 patients were included

The model external validation cohort

+ Median imputation for missing values
« Binary target encoding for END (24 h
post thrombolysis)

+ One-hot encoding for categorical
variables

« Standardization via standardscaler

External validation group (n=566)

Model performance
assessment on
independent external data

= Calibration assessment

Construction and validation of ENDRAS
* SHAP Analysis (TreeExplainer, n=100, exact=True, interventional=True)
+ Feature importance
» Decision curve analysis

tion, was comparable between the cohorts (see Table SI,
Multimedia Appendix 1).

Pathophysiological Markers and Risk Factor
Distribution

Patients experiencing END in the development cohort
demonstrated a distinct pathophysiological profile (Table
1). Temporally, END was characterized by counterintuitive
clinical metrics—shorter onset-to-door intervals yet pro-
longed door-to-needle times —alongside significantly elevated
baseline NIHSS and modified Rankin scale scores.
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Laboratory analyses revealed a comprehensive pattern
of dysregulation across multiple systems: hemodynamic
instability (elevated systolic blood pressure [SBP]/dia-
stolic blood pressure), systemic inflammation (increased
white blood cell, neutrophils, lymphocytes, neutrophil-
to-lymphocyte ratio), hematological alterations (elevated
platelets, RDW), metabolic derangement (higher glycosyla-
ted hemoglobin, homocysteine), coagulation abnormalities
(increased international normalized ratio, fibrinogen), and
renal dysfunction (elevated creatinine clearance rate).

Lietal

END demonstrated significant associations with an
elevated cardiovascular comorbidity profile (hypertension,
diabetes mellitus, atrial fibrillation, valvular/coronary
disease), prior antiplatelet therapy exposure, and spe-
cific stroke phenotypes—notably large-artery atherosclerosis
(LAA) and cardioembolism etiologies, severe intracranial
atherosclerotic stenosis (IAS, defined as =50% stenosis of
the intracranial artery), and heightened 24-hour hemorrhagic
transformation risk.

Table 1. Baseline clinical characteristics of patients in the model development cohort.

Patient groups

Patients without END?#

Statistical measures

Patients with END

(n=1023) (n=338) z score P value
Demographic characteristics
Gender, n (%) 0.053 82
Male 674 (65.9) 225 (66.6)
Female 349 (34.1) 113 (33.4)
Age (y), median (IQR) 67 (59-75) 69 (60-75) -1.774 08
BMIP (kg/m?), median (IQR) 2481 (22.86-27.23) 24 .92 (22.50-27 45) —0.086 93
Intravenous thrombolysis time node (min), median (IQR)
ODT® 120 (80-160) 112 (70-147) -2.491 01
DNTY 51 (39-67) 55 (43-71) —2.496 01
ONT® 178 (135-218) 171.5 (130-208) -1.355 18
Vascular risk factors, n (%)
HTf 553 (54) 206 (60.9) 4.889 03
DME 270 (26.3) 119 (352) 9.669 002
AF? 140 (13.6) 71 (21) 10.394 001
VHD! 43 (4.2) 25(1.3) 5457 02
CADI 85 (8.3) 57 (16.8) 19.898 <.001
Smoke 316 (30.8) 107 (31.6) 0.070 79
Drink 276 (26.9) 94 (27.8) 0.089 77
HGTK 133 (13) 44 (13) 0.000 99
LLT! 119 (11.6) 47 (13.9) 1.226 27
APTM 138 (13.4) 73 (21.5) 12.749 <.001
ACT® 42 (4.1) 19 (5.6) 1363 24
AHT® 426 (41.6) 121 (35.7) 3.609 06
Imaging data, n (%)
LIP 955 (93.3) 320 (94.6) 0.750 39
LAY 288 (28.1) 100 (29.5) 0.256 61
CMBs" 166 (16.2) 51 (15) 0.246 62
1AS® >50% 150 (14.7) 136 (40.2) 100.108 <.001
ICAS'250% 384 (37.5) 141 (41.7) 1.873 17
Clinical data
TOASTY, n (%) 72.949 <001
LAAY 184 (17.9) 129 (38.1)
SAQY 693 (67.7) 148 (43.7)
CE* 134 (13) 59 (174)
opcyY 4(0.3) 1(0.2)
UND* 8(0.7) 1(0.2)
NIHSS?, median (IQR) 3(2-8) 11 (5-15) -16.087 <001
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Patient groups Statistical measures
Patients without END? Patients with END
(n=1023) (n=338) z score P value
mRS?, n (%) 196.813 <001
0 15(1.4) 0(0)
1 320 (31.2) 1(0.2)
2 359 (35) 107 (31.6)
3 31 (3.0) 12 (3.5)
4 213 (20.8) 141 (41.7)
5 85 (8.3) 77 (22.7)
ICH.24h*°, n (%) 66 (6.4) 44 (13.0) 14.744 <001
lCH.lmad,n(%) 6(0.5) 4(1.1) 1.241 27
IVT?, n (%) 1.575 21
rt-PA 1008 (98.5) 336 (99.4)
TNK?2 15(14) 2 (0.6)
SBpah (mm Hg), median (IQR) 148 (133-163) 164.5 (148-180) -10.201 <.001
DBP# (mm Hg), median (IQR) 84 (77-93) 85 (80-95) -2.636 008
Laboratory data, median (IQR)
WBCH (><109/L) 8.36 (6.67-10.54) 9.37 (7.22-11.89) —-4.464 <.001
NEUT# (x109/L) 5.66 (4.15-7.66) 6.87 (5.12-9.12) -6.344 <001
LYMPH? (x109/L) 1.68 (1.23-2.23) 1.62 (1.24-2.24) -0.497 62
NLR*™ (%) 3.19 (2.03-5.35) 3.28 (1.99-4.95) -0.552 58
PLT20 (x10%/L) 215 (178-256) 219 (184-256) -1.033 30
RDW? (fL) 42 (38.45-43.8) 43.6 (40.8-45.5) -7.019 <.001
PDW?P (fL) 16.2 (15.8-164) 16.1 (15.8-16.5) —-0.090 93
BS#d (mmol/L) 8.9 (62-11.8) 8.35(5.9-11.1) -1218 22
HbA M (%) 4.99 (4.26-6.09) 5.36 (4.53-6.83) -3.793 <.001
ALT? (U/L) 17 (13-24) 16 (12-23) —1.546 12
AST? (U/L) 20 (17-25) 20 (17-26) -0.586 56
UA® (umol/L) 303.1 (245.95-366) 301.1 (235.4-364.1) -1.014 31
TC? (mmol/L) 4.63 (3.87-5.35) 4.61 (3.78-5.57) -0.178 .86
TG*Y (mmol/L) 148 (1.03-2.29) 1.58 (1.0-2.47) -1.091 28
HDL2# (mmol/L) 1.10 (0.92-1.30) 1.09 (0.90-1.28) -0.673 .50
LDL (mmol/L) 2.73(2.19-3.25) 2.61(2.13-3.16) -1.510 13
Hey?Y (mmol/L) 5.60 (5.20-6.60) 5.90 (5.50-7.00) -5.035 <001
PT? (s) 11.8 (11.05-12.7) 11.7 (11.0-12.5) -1.457 15
INRP2 1.07 (1.01-1.15) 1.08 (1.03-1.17) —2.643 008
APTTYD (s) 294 (27.3-31.6) 29.05 (27.2-312) -1.226 22
FBbC (g/L) 2.54(2.14-2.93) 2.64 (2.24-3.09) —2.642 008
DDUP (ng/mL) 312 (147-690) 357.5 (154-769) -1.652 09
UNb® (mmol/L) 5.13 (4.23-6.36) 5.25 (4.07-6.54) -0.457 65
SCRPf (umol/L) 59.8 (51.15-72.65) 59.35 (49.2-72.8) -0.034 97
Cerbg (mL/min) 102.86 (89.89-120.54) 105.23 (91.18-125.55) -2.109 04

4END: early neurological deterioration.

bBMI: body mass index.
CODT: onset-to-door time.
dDNT: door-to-needle time.
CONT: onset-to-needle time.
fHT: hypertension.

EDM: diabetes mellitus.

hAF: atrial fibrillation.
'VHD: valvular heart disease.

icAD: coronary artery disease.
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XHGT: hypoglycemic treatment.

ILLT: lipid-lowering therapy.

MAPT: antiplatelet therapy.

"ACT: anticoagulant therapy.

°AHT: antihypertensive therapy.

PLI: lacunar infarction.

4LA: leukoaraiosis.

"CMBs: cerebral microbleeds.

