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To enhance thrombolysis eligibility in acute ischemic stroke, we developed a deep learning model 
to estimate stroke onset within 4.5 h using diffusion-weighted imaging (DWI) and fluid-attenuated 
inversion recovery (FLAIR) images. Given the variability in human interpretation, our multimodal 
Res-U-Net (mRUNet) model integrates a modified U-Net and ResNet-34 to classify stroke onset as 
< 4.5 or ≥ 4.5 h. Using DWI and FLAIR images from patients scanned within 24 h of symptom onset, 
the modified U-Net generated a DWI–FLAIR mismatch image, while ResNet-34 performed the final 
classification. mRUNet was evaluated against ResNet-34 and DenseNet-121 on an internal test set 
(n = 123) and two external test sets: a single-center (n = 468) and a multi-center (n = 1151). mRUNet 
achieved an area under the receiver operating characteristic curve (AUC-ROC) of 0.903 on the internal 
set and 0.910 and 0.868 on external sets, significantly outperforming ResNet-34 and DenseNet-121. 
Our mRUNet model demonstrated robust and consistent classification of the 4.5-h onset-time window 
across datasets. By leveraging DWI and FLAIR images as a tissue clock, this model may support timely 
and individualized thrombolysis in patients with unclear stroke onset, such as those with wake-up 
stroke, in clinical settings.
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Acute ischemic stroke, resulting from sudden disruption of focal brain perfusion, imposes a significant 
burden on global mortality and disability1,2. The prognosis of acute ischemic stroke heavily depends on earlier 
reperfusion through timely intravenous thrombolysis, which is recommended within 4.5 h of symptom onset3–5. 
Yet approximately 35% of patients who experience strokes during sleep are unaware of the precise onset time6–9, 
resulting in their exclusion from thrombolysis according to international guidelines5,10. Previous clinical 
trials have reported inconsistent outcomes regarding the efficacy of thrombolysis beyond the 4.5-h window, 
underscoring the heterogeneity of patient responses and the importance of individualized decision-making 
in cases of unclear onset time11,12. The TRACE-III trial demonstrated improved functional outcomes with 
imaging-guided tenecteplase administration beyond the midpoint of sleep11, whereas the TIMELESS trial found 
no significant benefit of thrombectomy plus tenecteplase up to 24 h from last known well11,12.
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Multiparametric magnetic resonance imaging (MRI) encompassing sequences differentially responsive to 
tissue pathology has aided in the estimation of unknown stroke-onset time13–15. Diffusion-weighted imaging 
(DWI) can rapidly reveal a reduced apparent diffusion coefficient (ADC) in ischemic lesions within minutes 
of stroke onset, whereas fluid-attenuated inversion recovery (FLAIR) detects increased water content within 
1–4 h16–18. Per the 2019 guidelines, DWI–FLAIR mismatch (evidence level IIa), where an acute lesion is visible 
on DWI but not on FLAIR, can indicate that stroke onset occurred within 4.5 h or not, identifying potential 
candidates for thrombolysis6,15,19–21. Yet, human interpretation of mismatched DWI–FLAIR signals, which relies 
on dichotomized lesion visibility with inter-rater variability, may not consistently indicate stroke onset within 
4.5 h15,19,21.

Machine and deep learning methods have been increasingly used to identify unclear stroke onset based on 
medical images22,23. Previously, machine learning algorithms predicted time since stroke onset using radiomic 
features extracted from DWI and FLAIR sequences as well as segmented lesions on DWI22,23. The MR-based 
deep learning algorithms classified time since stroke onset comparably to radiologists’ assessments on DWI–
FLAIR mismatch and outperformed three machine learning models24,25. The convolutional neural network 
(CNN) is a recognized deep learning model for efficiently interpreting the complex brain imaging data26,27. 
Specifically, U-Net is renowned for its effectiveness in semantic segmentation and spatial localization for medical 
imaging analysis28,29. ResNet-34, which enables deep residual learning through skip connections and minimizes 
the vanishing-gradient problem, facilitates enhances diagnostic perforamance through image recognition30,31.

We postulated that leveraging deep learning using U-Net and ResNet-34 architectures could effectively 
uncover hidden clinical features in DWI and FLAIR images, aiding in estimating the unknown onset of ischemic 
stroke. We proposed a multimodal Res-U-Net (mRUNet) model that combines a modified U-Net and ResNet-34 
to classify the 4.5-h stroke-onset window for thrombolysis. Using DWI and FLAIR within 24 h of symptom onset 
(n = 487), U-Net—modified by eliminating copy-and-crop connections—generates a DWI–FLAIR mismatch 
image, and ResNet-34 performs the final classification. The performance of the mRUNet model was thoroughly 
evaluated compared to those of ResNet-34 and DenseNet-121 in the internal test set (n = 123). Our proposed 
model’s performance was further validated on the external test set 1 (single-center, n = 468) and external test set 
2 (multi-center, n = 1151).

Results
Onset time classification in the training set
The classification performance of our mRUNet model, along with two other deep learning models—ResNet-34 
and DenseNet-121—on the training set (n = 487), are summarized in Table 1. In the training set, a fivefold 
cross-validation of the proposed mRUNet model yielded superior performance compared to ResNet-34 and 
DenseNet-121 with respect to area under the receiver operating characteristic curve (AUC-ROC), accuracy, 
specificity, negative predictive value (NPV), positive predictive value (PPV), and F1 score. The mRUNet model 
attained a mean AUC of 0.951 (95% CI 0.905–0.989), with a sensitivity of 0.921 and a specificity of 0.840. 
Conversely, the ResNet-34 model had a mean AUC-ROC of 0.888 (95% CI 0.806–0.951), with a sensitivity of 
0.947 and a specificity of 0.680, and DenseNet-121 had a mean AUC-ROC of 0.835 (95% CI 0.756–0.908), with 
a sensitivity of 0.952 and a specificity of 0.609 (Table 1 and Fig. 1a).

Onset time classification in the internal test set
The classification results of the proposed mRUNet model in the internal test set (n = 123) are summarized, 
along with those of ResNet-34 and DenseNet-121 in Table 1 and Fig. 1b. For the internal test set (n = 123), the 
classification performance was higher for our mRUNet model than for ResNet-34 and DenseNet-121 regarding 
evaluation metrics other than sensitivity and NPV (Table 1). The mean AUC-ROC for the mRUNet model was 
0.903 (95% CI 0.835–0.959), which significantly higher than for that for ResNet-34 (0.768; 95% CI 0.670–0.853; 

Dataset Model AUC-ROC Accuracy Sensitivity Specificity NPV PPV F1 score

Training set (n = 487)

mRUNet 0.951 0.875 0.921 0.840 0.933 0.814 0.864

ResNet-34 0.888 0.795 0.947 0.680 0.944 0.692 0.800

DenseNet-121 0.835 0.773 0.952 0.609 0.933 0.690 0.800

Internal test set (n = 123)

mRUNet 0.903 0.854 0.825 0.883 0.828 0.881 0.852

ResNet-34 0.768 0.707 0.984 0.417 0.962 0.639 0.775

DenseNet-121 0.790 0.732 0.841 0.617 0.787 0.697 0.763

External test set 1 (n = 468) mRUNet 0.910 0.863 0.863 0.863 0.863 0.863 0.863

External test set 2 (n = 1151) mRUNet 0.868 0.820 0.826 0.813 0.803 0.836 0.831

Table 1.  Classification performance of the proposed multimodal Res-U-Net model. Classification 
performance of the proposed multimodal Res-U-Net model (mRUNet) was evaluated using AUC-ROC, 
accuracy, sensitivity, specificity, NPV, PPV, and F1 score. In the training set (n = 487) and internal test set 
(n = 123), the performance of mRUNet was compared with that of the ResNet-34 and DenseNet-121, the 
previously validated deep learning algorithms. Additionally, mRUNet’s performance was evaluated in 
external test set 1 (n = 468) and external test set 2 (n = 1151). AUC-ROC, area under the receiver operating 
characteristic curve; DWI, diffusion-weighted imaging; FLAIR, fluid-attenuated inversion recovery; mRUNet, 
multimodal Res-U-Net; NPV, negative predictive value; PPV, positive predictive value.
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p = 0.007) and DenseNet-121 (0.790; 95% CI 0.760–0.867; p = 0.011), as shown by the DeLong test (Table 1 and 
Fig. 1b).

The mRUNet model had an accuracy of 0.854, with a sensitivity of 0.825 and a specificity of 0.883, an NPV 
of 0.828, a PPV of 0.881, and an F1 score of 0.852. In contrast, the ResNet-34 algorithm achieved an accuracy of 
0.707, with a sensitivity of 0.984 and a specificity of 0.417, an NPV of 0.962, a PPV of 0.639, and an F1 score of 
0.775. The DenseNet-121 algorithm achieved an accuracy of 0.732, with a sensitivity of 0.841 and a specificity of 
0.617, an NPV of 0.787, a PPV of 0.697, and an F1 score of 0.763.

Onset time classification in the external test sets
Our mRUNet model demonstrated outstanding and consistent performance of classification across two external 
tests sets (external test set 1, n = 468; external test set 2, n = 1151) as indicated in Table 1 and Fig. 1c,d.