STAS =50%: intracranial atherosclerotic stenosis =50%.
ICAS =50%: internal carotid artery stenosis =50%.
YTOAST: Trial of ORG 10172 in Acute Stroke Treatment.
VLAA: large-artery atherosclerosis.

YSAO: small-artery occlusion.

*CE: cardioembolism.

YODC: stroke of other determined cause.

“UND: stroke of undetermined cause.

4aNTHSS: National Institutes of Health Stroke Scale.
abmRS: modified Rankin scale.

4CICH.24h: intracerebral hemorrhage within 24 hours after IVT.
ad[CH.1m: intracerebral hemorrhage within 1 month after IVT.
4CTVT: intravenous thrombolysis.

afrt PA: received recombinant tissue plasminogen activator.
48TNK: tenecteplase.

ahgBp: systolic blood pressure.

aDBP: diastolic blood pressure.

4WBC: white blood cell.

akNEUT: neutrophil.

all YMPH: lymphocyte.

AMNLR: neutrophil-to-lymphocyte ratio.

anpLT: platelet.

4ORDW: red cell distribution width.

4PPDW: platelet distribution width.

44BS: blood sugar.

aTHbA | glycosylated hemoglobin.

3SALT: alanine aminotransferase.

AAST: aspartate aminotransferase.

AUYA: uric acid.

AVTC: total cholesterol.

AWTG: triglyceride.

4XHDL: high-density lipoprotein.

2YHcy: homocysteine.

4ZPT: prothrombin time.

baINR: international normalized ratio.

YOAPTT: activated partial thromboplastin time.

bCEB: fibrinogen.

%dppU: D-dimer.

beUN: urea nitrogen.

YfSCR: serum creatinine.

beCcr: creatinine clearance rate.

Model Development and Performance

Evaluation Data Preprocessing and Model
Architecture

Data preprocessing was performed in Python 3.9.19 (Python
Software Foundation) using a structured pipeline: (1) median
imputation for missing values, (2) binary target encoding
(END occurrence within 24 h post thrombolysis), (3) one-hot
encoding for categorical variables, and (4) standardization
of continuous features to zero mean and unit variance via
sklearn.preprocessing.StandardScaler.

To maximize model performance, we employed an
integrated optimization framework following a sequential
approach: (1) recursive feature elimination with cross-vali-
dation for feature selection to reduce dimensionality, (2)

https://www .jmir.org/2025/1/e77858

synthetic minority oversampling technique (SMOTE) for
class imbalance correction in the training set only, (3) L1
or L2 regularization to prevent overfitting, and (4) Gaus-
sian process—based Bayesian optimization for hyperparameter
tuning across all models.

After SMOTE resampling, the class distribution in the
training set was balanced to 818:818 (positive:negative
ratio). Hyperparameters for all 11 machine learning models
were optimized using 5-fold stratified cross-validation on
the resampled training dataset. The best-performing model
(XGBoost) achieved a cross-validation AUC of 0.983 and
maintained robust performance (AUC=0.94) when evaluated
on the original, unbalanced validation set.

Class weighting was considered an alternative approach
for handling class imbalance. However, SMOTE was

J Med Internet Res 2025 | vol. 27 177858 | p. 8
(page number not for citation purposes)


https://www.jmir.org/2025/1/e77858

JOURNAL OF MEDICAL INTERNET RESEARCH

ultimately selected based on the following evidence-based
considerations: (1) it has consistently demonstrated superior
performance in health care prediction tasks with limited
sample sizes; (2) it generates synthetic minority class samples
while maintaining the underlying feature space distribution;
and (3) it provides additional training instances, which
is particularly critical for complex ensemble methods that
require ample data for robust learning and generalization.

Predictive Algorithm Benchmarking

We systematically compared the 11 machine learning
algorithms for END prediction using a multidimensional

Lietal

assessment framework. Performance evaluation incorporated
both discriminative metrics (AUC, accuracy, precision, recall,
F1-score) and computational efficiency parameters (train-
ing time, prediction time, central processing unit utiliza-
tion, memory consumption). This comprehensive analytical
approach facilitated robust algorithm benchmarking across all
candidate models. Comparative performance metrics and the
average computational efficiency of the models over different
time periods are listed in Table 2 and Figure 2, respectively.

Table 2. Predictive performance of machine learning models in the development cohort.

Group AUC? Accuracy Precision Recall F1-score
Logistic regression

Training group 0.86 0.82 0.61 0.72 0.66

Test group 0.83 0.77 0.51 0.76 0.61
Support vector machine

Training group 0.95 0.90 0.86 0.79 0.82

Test group 0.85 0.82 0.55 0.75 0.63
Decision tree

Training group 1.0 1.0 1.0 1.0 1.0

Test group 0.75 0.82 0.68 0.59 0.63
Multilayer perceptron

Training group 1.0 1.0 1.0 1.0 1.0

Test group 0.85 0.82 0.69 0.61 0.65
Naive Bayes

Training group 0.79 0.74 044 0.77 0.56

Test group 0.77 0.70 0.45 0.77 0.55
Voting classifier

Training group 0.98 091 0.87 0.88 0.87

Test group 0.88 0.80 0.62 0.79 0.69
Stacking classifier

Training group 1.0 1.0 1.0 1.0 1.0

Test group 0.88 0.85 0.68 0.79 0.73
Bagging classifier

Training group 1.0 0.99 0.98 0.98 0.98

Test group 0.88 0.82 0.61 0.83 0.70
Boosting classifier

Training group 1.0 0.97 0.94 0.95 0.95

Test group 0.94 0.86 0.72 0.88 0.79
Random forest classifier

Training group 1.0 1.0 1.0 1.0 1.0

Test group 091 0.84 0.64 0.87 0.74
XGBoost classifier

Training group 1.0 1.0 1.0 1.0 1.0

Test group 0.94 0.88 0.70 0.93 0.80

2AUC: area under the receiver operating characteristic curve.
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Figure 2. Computational efficiency of machine learning algorithms. CPU: central processing unit; DT: decision tree; LR: logistic regression; MLP:
multilayer perceptron; NB: naive Bayes; RF: random forest; SVM: support vector machine.
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Performance Metrics

XGBoost Demonstrates Superior Predictive
Performance

XGBoost consistently outperformed all other algorithms,
achieving 88% accuracy and favorable Fj-score for END

prediction. The XGBoost model exhibited good discrimi-
native capability across all datasets: training (AUC=1.0),

https://www jmir.org/2025/1/e77858

internal validation (AUC=0.94, 95% CI 0.91-0.97), and
external validation (AUC=0.92, 95% CI 0.88-0.94; Figure 3).
In the pooled dataset analysis (n=1927), XGBoost main-
tained robust performance (AUC=0.98, 95% CI 0.97-0.99;
accuracy=94%; precision=87%; recall=90%; F-score=0.89),
confirming its generalizability and predictive stability
(Figures 4 and 5).
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Figure 3. Area under the receiver operating characteristic curves (AUC) of the XGBoost model on the training set, internal validation set, and

external validation set.
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Figure 4. Comparison of performance metrics (area under the receiver operating characteristic curves [AUC], accuracy, F-score) of the XGBoost
model across 4 datasets (training set, internal validation set, external validation set, and merged dataset), presented as a radar chart.
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Figure 5. Comparison of performance metrics (area under the receiver operating characteristic curves [AUC], accuracy, Fi-score) of the XGBoost
model across 4 datasets (training set, internal validation set, external validation set, and merged dataset), presented as a bar chart.
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Feature Selection

To identify the optimal feature subset, we evaluated
models with varying numbers of predictor variables
(2-15) wusing 10-fold cross-validation. XGBoost feature
importance analysis, ranked in descending order, iden-
tified the top 8 key predictors: NIHSS score, SBP,
red blood cell distribution width, internal carotid artery
stenosis, homocysteine, neutrophil count, TOAST-LAA
subtype, and time from onset to admission (Figure
6). The 7-variable model (excluding onset-to-door time)
achieved the best performance (accuracy=88%; AUC=0.927,

https://www .jmir.org/2025/1/e77858

95% CI 0.90-0.96); improvements beyond this threshold
were negligible (6 variables: AUC=0.923; 8 variables:
AUC=0.925; Table S2 in Multimedia Appendix 1).

To optimize clinical utility in time-sensitive acute stroke
settings, we conducted accessibility and cost-effectiveness
analyses of predictor variables. Removing homocysteine from
the model resulted in minimal performance impact (AUC
reduction of 0.003) while significantly enhancing practi-
cal implementation by eliminating a laboratory parameter
typically unavailable within the critical IVT decision window.
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Figure 6. Feature importance for risk prediction by the XGBoost model. Ccr: creatinine clearance rate; DBP: diastolic blood pressure; DNT:

door-to-needle time; FB: fibrinogen; HbA(.: glycosylated hemoglobin;

HCY: homocysteine; IAS: intracranial atherosclerotic stenosis; INR:

international normalized ratio; LAA: large-artery atherosclerosis; NEUT: neutrophil; NIHSS: National Institutes of Health Stroke Scale; ODT:
onset-to-door time; RDW: red cell distribution width; SBP: systolic blood pressure; TOAST: Trial of ORG 10172 in Acute Stroke Treatment; WBC:

white blood cell.
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Shapley Additive Explanations Value Analysis

To quantify feature contributions, we performed Shapley
additive explanations (SHAP) analysis on the optimized
6-variable XGBoost model (after removing homocysteine
to enhance clinical applicability). The NIHSS exhibited
the highest feature importance (ISHAPI: mean 2.19, SD
1.72), followed by neutrophil count and RDW (both mean
1.09, SD 0.76), SBP (mean 0.83, SD 0.61), IAS (mean
0.59, SD 041), and TOAST-LAA (mean 0.32, SD 0.29).
Higher NIHSS scores, neutrophil counts, RDWs, and SBPs
generally increased the predicted risk, while the binary
variables (IAS, TOAST-LAA) showed more concentrated
effects. The ranking differences between XGBoost feature
selection and SHAP analysis stem from their complemen-
tary methodologies: XGBoost quantifies features based on
splitting frequency and information gain across the popu-
lation, while SHAP values measure each feature’s actual
contribution to individual predictions. This methodological
distinction enhances our model interpretation—XGBoost
identifies globally relevant predictors, while SHAP reveals
the personalized impact of features on individual risk
assessments, providing crucial insights for precision medicine
applications in stroke care.

Technical Implementation

The resulting 6-variable ENDRAS [16] incorporates only
readily available clinical and laboratory variables and
has been implemented as a web-based calculator to facili-
tate point-of-care clinical decision support in acute stroke
management.

https://www.jmir.org/2025/1/e77858

ENDRAS was developed as a react.js-based responsive
web app with bilingual (English or Chinese) capabilities and
robust validation protocols. The architecture features (1) an
interactive interface with real-time validation, (2) structured
input forms with range verification, (3) color-coded risk
stratification visualization, (4) dynamic probability calcula-
tion with immediate feedback, and (5) responsive cross-plat-
form design.

Performance evaluation utilized a dataset (n=1927)
segmented into 20 batches (100 records/batch) with 3
complete iteration cycles. Testing was conducted on Chrome
(v120.0; Google) with Intel Core i7 processor and 16
GB RAM. The results demonstrated exceptional computa-
tional efficiency: mean prediction latency of 0.0177 (SD
0.0021) seconds, memory utilization of 88.80 (SD 0.01) MB,
per-record processing time of 0.18 ms, and high consistency
in repeated executions (coefficient of variation<5%).

Risk Stratification and Comparative
Performance

Based on ROC analysis, an optimal threshold of 29% was
established for risk stratification. The study cohort (n=1927)
was dichotomized into high- and low-risk groups, with
observed END event rates of 95.24% (420/441) and 2.42%
(36/1486), respectively (Figure 7).

Forward stepwise logistic regression (likelihood ratio
method), conducted on the combined dataset of all 1927
patients, identified ENDRAS-derived risk probability as a
powerful independent predictor of postthrombolysis END
(OR 5080.684, 95% CI 2353.205-10969.440, P<.001).
The model demonstrated favorable discriminative capability
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(AUC 0988, 95% CI 0.983-0.993), outperforming all moderate-to-severe IAS, NIHSS score, SBP, neutrophil count,
individual predictors, including TOAST-LAA classification, and RDW (Figure 8).

Figure 7. Evaluation of the confusion matrix of the combined dataset using the Early Neurological Deterioration Risk Assessment System
(ENDRAS) model.
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Figure 8. Receiver operating characteristic curves of Trial of ORG 10172 in Acute Stroke Treatment (TOAST) large-artery atherosclerosis (LAA),
intracranial atherosclerotic stenosis (IAS), National Institutes of Health Stroke Scale (NIHSS), systolic blood pressure (SBP), neutrophil (NEUT), red
cell distribution width (RDW), and Early Neurological Deterioration Risk Assessment System (ENDRAS).
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Model Calibration and Clinical Utility

Calibration analysis demonstrated excellent concordance
between predicted probabilities and observed END
frequencies throughout the risk spectrum. Decision curve

Lietal

analysis revealed that ENDRAS-guided intervention provided
substantial net clinical benefit compared to default “predic-
tion all” or “prediction none” strategies across a comprehen-
sive range of threshold probabilities (Figures 9 and 10).

Figure 9. Calibration curve of the Early Neurological Deterioration Risk Assessment System (ENDRAS) model.
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Figure 10. Decision clinical curve of the Early Neurological Deterioration Risk Assessment System (ENDRAS) model.
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Prospective Validation of ENDRAS

A prospective validation cohort (n=20) was recruited
to preliminarily validate the real-world performance of
ENDRAS, with baseline characteristics shown in Table 3.
In this small independent cohort comprising 5 END and
15 non-END patients, ENDRAS demonstrated preliminary
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discriminative capability with 80.0% sensitivity (4/5 patients
with END correctly identified as high-risk) and 86.7%
specificity (13/15 patients without END correctly classified as
low-risk). The overall predictive accuracy was 85.0% (17/20),
with positive and negative predictive values of 66.7% and
92.9%, respectively.

Table 3. Baseline clinical characteristics of patients in the prospective validation cohort.

Patients without END? (n=15)

Patients with END (n=5)

Demographic characteristics

Gender, n (%)

Male 10 (66.6)
Female 5(33.3)
Age (y), median (IQR) 70 (58-76.5)

BMIP (kg/m?), median (IQR)

Intravenous thrombolysis time node (min), median IQR

24.38 (22.58-25.32)

2 (40)

3 (60)

66 (54.75-76.25)
24.54 (22.94-25 50)

ODT® 123 (73.5-164) 125.5 (77.25-157)
DNTY 40 (36.5-49.5) 38.5 (41.5-49.25)
ONT® 170 (117.5-200.5) 175.5 (123.25-215.75)
Vascular risk factors, n (%)
Hrf 7 (46.6) 1(20)
DME 1(6.6) 2 (40)
AFh 2(13.3) 1 (20)
VHD! 0 (0) 0(0)
CADI 2(13.3) 0 (0)
Smoke 10 (66.6) 2 (40)
Drink 7 (46.6) 1(20)
HGTK 1(6.6) 2 (40)
LLT! 1(6.6) 0(0)
APT™ 1(6.6) 0(0)
ACT? 0 (0) 0 (0)
AHT® 5(33.3) 1 (20)
Imaging data, n (%)
LIP 12 (80) 5 (100)
LAY 1 (6.6) 2 (40)
CMBs" 0(0) 00
IASS =50% 3(20.0) 5 (100)
ICAS! =50% 1 (6.6) 0(0)
Clinical data
TOASTY, n (%)
LAAY 3(20.0) 4(80)
SAQV 10 (66.6) 0(0)
CE* 1 (6.6) 1 (20)
oDcY 0 (0) 0(0)
UND?* 1(6.6) 0(0)
NIHSS, median (IQR) 2 (1-4) 2(1-9)
mRS?, n (%)
0 1(6.6) 0(0)
1 8 (53.3) 0 (0)
2 4(26.6) 1 (20)
3 0(0) 0(0)
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Patients without END? (n=15)

Patients with END (n=5)

4
5
ICH .24h*°, n (%)
ICH.1m*, n (%)
IVT2, n (%)
rt-PA?f
TNK?8
SBP (mm Hg), median (IQR)
DBPA (mm Hg), median (IQR)
Laboratory data, median (IQR)
WBCH (x109/L)
NEUT# (x109/L)
LYMPH? (x109/L)
NLR2™ (x10%/L)
PLT?" (x10%/L)
RDW?2° (fL)
PDW?P (fL)

1(6.6)
1(6.6)
0 (0)
0 (0)

7 (46.6)
8(53.3)

146 (135-153.5)
90 (80-96.5)

6.25 (5.67-8.48)
4.59 (3.60-5.77)
1.68 (1.46-2.09)
277 (2.10-3.30)
238 (227-259)

459 (42.65-47.30)
16.2 (15.95-16.45)

1(20)
3 (60)
1 (20)
1 (20)

2 (40)

3 (30)

148 (141.5-155)
91 (80-95.75)

6.84 (5.68-8.68)
471 (3.57-6.16)
1.70 (1.43-2.14)
2.84 (2.07-3.44)

236.5(214.8-264.3)

46.2 (42.70-47 30)
16.2 (15.98-16.43)

4END: early neurological deterioration.