Fig. 1.  Classification performance of the proposed multimodal Res-U-Net model. (A) In the training set 
(n = 487), mRUNet achieved an AUC of 0.951 (95% CI 0.905–0.989), outperforming ResNet-34 (AUC, 
0.888; 95% CI 0.806–0.951) and DenseNet-121 (AUC, 0.835; 95% CI 0.756–0.908). (B) In the internal test 
set (n = 123), mRUNet achieved an AUC of 0.903 (95% CI 0.835–0.959), significantly higher than ResNet-34 
(AUC, 0.768; 95% CI 0.670–0.853; p = 0.007) and DenseNet-121 (AUC, 0.790; 95% CI 0.760–0.867; p = 0.011). 
(C) In the external test set 1 (n = 468, single-center cohort), mRUNet achieved an AUC of 0.910 (95% 
CI 0.883–0.935), significantly higher than ResNet-34 (AUC, 0.790; 95% CI 0.744–0.833; p < 0.001) and 
DenseNet-121 (AUC, 0.814; 95% CI 0.775–0.853; p < 0.001). (D) In the external test set 2 (n = 1151, multi-
center cohort), mRUNet achieved an AUC of 0.868 (95% CI 0.848–0.888), significantly outperforming 
ResNet-34 (AUC, 0.805; 95% CI 0.777–0.830; p < 0.001) and DenseNet-121 (AUC, 0.808; 95% CI 0.783–0.832; 
p < 0.001). AUC-ROC, area under the receiver operating characteristic curve; CI, confidence interval; mRUNet, 
multimodal Res-U-Net.
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The clinical trial using the single center-based external test set 1 (n = 468) showed that the mRUNet model 
attained a mean AUC-ROC of 0.910 (95% CI 0.883–0.935), which was significantly higher than that of ResNet-34 
(0.790; 95% CI 0.744–0.833; p < 0.001) and DenseNet-121 (0.814; 95% CI 0.775–0.853; p < 0.001), as determined 
by the DeLong test. The mRUNet attained a sensitivity of 0.863 and a specificity of 0.863, an accuracy of 0.863, 
an NPV of 0.863, a PPV of 0.863, and a F1 score of 0.863 (Table 1 and Fig. 1c).

In the multi center-based external test set 2 (n = 1151), the proposed mRUNet model achieved a mean AUC-
ROC of 0.868 (95% CI 0.848–0.888), which was significantly higher than for that of ResNet-34 (0.805; 95% CI 
0.777–0.830; p < 0.001) and DenseNet-121 (0.808; 95% CI 0.783–0.832; p < 0.001), as determined by the DeLong 
test. The mRUNet model attained a sensitivity of 0.826 and a specificity of 0.813, an accuracy of 0.820, a NPV of 
0.803, a PPV of 0.836, and a F1 score of 0.831 (Table 1 and Fig. 1d).

Critical regions for onset-time classification using Grad-CAM
The Grad-CAM results showed that the proposed model focused on the ischemic lesions when classifying 
stroke-onset time. The model’s attention to the lesions of the DWI images progressively expanded to include 
those in both the DWI and FLAIR images as the time since stroke onset increased (Fig. 2).

Discussion
In our mRUNet model, a DWI–FLAIR mismatch image is generated by the U-Net, modified by eliminating 
copy-and-crop connections, and ResNet-34 performs the classification of stroke onset within 4.5  h. The 
proposed mRUNet model demonstrated superior performance in classifying the 4.5-h stroke-onset time 
window compared to that of the previously validated ResNet-34 and DenseNet-121 deep learning algorithms. 
Our mRUNet model showed high reliability and generalizability in classifying stroke onset within or beyond the 
4.5-h treatment window across diverse clinical datasets, enabling rapid identification of thrombolysis-eligible 
patients in emergency settings. By leveraging DWI and FLAIR as a tissue clock, our model enhances stroke-
onset estimation especially in cases of unknown or unclear onset, such as wake-up strokes, facilitating timely and 
individualized interventions for acute ischemic stroke.

The observed high AUC-ROC, accuracy, and F1 score (> 0.85) underscore our model’s reliable and balanced 
classification of stroke-onset time. In contrast, although the ResNet-34 and DenseNet-121 models had high 
sensitivity (> 0.80), they demonstrated low specificity (< 0.65), leading to their relatively high false-positive 
rates. Incorrectly identifying stroke-onset time as within 4.5  h (false positive) may lead to an inappropriate 
decision to administer thrombolysis, increasing the risk of intracranial hemorrhage1,2. In the classification of 
stroke-onset time, our mRUNet model (AUC-ROC, 0.903; sensitivity, 0.825, specificity, 0.883) outperformed 
both human visual assessment of DWI–FLAIR mismatch and previously validated algorithms21–23,25,32. Previous 