PBMI: body mass index.

¢ODT: onset-to-door time.

dDNT: door-to-needle time.

®ONT: onset-to-needle time.

fHT: hypertension.

€DM: diabetes mellitus.

hAF: atrial fibrillation.

'VHD: valvular heart disease.

JCAD: coronary artery disease.

kHGT: hypoglycemic treatment.

ILLT: lipid-lowering therapy.

MAPT: antiplatelet therapy.

"ACT: anticoagulant therapy.

CAHT: antihypertensive therapy.

PLI: lacunar infarction.

4L A: leukoaraiosis.

TCMBs: cerebral microbleeds.

SIAS =50%: intracranial atherosclerotic stenosis =50%.
ICAS 250%: internal carotid artery stenosis =50%.
YTOAST: Trial of ORG 10172 in Acute Stroke Treatment.
YLAA: large-artery atherosclerosis.

WSAO: small-artery occlusion.

XCE: cardioembolism.

YODC: stroke of other determined cause.

ZUND: stroke of undetermined cause.

43NTHSS: National Institutes of Health Stroke Scale.
abmRS: modified Rankin scale.

4CTCH .24h: intracerebral hemorrhage within 24 hours after IVT.
ad[CH.1m: intracerebral hemorrhage within 1 month after IVT.

4€TVT: intravenous thrombolysis.
afit_PA: received recombinant tissue plasminogen activator.
48TNK: tenecteplase.

a‘hSBP: systolic blood pressure.

4DBP: diastolic blood pressure.
AWBC: white blood cell.

akNEUT: neutrophil.

all, YMPH: lymphocyte.

4MNLR: neutrophil-to-lymphocyte ratio.
A0PLT: platelet.

4°RDW: red cell distribution width.
4PPDW: platelet distribution width.
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Discussion

Comparison With Prior Work

Machine learning methods leverage computational algorithms
to model complex, nonlinear relationships between clinical
variables, thereby overcoming the limitations of traditional
risk assessment approaches. This has established them as
superior predictive tools, demonstrating high accuracy and
robust discriminatory performance in outcome prediction
while maintaining clinical usability [17-19]. While prior
studies [20,21] have explored the prediction of END using
patient history, laboratory results, and biochemical markers,
their clinical applicability remains limited due to insufficient
validation. In cases of END following IVT, some predictive
models define END as an increase of =2 points on the NIHSS
score within 24 hours to 7 days [15,22,23]. However, this
threshold may lack sensitivity in severe stroke cases (eg,
baseline NIHSS =20), where a 2-point change in a total
score of 42 could underestimate true clinical deterioration
[24]. To address this limitation, recent predictive models have
incorporated multifactorial risk assessments. For instance, 1
study [25] developed a model integrating 6 key predictors—
age, diabetes, atrial fibrillation, antiplatelet therapy, C-reac-
tive protein levels, and baseline NIHSS scores —to improve
END risk stratification.

While predictive models for END continue to evolve,
significant limitations persist in their clinical application. The
model developed by Tian et al [26], which incorporates the
neutrophil-to-lymphocyte ratio, mean platelet volume, body
mass index, and atrial fibrillation, represents an advance in
pre-IVT risk stratification. However, its utility is constrained
by several factors: (1) limited validation in IVT-treated
patients: the model has not been validated specifically in
cohorts undergoing IVT, raising questions about its generaliz-
ability to this population; (2) methodological limitations: the
use of manual grouping rather than randomized allocation
may introduce selection bias, reducing the reliability of the
predictive outcomes; and (3) incomplete risk factor integra-
tion: the model omits established predictors of END, such
as baseline NIHSS scores and blood pressure parameters,
which have been consistently associated with postthrombol-
ysis neurological decline. To address the limitations in the
existing END prediction models, we designed our research
approach with several methodological improvements. Based
on previous research findings, our study focused on key
aspects to enhance predictive accuracy: (1) conducting
prospective validation specifically in IVT-treated cohorts; (2)
utilizing machine learning approaches to mitigate grouping
bias; and (3) implementing comprehensive variable selection
that incorporates established predictors such as NIHSS scores
and hemodynamic markers.

Principal Results

ENDRAS Development and Validation
Performance

We developed ENDRAS incorporating 6 pre-IVT predictors
of END: LAA subtype, carotid stenosis =50%, NIHSS, SBP,
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neutrophil count, and RDW. The ENDRAS model demonstra-
ted good discrimination (AUC=0.988, 95% CI 0.983-0.993
[n=1927, combined development and external validation
cohorts]), favorable calibration (calibration curve R=0.998),
and improved net benefit on decision curve analysis versus
“prediction-all/no” strategies. ENDRAS effectively balances
pathophysiological relevance with clinical implementability
for postthrombolysis END prediction in AIS.

Methodological Considerations

The high discriminative performance (AUC=0.988) warrants
critical evaluation. At least 3 factors potentially contribute
to this performance: (1) our feature selection methodology
identified variables capturing the complementary pathophy-
siological mechanisms underlying neurological deterioration,
(2) XGBoost’s ensemble architecture detected complex
nonlinear relationships between predictors that traditional
regression methods cannot capture, and (3) our substantial
cohort (n=1927) provided sufficient statistical power to
reliably estimate model parameters.

To minimize the possibility of data leakage, all var-
iables included in the ENDRAS model were obtained
before thrombolytic therapy, ensuring that no post-treatment
information was used during model training or evaluation.
Therefore, the model was developed entirely based on
prethrombolysis data. As mentioned in the Data Collec-
tion and Outcome Assessment section, to ensure temporal
precedence and eliminate potential information leakage, all
predictor variables were obtained prethrombolysis. Labora-
tory parameters, including RDW and neutrophil count, were
measured within 15-30 minutes of admission. The elec-
tronic medical record system was configured with time-
stamp restrictions to ensure that only pretreatment data were
incorporated into the prediction model.

Despite the strong performance, further validation in larger
and more diverse prospective cohorts is still needed to
confirm the model’s robustness and generalizability. High
performance in our current validation cohorts does not
eliminate the need for ongoing evaluation, as the model
must demonstrate consistent reliability across varied clinical
settings and patient populations before widespread implemen-
tation can be recommended.

Despite these strengths, we acknowledge potential
limitations in generalizability. Performance metrics may
reflect some degree of optimism, and external application
across diverse clinical settings may yield more moderate
discrimination values. Ongoing prospective validation studies
across heterogeneous populations will better establish the
model’s transportability and calibration stability.

ENDRAS demonstrated clinically acceptable misclas-
sification rates (false-positive rate=2.42%, false-negative
rate=4.76%) with comprehensive validation metrics (true
positives=420, false positives=36, false negatives=21, true
negatives=1450). The minimal false-negative rate prioritizes
the detection of deterioration events, while the moderate
false-positive rate represents an acceptable clinical trade-off,
particularly in acute stroke management where consequences
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of unidentified deterioration typically outweigh those of
enhanced monitoring.

The computational performance differences between
models hold practical significance across multiple dimen-
sions. From a development perspective, XGBoost’s training
time is highly efficient (75 ms), which enables rapid model
iteration and hyperparameter tuning, significantly accelerating
the development cycle through faster experimentation and
validation. From an implementation perspective, the final
ENDRAS prediction model built with XGBoost occupies
only 88 MB of the memory, allowing deployment on
resource-constrained platforms such as tablets and emergency
department workstations with limited memory capacity. This
advantage is especially valuable in community hospitals
with older information technology infrastructure. From a
maintenance standpoint, XGBoost’s computational efficiency
supports continual model retraining with updated data. In our
clinical workflow, the model is retrained quarterly, integrat-
ing new patient data to preserve predictive performance. The
lower computational requirements also lead to significantly
reduced cloud computing costs relative to more resource-
intensive alternatives. Although these performance differen-
ces may appear modest in absolute terms, they profoundly
influence real-world implementation, particularly in resource-
limited environments where computational efficiency directly
determines the accessibility and sustainability of the clinical
decision support system.

Pathophysiological Significance of ENDRAS
Predictors

The strength of ENDRAS lies in its selection of variables
that collectively capture the multifaceted pathophysiological
mechanisms underlying END. Each predictor contributes
unique insights into END risk stratification.

LAA as a Key Risk Factor for END

This study identified LAA as a significant predictor of
END, consistent with prior evidence [27]. In patients with
LAA, progressive ischemia within 24 hours post thromboly-
sis—driven by slow collateral flow and vulnerable plaque
instability —increases END risk. Additionally, moderate-to-
severe stenosis (eg, middle cerebral artery or branch
atheromatous lesions) correlates with higher NIHSS scores,
stroke progression, and worse disability, further elevating
END likelihood [23]. These findings align with previous
reports (Nam et al [28], Joeng et al [29]), reinforcing LAA’s
role in END pathogenesis.

NIHSS as a Predictor of END Risk

The NIHSS is a validated measure of stroke severity, and
our nomogram confirmed that baseline NIHSS =4 signifi-
cantly elevates END risk. This aligns with prior studies
[30,31] showing that moderate-to-severe strokes (NIHSS
>4) correlate with larger infarct volumes, higher rates of
hemorrhagic transformation or cerebral edema, and conse-
quently, greater END susceptibility. These findings under-
score NIHSS’s utility not only for severity stratification but
also for early END risk prediction.
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Blood Pressure Dynamics and END Risk in AIS

While moderately elevated blood pressure may support
perfusion in ischemic brain regions, excessive SBP (>185/105
mm Hg)—particularly within the first 24 hours post IVT —is
linked to hemorrhagic transformation, cerebral edema, and
stroke recurrence, all contributors to END and poor outcomes
[32]. High blood pressure variability and sustained hyperten-
sion also correlate with 3-month stroke recurrence, likely via
blood-brain barrier disruption (eg, oxidative stress, AQP4
upregulation) [33-35]. Though admission SBP is a modifi-
able END risk factor, optimal thresholds and management
strategies require further validation [36].

Neutrophils as a Predictor of END

Although previous risk models did not assess neutrophil
levels, multicenter data identify elevated neutrophil counts
as an independent predictor of END [30]. Higher neutrophil
levels correlate with larger infarct volumes, worse outcomes,
and greater tissue damage (eg, edema, hemorrhagic transfor-
mation) [37]. Notably, neutrophil depletion in experimental
stroke models reduces infarct size and secondary injury,
reinforcing the causal role of neutrophils in END pathogen-
esis. These findings align with our clinical observations,
positioning neutrophils as a key modifiable risk factor for
END [38-40].

RDW as a Prognostic Biomarker in AIS With
vr

Baseline RDW independently predicts all-cause mortality
in patients with AIS receiving IVT [41]. Elevated RDW
correlates with moderate-to-severe stroke severity, poor
functional outcomes (modified Rankin scale 3-6), and
lower Barthel index scores (<85 at 3 mo) [42]. Notably,
patients with futile recanalization exhibit significantly higher
RDW than those with successful reperfusion. Mechanisti-
cally, pro-inflammatory cytokines (tumor necrosis factor
a, interleukin-1 f3, interleukin-6) suppress erythropoiesis,
increasing RDW, while simultaneously promoting endothe-
lial activation, blood-brain barrier disruption, and neutro-
phil infiltration, exacerbating ischemic injury [43,44]. Our
findings further support this inflammatory cascade, demon-
strating significantly higher neutrophil counts in patients
with END, suggesting a potential interplay between RDW,
inflammation, and END risk.

Clinical Implementation Framework

The robust predictive performance of ENDRAS, coupled
with the clear pathophysiological relevance of its compo-
nent predictors, establishes a strong foundation for clinical
implementation. ENDRAS provides real-time risk stratifica-
tion for END in patients with prethrombolysis, addressing
the current reliance on subjective assessment. We propose a
risk-stratified management framework:
» Patients with high risk (ENDRAS =0.29)
1. Hourly neurological monitoring for 24 h post
thrombolysis
2. Immediate advanced imaging (CT perfusion or
magnetic resonance imaging)
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Blood pressure control (140-160 mm Hg systolic)
Priority assessment for neurovascular intervention
Prophylactic neuroprotective measures
Consider empirical antiedema therapy for large
infarcts
¢ Patients with low risk (ENDRAS <0.29)

1. Neurological assessments every 2 hours for 24
hours
Standard follow-up imaging at 24 hours
Standard blood pressure management
Standard glycemic and temperature monitoring
Early mobilization when appropriate
Expedited rehabilitation planning

AN W B W
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This framework complements standard guidelines, add-
ing personalized risk assessment while preserving clinical
judgment when patient-specific factors warrant deviation.
Although our model development established 29% as the
optimal probability threshold for creating a comprehensive
optimal model (sensitivity: 95.24%, specificity: 97.58%,
positive predictive value: 92.11%, negative predictive value:
98.57%), we recognize that different clinical environments
may require different thresholds depending on their specific
priorities.

Institutions with emergency departments, intensive care
units, or those treating high-risk patients may opt for
a lower threshold of 20% (high-sensitivity conservative
model) to enhance “rule-out” capability and reduce missed
END events, given its strong negative predictive value
(98.61%) in high-stakes situations. For standard clinical
pathways, multidisciplinary team decisions, and clinical trials,
a threshold of 25% (high-performance balanced model)
provides balanced and reliable performance across all metrics,
delivering trustworthy positive and negative predictions.

In contrast, specialist clinics emphasizing resource
efficiency and confirmatory testing may choose a threshold
of 35% (precision diagnostic model) to limit false posi-
tives while preserving diagnostic accuracy. Resource-limi-
ted settings focused on cost containment and avoidance of
overtreatment might implement a 40% threshold (high-specif-
icity precision model), leveraging its “rule-in” capability to
initiate treatment protocols based on highly specific positive
results.

We recommend that institutions select the threshold most
appropriate for their clinical context, monitoring resources,
and risk management strategy. The detailed performance
metrics and clinical interpretations for each threshold are
provided in Table S3 in Multimedia Appendix 1.

Clinical Impact Demonstration

An example of a high-risk case is as follows: a 72-year-
old male with left MCA occlusion (NIHSS 18, ASPECTS
8) received an intravenous recombinant tissue plasminogen
activator at 2.5 h post onset, with an ENDRAS score of 0.82.
Hourly assessments detected subtle deterioration (+2 NIHSS
points) at hour 4, triggering immediate advanced imaging
that revealed salvageable penumbra. Emergent thrombectomy
resulted in favorable outcomes (modified Rankin scale:
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2). Without ENDRAS-guided monitoring, this intervention
window might have been missed.

An example of a low-risk case is as follows: A 65-year-
old female with small cortical infarct (NIHSS 4) received
an intravenous recombinant tissue plasminogen activator at
3 h post onset, with an ENDRAS score of 0.28. Standard
monitoring enabled early mobilization at 24 h and discharge
planning by day 2, optimizing resource utilization without
compromising safety.

These cases demonstrate how ENDRAS transforms from
a predictive tool into a practical clinical decision support
system guiding resource allocation, monitoring intensity,
and intervention decisions. Prospective validation of these
management protocols represents an important direction for
future research.

Limitations

Despite ENDRAS demonstrating robust predictive perform-
ance (AUC=0.988, 95% CI 0.983-0.993), several limitations
warrant consideration. While the model’s error profile is
clinically acceptable (false-positive rate=2.42%, false-nega-
tive rate=4.76%), these misclassifications could still impact
treatment decisions. The time span of the validation cohort
(September 2023 to April 2024, totaling 8 mo) is relatively
short, which does not allow for a thorough assessment of the
model’s stability across different time periods. All validation
data originate from hospitals within a single geographical
area, limiting the evaluation of the model’s generalizabil-
ity across different regional populations. We acknowledge
a significant lack of statistical power in the prospective
validation portion (n=20). Given an expected incidence rate
of END events of 8%-28%, this sample size is only projected
to yield 1-6 events, far below the recommended standard for
prediction model validation.

Furthermore, a critical limitation is ENDRAS’s devel-
opment and validation exclusively within Chinese stroke
populations. Established ethnic variations in stroke path-
ophysiology—including higher intracranial atherosclerosis
prevalence in East Asian populations versus predominant
extracranial atherosclerosis in Western cohorts—may affect
model performance across different demographic contexts.

We recognize that dependence on CTA for IAS assessment
poses an implementation challenge for our prediction model
in resource-limited settings. To address this limitation, we
have conducted a sensitivity analysis using a modified model
without IAS, which demonstrated reduced but still clinically
meaningful performance (AUC=0.857, 95% CI 0.837-0.877).
The identification of IAS as a strong predictor is consistent
with pathophysiological mechanisms and previous studies
linking it to stroke progression.