Fig. 2.  Critical regions for onset-time classification using Grad-CAM. Grad-CAM was applied to the lesion 
images extracted from the b1000 volumes of the diffusion-weighted imaging (DWI) or fluid-attenuated 
inversion recovery (FLAIR) images. Lesion regions marked with higher values, closer to red on the map, 
indicate a greater contribution to onset-time classification. (A) The Grad-CAM results are indicated for the 
stroke-onset time of 2.3 h (< 4.5 h). (B) The Grad-CAM results are indicated for the stroke-onset time of 5.8 h 
(> 4.5 h). (C) The Grad-CAM results are indicated for the stroke-onset time of 18.7 h (> 4.5 h). Grad-CAM, 
gradient-weighted class activation mapping; hrs, hours; DWI, diffusion-weighted imaging; FLAIR, fluid-
attenuated inversion recovery.
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classification based on visual inspection of DWI–FLAIR mismatch yielded sensitivity values of 0.49–0.62 and 
specificity values of 0.78–0.9121,22.

Previous machine learning models for classifying stroke onset within 4.5 h —including random forest (RF), 
logistic regression (LR), and support vector machine (SVM)—have reported a wide range of performance, 
with AUC-ROCs between 0.62 and 0.89, sensitivities between 0.51 and 0.95, and specificities between 0.29 
and 0.9122,23,25,32–35. Specifically, RF, LR, and SVM models analyzing DWI and FLAIR images showed higher 
sensitivity (up to 75.8%) compared to human readers22. An SVM with a radial basis function kernel achieved 
high internal (AUC-ROC, 0.896) and external (AUC-ROC, 0.895) validation performance for classifying wake-
up stroke patients33. Similarly, a radiomics-based RF model achieved an AUC-ROC of 0.840 with a specificity 
of 0.91425,32,34. A radiomics-based model using DWI and ADC maps achieved an AUC-ROC of 0.754 and a 
sensitivity of 0.952, enhancing clinical applicability via a prototype web platform for real-world validation35. 
An automated machine learning approach combining cross-modal CNN-based lesion segmentation and 
feature extraction from DWI and FLAIR achieved an accuracy of 0.805, outperforming human assessments23. 
Compared with previous machine learning models, the mRUNet model achieved higher AUC-ROCs (0.868–
0.910) and maintained balanced sensitivity (0.825–0.863) and specificity (0.813–0.883) across internal and 
external datasets, suggesting more robust and clinically applicable performance.

Recent deep learning advances in neuroimaging have automated and improved the classification of the 4.5-h 
thrombolysis window, demonstrating performance exceeding that of human experts, particularly in cases with 
uncertain onset times and varied imaging modalities25,32,36,37. A deep learning model using perfusion-weighted 
imaging improved stroke-onset classification with an AUC-ROC of 0.68, compared to a clinical baseline of 
0.5836. A ResNet-34-based model attained an accuracy of 0.726, a sensitivity of 0.712, and a specificity of 0.74125. 
Semi-supervised learning with a tissue clock framework detected DWI–FLAIR mismatch with an AUC-ROC 
of 0.74332. A synchronized dual-stage network, which jointly optimized infarct segmentation and time-since 
stroke classification using DWI and FLAIR in a parallel architecture, achieved an AUC-ROC of 0.879 and an 
accuracy of 0.800, outperforming sequential models37. Deep learning models offer the advantage of automatically 
extracting complex, non-linear relationships from high-dimensional inputs, while enhancing interpretability 
through gradient-based or feature-based visualization techniques36,38.

Advances in stroke therapy have introduced bridging therapy, involving the sequential application of 
intravenous thrombolysis followed by mechanical thrombectomy to optimize reperfusion outcomes39,40. 
Mechanical thrombectomy, performed with or without prior thrombolysis, has extended the treatment 
window to 6–24 h after onset and significantly improved outcomes in patients with acute ischemic stroke39,40. 
Developments in computed tomography (CT) perfusion, CT/MR angiography, and MRI penumbra imaging, 
coupled with the integration of artificial intelligence, have refined patient selection and expedited procedural 
planning41,42. Deep learning models, such as a CNN trained on CT perfusion features, have achieved high 
performance in predicting endovascular thrombectomy eligibility (AUC-ROC, 0.935), outperforming traditional 
machine learning methods41. The present study focused on identifying candidates for intravenous thrombolysis 
within the 4.5-h therapeutic window based on DWI and FLAIR imaging, constrained by the absence of vascular 
imaging modalities and limited documentation of vessel status and mechanical thrombectomy outcomes. Future 
work will aim to integrate vascular imaging techniques along with clinical outcome data to extend the model’s 
applicability to mechanical thrombectomy selection and bridging therapy strategies39,41,42.