We acknowledge that excluding patients receiving
bridging therapy (IV thrombolysis followed by mechani-
cal thrombectomy) introduces selection bias and restricts
applicability to the broader stroke population. This
exclusion was necessary due to substantially different
neurological courses, monitoring protocols, and clinical
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trajectories between patients undergoing emergent endovas-
cular intervention and those receiving IV thrombolysis alone.

To address these limitations, we have initiated several
complementary research directions. First, recognizing the
selection bias introduced by excluding bridging therapy
patients, we are developing a dedicated prediction model
for this population (ENDRAS-MT). Preliminary analysis
(n=216) indicates distinct predictive features in this group,
with procedural factors (time to groin puncture, number of
passes) and angiographic findings (collateral status, thrombus
location) emerging as important predictors. This complemen-
tary model will extend risk stratification to the broader
population of patients with AIS eligible for reperfusion
therapies.

Second, we acknowledge CTA as the current reference
standard for intracranial stenosis evaluation, offering higher
sensitivity than magnetic resonance angiography or transcra-
nial Doppler. We plan to validate alternative IAS assessment
methods (transcranial Doppler, magnetic resonance angiog-
raphy) against CTA in future work to develop conversion
algorithms across modalities, potentially enabling resource-
adapted model implementation.

Third, to enhance generalizability and validation rigor, we
are planning a larger multicenter prospective validation study
(target n>200) across diverse Chinese regions with exten-
ded follow-ups (12+ mo), while establishing international
collaborations to assess applicability in non-Asian popula-
tions. This expanded validation will provide more robust
evidence for ENDRAS’s clinical utility across heterogeneous
populations.

Lietal

Finally, future development will focus on optimiz-
ing computational efficiency for real-time implementa-
tion, refining risk stratification thresholds, and integrating
additional relevant biomarkers and imaging parameters to
improve predictive accuracy. These comprehensive steps are
essential for ENDRAS’s successful clinical translation and
widespread adoption in acute stroke management. Informa-
tion on the proportion of missing data and interrater reliability
for imaging and classification variables was not available
in this study. These aspects should be addressed in future
research to improve data quality and reproducibility.

Conclusions

ENDRAS represents a promising approach in postthrombol-
ysis stroke care by providing clinicians with an objective
tool for END risk assessment. The model shows encourag-
ing discriminative performance in combined development
and external validation cohorts, suggesting potential clinical
utility in identifying high-risk patients who may benefit from
intensified monitoring and early intervention, though further
validation in larger prospective studies is needed.

Future research should focus on prospective implementa-
tion studies across varied health care settings, refinement
of risk thresholds to optimize clinical decision-making,
and investigation of whether ENDRAS-guided management
actually improves patient outcomes compared to standard
care. As we continue to validate and refine this model,
ENDRAS offers a promising framework for personalized
postthrombolysis monitoring that balances resource utiliza-
tion with patient safety.

Acknowledgments

We gratefully acknowledge the academic support provided by the Lianyungang Clinical College of Nanjing Medical Univer-
sity, Lianyungang Oriental Hospital, and Guanyun People’s Hospital. No generative artificial intelligence tools were used in

the creation of any portion of this manuscript.

Yanan He is co-corresponding author and can be reached via email at he795@purdue.edu.

Funding

This work was supported by the National Natural Science Foundation of China (82571356 to MH).

Data Availability

The datasets used or analyzed during this study are available from the corresponding author upon reasonable request.

Authors’ Contributions
Conceptualization: MH

Data curation: Bingchao Xu, Bei Xu, CZ,GL,GZ,HC,HZ,JL,LL,LK,RY,SD, TL, XH, XZ, YS, ZL

Formal analysis: CZ,HZ,JL,LL, MH, YH
Funding acquisition: MH

Investigation: Bingchao Xu, Bei Xu, CZ,GL,GZ,HC,HZ,JL,LL,LK,RY,SD, TL, XH, XZ, YS, ZL

Project administration: JL
Software: YH

Supervision: MH

Writing — original draft: JL
Writing — review & editing: MH

Conflicts of Interest
None declared.

https://www jmir.org/2025/1/e77858

J Med Internet Res 2025 | vol. 27 177858 | p. 21
(page number not for citation purposes)


https://www.jmir.org/2025/1/e77858

JOURNAL OF MEDICAL INTERNET RESEARCH Lietal

Multimedia Appendix 1

Supplementary tables for development and validation of the Early Neurological Deterioration Risk Assessment System
(ENDRAS) model for predicting early neurological deterioration after intravenous thrombolysis.
[DOCX File (Microsoft Word File), 27 KB-Multimedia Appendix 1]

References

1.

11.

12.

13.

14.

15.

16.

17.

18.

Hacke W, Kaste M, Bluhmki E, et al. Thrombolysis with alteplase 3 to 4.5 hours after acute ischemic stroke. N Engl J
Med. Sep 25,2008;359(13):1317-1329. [doi: 10.1056/NEJM0a0804656]

Fugate JE, Rabinstein AA. Update on intravenous recombinant tissue plasminogen activator for acute ischemic stroke.
Mayo Clin Proc. Jul 2014;89(7):960-972. [doi: 10.1016/j.mayocp.2014.03.001] [Medline: 24775222]

Deguchi I, Takahashi S, Suda S. Effectiveness and limitations of intravenous rt-PA therapy in patients with mild cerebral
infarction. J Atheroscler Thromb. 2025;32(6):661-669. [doi: 10.5551/jat.RV22034]

Seners P, Turc G, Oppenheim C, Baron JC. Incidence, causes and predictors of neurological deterioration occurring
within 24 h following acute ischaemic stroke: a systematic review with pathophysiological implications. J Neurol
Neurosurg Psychiatry. Jan 2015;86(1):87-94. [doi: 10.1136/jnnp-2014-308327]

Saver JL, Altman H. Relationship between neurologic deficit severity and final functional outcome shifts and strengthens
during first hours after onset. Stroke. Jun 2012;43(6):1537-1541. [doi: 10.1161/STROKEAHA.111.636928]

Shah K, Clark A, Desai SM, Jadhav AP. Causes, predictors, and timing of early neurological deterioration and
symptomatic intracranial hemorrhage after administration of IV tPA. Neurocrit Care. Feb 2022;36(1):123-129. [doi: 10.
1007/512028-021-01266-5]

Wahlgren N, Ahmed N, Ddvalos A, et al. Thrombolysis with alteplase for acute ischaemic stroke in the Safe
Implementation of Thrombolysis in Stroke-Monitoring Study (SITS-MOST): an observational study. The Lancet. Jan
2007;369(9558):275-282. [doi: 10.1016/S0140-6736(07)60149-4]

Mori M, Naganuma M, Okada Y, et al. Early neurological deterioration within 24 hours after intravenous rt-PA therapy
for stroke patients: the Stroke Acute Management with Urgent Risk Factor Assessment and Improvement rt-PA Registry.
Cerebrovasc Dis. 2012;34(2):140-146. [doi: 10.1159/000339759] [Medline: 22854333]

Cui Y, Meng WH, Chen HS. Early neurological deterioration after intravenous thrombolysis of anterior vs posterior
circulation stroke: a secondary analysis of INTRECIS. Sci Rep. 2022;12(1). [doi: 10.1038/s41598-022-07095-6]

Yu WM, Abdul-Rahim AH, Cameron AC, et al. The incidence and associated factors of early neurological deterioration
after thrombolysis: results from SITS Registry. Stroke. Sep 2020;51(9):2705-2714. [doi: 10.1161/STROKEAHA.119.
028287] [Medline: 32811373]

He J, Fu F, Zhang W, Zhan Z, Cheng Z. Prognostic significance of the clinical and radiological haemorrhagic
transformation subtypes in acute ischaemic stroke: a systematic review and meta-analysis. Euro J of Neurology. Nov
2022;29(11):3449-3459. [doi: 10.1111/ene.15482]

Yi X, Wang C, Liu P, Fu C, Lin J, Chen Y. Antiplatelet drug resistance is associated with early neurological
deterioration in acute minor ischemic stroke in the Chinese population. J Neurol. Aug 2016;263(8):1612-1619. [doi: 10.
1007/s00415-016-8181-5]

Kim SH, Jeon ET, Yu S, et al. Interpretable machine learning for early neurological deterioration prediction in atrial
fibrillation-related stroke. Sci Rep. 2021;11(1). [doi: 10.1038/s41598-021-99920-7]