Notably, our modified U-Net architecture, with copy-and-crop connections eliminated from the traditional 
architecture, effectively integrated six preprocessed DWI and FLAIR images co-registered with lesion maps into 
a single representative DWI–FLAIR mismatch image. This DWI–FLAIR mismatch image, functioning as a tissue 
clock, encompasses the multidimensional trajectory and pathophysiology of ischemic stroke lesions, facilitating 
stroke-onset classification through the ResNet-34 architecture6,15,19–21. Our mRUNet model, which combined 
the modified U-Net and ResNet-34 deep neural architectures, is designed to interpret complicated multimodal 
images through deep computational layers, for precise stroke-onset classification26,27. Our architecture 
incorporates the strengths of the traditional U-Net in semantic feature extraction of medical images and those 
of ResNet-34 in deep residual learning with skip connections and computation efficiency28–31. Confirming 
the DWI-FLAIR mismatch as a tissue clock, the model’s attention to lesions in the DWI images progressively 
extended to those in both the DWI and FLAIR images as the time since stroke-onset increased. 

Our proposed mRUNet model has several notable advantages. First, it showed high generalizability and 
reliability, achieving robust stroke-onset classification within the 4.5-h time window across three test sets. In a 
single-center retrospective study, an unbiased researcher confirmed the model’s high classification performance 
(AUC-ROC, 0.910) using external test set 1. Additionally, the model exhibited satisfactory performance (AUC-
ROC, 0.868) in the multi-center external test set 2, which included younger patients and those with more severe 
stroke symptoms than those in external test set 1. These results highlight the model’s effectiveness in reliably 
classifying stroke-onset time across heterogeneous datasets with varying demographics, clinical characteristics, 
and imaging conditions43,44. Second, our model has high applicability in real-world clinical settings, particularly 
for patients with ischemic stroke lesions of varying locations and sizes. Our dataset included patients with 
multiple lesions, lesions outside the middle cerebral artery territories and even those with very small lesion 
volumes. Our proposed model, designed for enhanced efficacy, relies exclusively on clinically essential MR 
images, particularly the DWI and FLAIR sequences acquired within 24 h of onset. This tissue clock may facilitate 
reliable onset-time classification in clinical practice by minimizing subjective bias in data acquisition arising 
from variations in patient reports and clinician evaluation25,32,36,37.

The following limitations should be considered when interpreting the study results. First, we excluded patients 
with severe leukoaraiosis or suboptimal image quality, which may have produced incorrect FLAIR signals. This 
exclusion may have introduced selection bias and limited the model’s applicability to stroke populations with 
comorbid white matter disease45,46. Second, restricting the study cohort to individuals who underwent both 
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DWI and FLAIR imaging within 24 h of symptom onset ensured accurate ground truth labeling; however, it may 
reduce the generalizability of the findings to broader stroke populations in which such imaging protocols are 
not routinely performed45,46. Third, although DWI lesion boundaries were initially delineated by an extensively 
trained neurological nurse specialist and subsequently reviewed by two board-certified neurologists to minimize 
inter-observer variability and emulate real-world clinical workflows, the initial reliance on a non-physician 
observer may have introduced a degree of subjectivity45,47.

Although our model showed robust classification within the critical 4.5-h stroke-onset window —the 
established optimal therapeutic window for thrombolysis—future studies are needed to expand stroke-onset 
estimation across broader time windows to enable more individualized and flexible treatment strategies3,4. 
This need is underscored by recent clinical trials: TRACE-III showed improved outcomes with imaging-
guided tenecteplase treatment beyond sleep onset, whereas TIMELESS did not demonstrate significant benefit 
for thrombectomy combined with tenecteplase up to 24 h after the last known well11,12. Additionally, further 
validation is required across a wider range of acute stroke interventions, including mechanical thrombectomy, 
bridging therapy, and real-time deployment in emergency settings39,40,48. Finally, as our model was developed 
using six multimodal inputs derived from preprocessed DWI, FLAIR, and manually delineated lesion maps, 
future efforts should focus on automating the entire workflow from raw imaging to output, thereby improving 
cost-effectiveness and clinical applicability.

Our proposed mRUNet model, utilizing integrated DWI and FLAIR mismatch images, outperformed 
ResNet-34 and DenseNet-121 in classifying stroke onset within the 4.5-h window, showing high generalizability 
and reliability across internal and external test sets. The mRUNet model allows emergency department 
clinicians to rapidly identify thrombolysis-eligible patients by determining whether stroke onset occurred 
within the previous 4.5 h, particularly in cases with unknown or unclear onset times, such as wake-up strokes. 
These findings suggest that DWI and FLAIR images capture the intricate pathophysiology of ischemic lesions, 
serving as a promising tissue clock for stroke-onset estimation. Our mRUNet model, utilizing clinical MR 
sequences enhances our understanding of individual lesion timing and trajectory, contributing to the accurate 
determination of symptom onset within the 4.5-h window. This capability will empower clinicians to make 
informed decisions on tailored interventions, emphasizing the clinical utility of DWI and FLAIR mismatch as 
a clinical tissue clock.