Wen R, Wang M, Bian W, et al. Machine learning-based prediction of early neurological deterioration after intravenous
thrombolysis for stroke: insights from a large multicenter study. Front Neurol. 2024;15:1408457. [doi: 10.3389/fneur.
2024.1408457] [Medline: 39314867]

Yang H,Lv Z, Wang W, Wang Y, Chen J, Wang Z. Machine learning models for predicting early neurological
deterioration and risk classification of acute ischemic stroke. Clin Appl Thromb Hemost. 2023;29:10760296231221738.
[doi: 10.1177/10760296231221738] [Medline: 38115694]

Juan L, YananH, Mingli H, Chunyang Z, Han Z, Luming L. ENDRAS: Early Neurological Deterioration Risk
Assessment System. 2024. URL: https://end-risk-assessment-7nvykbgSwyibcybwtg4den .streamlit.app/ [Accessed
2024-11-22]

Sarker IH. Machine learning: algorithms, real-world applications and research directions. SN Comput Sci.
2021;2(3):160. [doi: 10.1007/s42979-021-00592-x] [Medline: 33778771]

Darolia A, Chhillar RS, Alhussein M, Dalal S, Aurangzeb K, Lilhore UK. Enhanced cardiovascular disease prediction
through self-improved Aquila optimized feature selection in quantum neural network & LSTM model. Front Med
(Lausanne). 2024;11:1414637. [doi: 10.3389/fmed.2024.1414637] [Medline: 38966533]

https://www .jmir.org/2025/1/e77858 J Med Internet Res 2025 | vol. 27 1e77858 | p. 22

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=jmir_v27i1e77858_app1.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e77858_app1.docx
https://doi.org/10.1056/NEJMoa0804656
https://doi.org/10.1016/j.mayocp.2014.03.001
http://www.ncbi.nlm.nih.gov/pubmed/24775222
https://doi.org/10.5551/jat.RV22034
https://doi.org/10.1136/jnnp-2014-308327
https://doi.org/10.1161/STROKEAHA.111.636928
https://doi.org/10.1007/s12028-021-01266-5
https://doi.org/10.1007/s12028-021-01266-5
https://doi.org/10.1016/S0140-6736(07)60149-4
https://doi.org/10.1159/000339759
http://www.ncbi.nlm.nih.gov/pubmed/22854333
https://doi.org/10.1038/s41598-022-07095-6
https://doi.org/10.1161/STROKEAHA.119.028287
https://doi.org/10.1161/STROKEAHA.119.028287
http://www.ncbi.nlm.nih.gov/pubmed/32811373
https://doi.org/10.1111/ene.15482
https://doi.org/10.1007/s00415-016-8181-5
https://doi.org/10.1007/s00415-016-8181-5
https://doi.org/10.1038/s41598-021-99920-7
https://doi.org/10.3389/fneur.2024.1408457
https://doi.org/10.3389/fneur.2024.1408457
http://www.ncbi.nlm.nih.gov/pubmed/39314867
https://doi.org/10.1177/10760296231221738
http://www.ncbi.nlm.nih.gov/pubmed/38115694
https://end-risk-assessment-7nvykbq5wyi6cy6wtq4den.streamlit.app/
https://doi.org/10.1007/s42979-021-00592-x
http://www.ncbi.nlm.nih.gov/pubmed/33778771
https://doi.org/10.3389/fmed.2024.1414637
http://www.ncbi.nlm.nih.gov/pubmed/38966533
https://www.jmir.org/2025/1/e77858

JOURNAL OF MEDICAL INTERNET RESEARCH Lietal

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

Nagalakshmi R, Khan SB, Kumar AV, et al. Enhancing drug discovery and patient care through advanced analytics with
the power of NLP and machine learning in pharmaceutical data interpretation. SLAS Technol. Apr 2025;31:100238.
[doi: 10.1016/j.slast.2024.100238] [Medline: 39722407]

Boulenoir N, Turc G, Henon H, et al. Early neurological deterioration following thrombolysis for minor stroke with
isolated internal carotid artery occlusion. Euro J of Neurology. Feb 2021;28(2):479-490. [doi: 10.1111/ene.14541]
Seners P, Ben Hassen W, Lapergue B, et al. Prediction of early neurological deterioration in individuals with minor
stroke and large vessel occlusion intended for intravenous thrombolysis alone. JAMA Neurol. Mar 1,2021;78(3):321.
[doi: 10.1001/jamaneurol.2020.4557]

Wu K, Yuan Z, Chen W, et al. A nomogram predicts early neurological deterioration after mechanical thrombectomy in
patients with ischemic stroke. Front Neurol. 2023;14:1255476. [doi: 10.3389/fneur.2023.1255476] [Medline: 37799278]
Xie X, Xiao J, Wang Y, et al. Predictive model of early neurological deterioration in patients with acute ischemic stroke:
a retrospective cohort study. J Stroke Cerebrovasc Dis. Mar 2021;30(3):105459. [doi: 10.1016/].jstrokecerebrovasdis.
2020.105459]

Vynckier J, Maamari B, Grunder L, et al. Early neurologic deterioration in lacunar stroke: clinical and imaging
predictors and association with long-term outcome. Neurology (ECronicon). Oct 4,2021;97(14):e1437-e1446. [doi: 10.
1212/WNL.0000000000012661] [Medline: 34400585]

Gong P, Zhang X, Gong Y, et al. A novel nomogram to predict early neurological deterioration in patients with acute
ischaemic stroke. Euro J of Neurology. Oct 2020;27(10):1996-2005. [doi: 10.1111/ene.14333]

Tian T, Wang L, Xu J, et al. Prediction of early neurological deterioration in acute ischemic stroke patients treated with
intravenous thrombolysis. J Cereb Blood Flow Metab. Dec 2023;43(12):2049-2059. [doi: 10.1177/0271678X231200117]
Kim JM, Moon J, Ahn SW, Shin HW, Jung KH, Park KY. The etiologies of early neurological deterioration after
thrombolysis and risk factors of ischemia progression. J Stroke Cerebrovasc Dis. Feb 2016;25(2):383-388. [doi: 10.1016/
j.jstrokecerebrovasdis.2015.10.010]

Nam KW, Kim TJ, Lee JS, et al. Neutrophil-to-lymphocyte ratio predicts early worsening in stroke due to large vessel
disease. PLoS One. 2019;14(8):¢0221597. [doi: 10.1371/journal.pone.0221597]

Jeong HG, Kim BJ, Yang MH, Han MK, Bae HJ. Neuroimaging markers for early neurologic deterioration in single
small subcortical infarction. Stroke. Mar 2015;46(3):687-691. [doi: 10.1161/STROKEAHA.114.007466]

Liu H, Liu K, Zhang K, et al. Early neurological deterioration in patients with acute ischemic stroke: a prospective
multicenter cohort study. Ther Adv Neurol Disord. 2023;16:17562864221147743. [doi: 10.1177/17562864221147743]
[Medline: 36710721]

Siegler JE, Boehme AK, Kumar AD, et al. Identification of modifiable and nonmodifiable risk factors for neurologic
deterioration after acute ischemic stroke. J Stroke Cerebrovasc Dis. Oct 2013;22(7):e207-e213. [doi: 10.1016/].
jstrokecerebrovasdis.2012.11.006]

Leonardi-Bee J, Bath PMW, Phillips SJ, Sandercock PAG. Blood pressure and clinical outcomes in the international
stroke trial. Stroke. May 2002;33(5):1315-1320. [doi: 10.1161/01.STR.0000014509.11540.66]

Tsivgoulis G, Katsanos AH, Mandava P, et al. Blood pressure excursions in acute ischemic stroke patients treated with
intravenous thrombolysis. J Hypertens. 2021;39(2):266-272. [doi: 10.1097/HJH.0000000000002628]

He M, Wang H, Tang Y, et al. Blood pressure undulation of peripheral thrombolysis period in acute ischemic stroke is
associated with prognosis. J Hypertens. 2022;40(4):749-757. [doi: 10.1097/HJH.0000000000003070]

He Y, Yang Q, Liu H, et al. Effect of blood pressure on early neurological deterioration of acute ischemic stroke patients
with intravenous rt-PA thrombolysis may be mediated through oxidative stress induced blood-brain barrier disruption
and AQP4 upregulation. J Stroke Cerebrovasc Dis. Aug 2020;29(8):104997. [doi: 10.1016/].jstrokecerebrovasdis.2020.
104997]