Methods
Internal dataset
This study retrospectively evaluated patients with acute ischemic stroke who visited Asan Medical Center, Seoul, 
South Korea between January 2013 and November 2017 (n = 1974). Among these patients, those who underwent 
both DWI and FLAIR sequences of brain MRI within 24 h of symptom onset were included (n = 1055). Moreover, 
45 patients with unclear onset time and 319 patients with unknown onset time—those lacking identical last 
known normal time and first observed abnormal time—were excluded, leading to the inclusion of 691 patients. 
After visually examining the MRI images, 81 patients having acute lesions within the extensive leukoaraiosis or 
low image quality for analysis were excluded. This resulted in the inclusion of 610 patients in the internal dataset 
(Fig. 3).

The final 610 patients were split into a training set (n = 487) and a test set (n = 123) at an 8:2 ratio, without 
overlapping patients. The characteristics of the internal dataset (n = 610) are summarized in Table 2. The training 
(n = 487) and test (n = 123) sets showed nonsignificant differences regarding age, sex, National Institutes of Health 
Stroke Scale (NIHSS) score on admission, and time from stroke to MRI (Table 1). The study was conducted in 
accordance with the Declaration of Helsinki. The study protocol was approved by the Institutional Review Board 
of Asan Medical Center (IRB No. 2013-0162). The requirement for written informed consent was waived by the 
Institutional Review Board of Asan Medical Center due to the retrospective nature of the study.

External dataset
Two external test sets were used to validate the reproducibility of the proposed mRUNet model. The first external 
test set comprised 468 patients who visited Asan Medical Center from January 2017 to March 2022. A single-
blind retrospective clinical trial (IRB No. 2023-0762) was conducted to assess the performance of our mRUNet 
model integrated into the Stroke Onset Time Artificial Intelligence (SOTA) software in classifying the 4.5-h time 
window for stroke onset. The second test set was retrospectively chosen from the Korean Stroke Neuroimaging 
Initiative (KOSNI) database, and comprised 1151 patients who had visited eight tertiary stroke centers in South 
Korea, excluding Asan Medical Center, between January 2013 and December 2016.

Participants in the external test sets were selected based on three specific inclusion criteria: age ≥ 20 years 
with a diagnosis of acute ischemic stroke by a medical professional; clearly defined symptom onset time; and 
DWI and FLAIR data free of substantial artifacts and acquired within 24 h of symptom onset.

The clinical characteristics of the two external test sets are summarized in Table 2. The external test set 2 
included patients with older age (p = 0.005) and higher NIHSS scores on admission (p < 0.001) than those in the 
external test set 1. There were no significant differences in sex or time from stroke onset to MRI between the two 
external test sets (Table 2).

Image processing and infarct segmentation
Every patient with acute ischemic stroke underwent DWI and FLAIR sequences on brain MRI scans. ADC maps 
were generated automatically from the DWI scans using built-in software, and Python version 3.8.10 was used to 
extract the three-dimensional (3D) b0 and b1000 volumes from the 4D DWI images.

The ischemic stroke lesion for each patient was manually segmented and inspected by neurologists. Prior 
to the main annotation process, a neurological nurse specialist with extensive experience in stroke imaging 
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Internal dataset External dataset

Training set Internal test set

p

External test set 1 External test set 2

p(n = 487) (n = 123) (n = 468) (n = 1151)

Age (years) 68 (58–74) 69 (60–76) 0.230 67 (58–76) 70 (61–77) 0.005

Male (number) 321 (65.9) 84.0 (68.3) 0.670 281 (60.0) 679 (59.0) 0.738

NIHSS score on admission 3 (1–6) 3 (1–6) 0.549 3 (1–6)1 5 (2–12) < 0.001

Time from stroke to MRI (minutes) 408 (144–1094) 393 (174–892) 0.722 272 (122.5–850) 248 (145–880) 0.243

Table 2.  Characteristics of the study participants. Data are indicated in median (interquartile range) for 
continuous variables and number (%) for categorical variables. Continuous variables were compared using 
Mann–Whitney U test. Categorical variables were compared using Fisher’s exact test. 1NIHSS score on 
admission is unavailable for one patient. MRI, magnetic resonance imaging; NIHSS, National Institutes of 
Health Stroke Scale.

 

Fig. 3.  Flowchart of the study population in the internal dataset. A flowchart of the study population and 
process is presented for the internal dataset. This dataset included 610 patients with acute ischemic stroke who 
had undergone proper diffusion-weighted imaging (DWI) and fluid-attenuated inversion recovery (FLAIR) 
scans within 24 h of a clearly defined symptom onset. The patients were divided into training (n = 487) and test 
(n = 123) sets at an 8:2 ratio. DWI, diffusion-weighted imaging; FLAIR, fluid-attenuated inversion recovery.
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(Gayoung Park), blinded to stroke-onset information, performed preliminary delineations on several sample 
cases, which were reviewed and approved by two board-certified stroke neurologists. She then manually 
delineated the lesion boundaries on b1000 images using MRIcron software, identifying lesions as hyperintense 
on b1000 and hypointense on ADC. Various tools within MRIcron, including the 3D fill tool, pen tool, and closed 
pen tool, were used for manual delineation. The resulting lesion masks were saved in both volume-of-interest 
and NIfTI file formats. Subsequently, two board-certified stroke neurologists (Eun-Jae Lee and Dong-Wha 
Kang) independently reviewed the lesion masks and reached a consensus after applying necessary corrections 
where discrepancies were identified. The manually delineated binary lesion masks were linearly registered to the 
Montreal Neurological Institute (MNI) 152 standard space.

DWI and FLAIR images underwent the following preprocessing steps: initially, b0, b1000, ADC, and 
FLAIR images were skull-stripped using FreeSurfer version 7.4.1 and corrected for N4 bias field inhomogeneity 
by ANTs version 2.4.4. Subsequently, FLAIR images were co-registered to the b0 image (FLAIR_b0). The 
midsagittal plane of each FLAIR_b0 image was registered to the standard space through warping based on the 
inverse deformation. To facilitate quantitative comparisons between infarct regions and the contralateral side, 
ratio maps were generated by mirroring the images along the fitted midsagittal plane (FLAIR_b0_ratiomap). 
Intensity normalization, using z-score transformation, was applied to b0, b1000, ADC, and FLAIR_b0 images. 
Additionally, b1000 images were subjected intensity-based k-means clustering for categorization into three 
subgroups (b1000_k3). Processed DWI (b0, b1000, b1000_k3, ADC) and FLAIR images (FLAIR_b0, FLAIR_
b0_ratiomap) were then linearly registered into the MNI 152 standard space. The six images in the standard space 
were co-registered to the binary lesion mask in the standard space, serving as inputs for subsequent modeling.

Onset time classification model: multimodal Res-U-Net
We developed a mRUNet architecture that integrates a modified 3D U-Net and ResNet-34 to classify stroke-
onset time within the 4.5-h therapeutic window. A schematic illustration of the proposed model is shown in 
Fig. 4.

The input consists of six preprocessed 3D multimodal images (91 × 109 × 70), derived from DWI and FLAIR 
sequences and co-registered with lesion maps. These six images are combined as six input channels, and fed into 
the network.

The baseline U-Net architecture consists of a symmetric structure comprising a contracting path and an 
expanding path for semantic feature extraction and spatial information recovery28. The contracting path 
applies repeated 3 × 3 × 3 convolutions with rectified linear unit (ReLU) activations, followed by 2 × 2 × 2 max 
pooling layers for downsampling. The expanding path restores spatial resolution through 2 × 2 × 2 transposed 
convolutions, combined with 3 × 3 × 3 convolutions and ReLU activations, culminating in a 1 × 1 × 1 convolution 
at the output layer. Copy-and-crop connections are traditionally employed to concatenate high-resolution 
features from the contracting path to the expanding path, preserving spatial precision.

In the proposed modification, the copy-and-crop connections were removed to focus the model on capturing 
global intensity differences rather than fine-grained spatial structures. Preserving detailed spatial information 
was unnecessary for the DWI–FLAIR mismatch detection task and could introduce redundant noise. Removing 
these connections promoted deeper semantic feature learning and improved generalization across heterogeneous 

Fig. 4.  Overview of the proposed mRUNet architecture for stroke-onset time classification. Six preprocessed 
3D multimodal images (DWI and FLAIR) are used as a six-channel input. A modified U-Net, consisting of 
contracting and expanding paths without copy-and-crop connections, generates a single 3D DWI–FLAIR 
mismatch image by focusing on global intensity differences. This mismatch image is then processed by a 3D 
ResNet-34, which extracts high-level semantic features through sequential residual blocks. After global average 
pooling and a fully connected layer with 300 units, a softmax output predicts whether stroke onset occurred 
within 4.5 h. 3D, three-dimensional; DWI, diffusion-weighted imaging; FLAIR, fluid-attenuated inversion 
recovery; mRUNet, multimodal Res-U-Net.
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datasets. The modified U-Net outputs a single three-dimensional DWI–FLAIR mismatch image, which serves as 
input for the subsequent classification stage.