Tan C, Zhao L, Dai C, et al. Risk factors related to early neurological deterioration in lacunar stroke and its influence on
functional outcome. Int J Stroke. Jul 2023;18(6):681-688. [doi: 10.1177/17474930221145259]

Semerano A, Laredo C, Zhao Y, et al. Leukocytes, collateral circulation, and reperfusion in ischemic stroke patients
treated with mechanical thrombectomy. Stroke. Dec 2019;50(12):3456-3464. [doi: 10.1161/STROKEAHA.119.026743]
[Medline: 31619153]

Erdener SE, Tang J, Kili¢ K, et al. Dynamic capillary stalls in reperfused ischemic penumbra contribute to injury: a
hyperacute role for neutrophils in persistent traffic jams. J Cereb Blood Flow Metab. Feb 2021;41(2):236-252. [doi: 10.
1177/0271678X20914179]

El Amki M, Gliick C, Binder N, et al. Neutrophils obstructing brain capillaries are a major cause of no-reflow in
ischemic stroke. Cell Rep. Oct 13, 2020;33(2):108260. [doi: 10.1016/j.celrep.2020.108260] [Medline: 33053341]

https://www jmir.org/2025/1/e77858 J Med Internet Res 2025 | vol. 27 1€77858 | p. 23

(page number not for citation purposes)


https://doi.org/10.1016/j.slast.2024.100238
http://www.ncbi.nlm.nih.gov/pubmed/39722407
https://doi.org/10.1111/ene.14541
https://doi.org/10.1001/jamaneurol.2020.4557
https://doi.org/10.3389/fneur.2023.1255476
http://www.ncbi.nlm.nih.gov/pubmed/37799278
https://doi.org/10.1016/j.jstrokecerebrovasdis.2020.105459
https://doi.org/10.1016/j.jstrokecerebrovasdis.2020.105459
https://doi.org/10.1212/WNL.0000000000012661
https://doi.org/10.1212/WNL.0000000000012661
http://www.ncbi.nlm.nih.gov/pubmed/34400585
https://doi.org/10.1111/ene.14333
https://doi.org/10.1177/0271678X231200117
https://doi.org/10.1016/j.jstrokecerebrovasdis.2015.10.010
https://doi.org/10.1016/j.jstrokecerebrovasdis.2015.10.010
https://doi.org/10.1371/journal.pone.0221597
https://doi.org/10.1161/STROKEAHA.114.007466
https://doi.org/10.1177/17562864221147743
http://www.ncbi.nlm.nih.gov/pubmed/36710721
https://doi.org/10.1016/j.jstrokecerebrovasdis.2012.11.006
https://doi.org/10.1016/j.jstrokecerebrovasdis.2012.11.006
https://doi.org/10.1161/01.STR.0000014509.11540.66
https://doi.org/10.1097/HJH.0000000000002628
https://doi.org/10.1097/HJH.0000000000003070
https://doi.org/10.1016/j.jstrokecerebrovasdis.2020.104997
https://doi.org/10.1016/j.jstrokecerebrovasdis.2020.104997
https://doi.org/10.1177/17474930221145259
https://doi.org/10.1161/STROKEAHA.119.026743
http://www.ncbi.nlm.nih.gov/pubmed/31619153
https://doi.org/10.1177/0271678X20914179
https://doi.org/10.1177/0271678X20914179
https://doi.org/10.1016/j.celrep.2020.108260
http://www.ncbi.nlm.nih.gov/pubmed/33053341
https://www.jmir.org/2025/1/e77858

JOURNAL OF MEDICAL INTERNET RESEARCH Lietal

40. Kang L, Yu H, Yang X, et al. Neutrophil extracellular traps released by neutrophils impair revascularization and vascular
remodeling after stroke. Nat Commun. May 19, 2020;11(1):2488. [doi: 10.1038/s41467-020-16191-y] [Medline:
32427863

41. Ye WY, LilJ,LiX,etal. Predicting the one-year prognosis and mortality of patients with acute ischemic stroke using red
blood cell distribution width before intravenous thrombolysis. Clin Interv Aging. 2020;15:255-263. [doi: 10.2147/CIA.
S233701] [Medline: 32110004]

42. XuelJ,Zhang D, Zhang XG, Zhu XQ, Xu XS, Yue YH. Red cell distribution width is associated with stroke severity and
unfavorable functional outcomes in ischemic stroke. Front Neurol. 2022;13:938515. [doi: 10.3389/fneur.2022.938515]
[Medline: 36438973]

43. Saft M, Gonzales-Portillo B, Park YJ, et al. Stem cell repair of the microvascular damage in stroke. Cells.
2020;9(9):2075. [doi: 10.3390/cells9092075]

44. Pierce CN, Larson DF. Inflammatory cytokine inhibition of erythropoiesis in patients implanted with a mechanical
circulatory assist device. Perfusion. Mar 2005;20(2):83-90. [doi: 10.1191/0267659105pf7930a]

Abbreviations
AIS: acute ischemic stroke (AIS)
AUC: area under the receiver operating characteristic curve
CT: computed tomography
CTA: computed tomography angiography
END: early neurological deterioration
ENDRAS: Early Neurological Deterioration Risk Assessment System
IAS: intracranial atherosclerotic stenosis
IVT: intravenous thrombolysis
LAA: large-artery atherosclerosis
NIHSS: National Institutes of Health Stroke Scale
RDW: red cell distribution width
ROC: receiver operating characteristic
SBP: systolic blood pressure
SHAP: Shapley additive explanations
SMOTE: synthetic minority oversampling technique
TOAST: Trial of ORG 10172 in Acute Stroke Treatment

Edited by Andrew Coristine; peer-reviewed by Guodong Xiao, Huanhuan Ren, Kai Liu; submitted 21 .May.2025; accepted
14.0c¢t.2025; published 10.Dec.2025

Please cite as:

Li J, Chang H, Du S, Zhang C, Zhang H, Li L, Kong L, Li G, Liang T, Yang R, Xu B, Zhou X, Zhang G, Sun Y, He X, Xu B,
LiZ HeY,He M

Development and Validation of a Web-Based Machine Learning Model for Predicting Early Neurological Deterioration
Following Stroke Thrombolysis: Multicenter Study

J Med Internet Res 2025,;27:e77858

URL: hitps://www .jmir.org/2025/1/e77858

doi: 10.2196/77858

© Juan Li, Huanxian Chang, Shouyun Du, Chunyang Zhang, Han Zhang, Luming Li, Lingsheng Kong, Guodong Li, Tingt-
ing Liang, Ronghong Yang, Bingchao Xu, Xinyu Zhou, Guanghui Zhang, Yongan Sun, Xiaobing He, Bei Xu, Zaipo Li,
Yanan He, Mingli He. Originally published in the Journal of Medical Internet Research (https://www.jmir.org), 10.Dec.2025.
This is an open-access article distributed under the terms of the Creative Commons Attribution License (https://creative-
commons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium, provided the
original work, first published in the Journal of Medical Internet Research (ISSN 1438-8871), is properly cited. The complete
bibliographic information, a link to the original publication on https://www.jmir.org/, as well as this copyright and license
information must be included.

https://www .jmir.org/2025/1/e77858 J Med Internet Res 2025 | vol. 27 1e77858 | p. 24
(page number not for citation purposes)


https://doi.org/10.1038/s41467-020-16191-y
http://www.ncbi.nlm.nih.gov/pubmed/32427863
https://doi.org/10.2147/CIA.S233701
https://doi.org/10.2147/CIA.S233701
http://www.ncbi.nlm.nih.gov/pubmed/32110004
https://doi.org/10.3389/fneur.2022.938515
http://www.ncbi.nlm.nih.gov/pubmed/36438973
https://doi.org/10.3390/cells9092075
https://doi.org/10.1191/0267659105pf793oa
https://www.jmir.org/2025/1/e77858
https://doi.org/10.2196/77858
https://www.jmir.org
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.jmir.org/
https://www.jmir.org/2025/1/e77858

	Development and Validation of a Web-Based Machine Learning Model for Predicting Early Neurological Deterioration Following Stroke Thrombolysis: Multicenter Study
	Introduction
	Methods
	Study Design and Setting
	Ethical Considerations
	Recruitment
	Data Collection and Outcome Assessment
	Model Development and Validation
	Feature Importance Analysis
	Model Optimization and Selection
	Risk Stratification Analysis
	Statistical Analysis

	Results
	Study Population Screening
	Comparative Analysis of Baseline Characteristics
	Model Development and Performance
	Prospective Validation of ENDRAS

	Discussion
	Comparison With Prior Work
	Principal Results
	Limitations
	Conclusions