The DWI–FLAIR mismatch image is then processed by a 3D ResNet-34 network30. The ResNet-34 begins 
with a 7 × 7 × 7 convolutional layer followed by max pooling and consists of four sequential residual stages. The 
first residual stage contains three residual blocks with 64 filters, the second stage contains four residual blocks 
with 128 filters, the third stage includes six residual blocks with 256 filters, and the final stage consists of three 
residual blocks with 512 filters. Each residual block comprises two 3 × 3 × 3 convolutional layers, each followed 
by batch normalization and a ReLU activation function. Skip connections within residual blocks enable efficient 
gradient propagation, mitigating the vanishing-gradient problem commonly encountered in deep networks. 
After the final residual stage, global average pooling aggregates the feature maps into a compact representation, 
which is then passed through a fully connected layer with 300 hidden units. A softmax activation function 
produces the final probability estimate for stroke-onset time being within the 4.5-h window.

Model training and evaluation
The proposed model was implemented in PyTorch and trained on two RTX 3090 GPUs with a batch size of 4. 
Adaptive moment estimation (Adam) was used as the optimizer, with a learning rate of 0.000149. Early stopping 
was applied if the validation loss did not improve over 100 consecutive epochs, with a maximum training limit 
of 1,000 epochs.

For labeling, patients were categorized into two groups: those imaged at <  4.5  h from known symptom 
onset were assigned a positive label, and those imaged at ≥ 4.5 h were assigned a negative label. A fivefold cross-
validation scheme was employed to compare the performance of different methods. In each fold, the dataset was 
randomly split into a training set (80%) and a hold-out evaluation set (20%), which we refer to as the internal test 
set to distinguish it from the separate external test sets used for generalizability assessment. Each algorithm was 
trained on four folds and evaluated on the remaining fold (internal test set). The optimal algorithm was selected 
by averaging performance metrics across the five internal test sets.

Classification performance for 4.5-h stroke-onset time window was assessed using multiple evaluation 
metrics, including the AUC-ROC, accuracy, sensitivity, specificity, NPV, PPV, and F1 score. The 95% confidence 
intervals (CIs) for the AUC-ROC were estimated using a bootstrapping method with 1000 resamples. The 
calculation formulas were defined as follows:

	
Area under the Receiver Operating Characteristic Curve (AUC-ROC) =

∫ 1

0
Sensitivity d(1 − Specificity)

	
Accuracy = True Positive + True Negative

True Positive + True Negative + False Positive + False Negative

	
Sensitivity = True Positive

True Positive + False Negative

	
Specificity = True Negative

True Negative + False Positive

	
Negative Predictive Value (NPV) = True Negative

True Negative + False Negative

	
Positive Predictive Value (PPV) = True Positive

True Positive + False Positive

	
F1 Score = 2 × Precision × Recall

Precision + Recall
= 2 × True Positive

2 × True Positive + False Positive + False Negative

Model evaluation was conducted across three test sets: an internal test set (n = 123) from the same institution, 
and two external test sets, including a single-center cohort (external test set 1, n = 468) and a multi-center 
cohort (external test set 2, n = 1151). ROC curve thresholds were determined using the Youden index 
(sensitivity + specificity − 1). Pairwise comparisons of the AUC-ROCs between mRUNet and ResNet-34, and 
between mRUNet and DenseNet-121, were performed using the DeLong test.

Explainability analysis
To provide interpretability of the model’s predictions, Gradient-weighted Class Activation Mapping (Grad-
CAM) was applied50. Grad-CAM heatmaps were generated to visualize the ischemic regions contributing most 
significantly to the classification decision. Heatmaps were produced for lesion areas extracted from b1000 
volumes of DWI and FLAIR images. Three representative cases with varying lesion sizes and stroke-onset 
times were selected. Grad-CAM scores were normalized between 0 and 1, with higher scores (visualized in red) 
indicating greater contributions to the onset-time classification.

Statistical analyses
Demographic and clinical characteristics were compared between the training and internal test sets as well 
as between external test set 1 and external test 2. Data normality was first assessed using Shapiro–Wilk test. 
Continuous variables, showing a non-parametric distribution, were compared using the Mann–Whitney U test, 
while categorical variables were compared using Fisher’s exact test. AUC-ROC values were compared between 
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models using the DeLong test, for pairwise comparisons between mRUNet and ResNet-34, and between 
mRUNet and DenseNet-121. Statistical analyses were conducted using STATA SE version 16 (StataCorp, College 
Station, TX). All tests were two-sided, with a significance threshold of p < 0.05.

Data availability
Data collected for this study can be made available (in the form of any or all of the de-identified data in the study 
database, study protocol, statistical analysis plan, and analytic code) to researchers who provide a methodolog-
ically sound research proposal to assist with achieving the aims in the approved proposal. Data will be available 
from the time of publication of the Article in print upon reasonable request. Proposals should be directed to the 
corresponding author.
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