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Abstract

Background: Acute ischemic stroke is a time-sensitive medical emergency requiring rapid and accurate diagnosis to improve patient
outcomes. While Diffusion-Weighted Imaging (DWI) on magnetic resonance imaging (MRI) is highly sensitive, artificial intelligence
(AI) offers a potential solution to enhance diagnostic speed and accuracy. In this study we aimed to evaluate and externally validate a
DWI-MRI-based deep learning model for automated stroke detection and compare its multicenter diagnostic performance with expert ra-
diologists to determine generalizability and clinical utility. Methods: This retrospective study involved 732 patient cases (acute ischemic
stroke and non-stroke controls) from three different centers. A deep convolutional neural network (CNN) model was developed, trained,
and internally validated using data from center 1 (n = 452 for training, n = 80 for validation). The model’s generalizability was then
tested using independent external validation datasets from center 2 (n = 100) and center 3 (n = 100). The model’s diagnostic performance
(sensitivity, specificity, accuracy, and area under the receiver operating characteristic (ROC) curve (AUC)) was systematically compared
with that of three expert radiologists. Results: The deep learning model demonstrated excellent diagnostic performance. In the internal
validation, the model achieved 100% sensitivity, 100% specificity, and 100% accuracy (AUC = 1.000). Crucially, it maintained high
performance on the external validation cohorts, achieving 100% sensitivity, 98% specificity, and 99% accuracy for both center 2 (AUC
= 0.987) and center 3 (AUC = 0.986). This performance was comparable with the expert radiologists, who also achieved high accuracy
across all datasets. Visualization techniques (gradient-weighted class activation map (Grad-CAM)) confirmed that the AI model focused
on the correct pathological regions when making its classifications. Conclusions: The DWI-MRI-based deep learning model provides
high and reliable diagnostic accuracy for acute ischemic stroke, with performance comparable with that of expert radiologists. Its robust
performance across multicenter data highlights its potential as a dependable decision-support tool in emergency departments, especially
in settings with limited specialist availability, to facilitate faster and more consistent stroke diagnoses.
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1. Introduction

The advent of artificial intelligence (AI) has pro-
foundly transformed numerous disciplines, including the
critical field of healthcare. AI has rapidly emerged as a
transformative and beneficial tool in the crucial diagnosis
and comprehensive management of acute stroke. Stroke is
a health problem that is of significant concern. Stroke is
divided into two primary types: ischemic and hemorrhagic.
It is the fifth leading cause of death in the United States and
a major cause of disability worldwide [1]. Each year, ap-
proximately 800,000 individuals in the USA face the dev-
astating reality of a new or recurrent stroke, underscoring
the urgent need for rapid, accurate, and effective diagnostic
procedures to significantly improve clinical outcomes for

patients [2,3]. The concept of the “Golden Hour” is a term
used to emphasize the critical and time-sensitive nature of
timely intervention. It is during this limited time period that
various treatment options can most effectively mitigate and
alleviate the enduring consequences of a stroke [4,5]. Nev-
ertheless, the recognition of acute stroke symptoms in emer-
gencymedical settings presents a considerable and complex
challenge. This is due to the intricacies and time-sensitive
demands of emergency care. Consequently, delays in treat-
ment can result in the loss of opportunities for effective and
timely interventions that could ultimately save lives and im-
prove the quality of recovery for stroke patients [1,6].

Multimodal imaging approaches—including non-
contrast Computed Tomography (CT), CT angiography,
CT perfusion, and the diffusion-weighted imaging (DWI)–
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fluid-attenuated inversion recovery (FLAIR) mismatch—
are central to contemporary acute ischemic stroke evalua-
tion and management. Among these modalities, DWI has
a distinctive role, as it represents the most sensitive mag-
netic resonance imaging (MRI) sequence for the detection
of acute ischemic infarction once MRI is performed. Con-
sequently, DWI is routinely incorporated into the diagnos-
tic workflow of acute ischemic stroke and serves as a crit-
ical imaging modality in clinical practice [7]. Inadequate
or delayed diagnosis can lead to poorer clinical outcomes,
emphasizing the necessity for robust clinical support sys-
tems in emergency departments [8]. The ongoing Fourth
Industrial Revolution has furthered the application of AI
technologies, particularly in the field of medical imaging
[9]. The incorporation of AI into stroke diagnosis has been
demonstrated to enhance diagnostic efficiency and hold the
potential to improve patient survival rates and functional re-
covery outcomes [10–12]. Therefore, the deployment of AI
in acute stroke diagnosis is a promising frontier in the pur-
suit of more effective and timely patient care in emergency
departments with limited expertise in stroke management
[13]. While emergency MRI availability is not universal,
many comprehensive and tertiary stroke centers routinely
incorporate MRI-DWI into their acute stroke protocols, es-
pecially when diagnostic uncertainty exists or when stroke
mimics must be excluded. In this context, an AI-based sys-
tem trained exclusively on DWI may provide robust lesion
detection and serve as a valuable decision-support tool in
MRI-equipped emergency departments rather than as a re-
placement for multimodal imaging strategies.

The progressive development of AI in the field of
stroke diagnosis signifies a pivotal advancement in medi-
cal technology, with the potential to enhance diagnostic ef-
ficiency and contribute to the preservation of lives through
early intervention strategies. In order to achieve a desirable
level of generalizability for any AI system, it is necessary
to validate it using external databases with different clinical
settings, imaging protocols, and populations. Additionally,
a comparative analysis with radiologists is necessary to as-
certain the relative efficacy of these systems in actual clin-
ical settings [12,14]. In the present study, the validity of a
DWI-MRI-based deep learning model used for acute stroke
detection is evaluated. In addition, the performance of the
model was assessed through the analysis of databases from
multiple centers, with the goal of determining its efficacy
in routine clinical practice.

2. Patient Selection and Methods
This retrospective study investigates the results of the

application of an AI system based on diffusion MRI find-
ings in acute ischemic stroke and non-stroke patients. The
model was developed and validated both internally and ex-
ternally.

2.1 Patient Selection
The study was approved by the institutional review

board (Approval number: 2023-91) and the requirement
for informed consent was waived. This study’s participants
comprised patients with acute ischemic stroke and control
patients evaluated in the emergency department with sus-
pected acute ischemic stroke from three different centers
in Istanbul, Türkiye. The centers included Sancaktepe Şe-
hit Prof. Dr. İlhan Varank Training and Research Hospital
(center 1), Ümraniye Training and Research Hospital (cen-
ter 2), and Kartal Dr. Lütfi Kırdar City Hospital (center 3).

Patients presenting to the emergency department with
acute neurological symptoms suspicious of ischemic stroke
were screened for inclusion. All patients underwent non-
contrast CT and diffusion-weighted MRI as part of rou-
tine clinical evaluation. Cases labeled as acute ischemic
stroke were defined by the presence of diffusion restric-
tion on DWI consistent with acute infarction and confirmed
through retrospective consensus evaluation by expert ra-
diologists together with the final clinical diagnosis docu-
mented in the medical records. The control group consisted
of patients who presented with suspected acute stroke but in
whom acute ischemic stroke was excluded based on imag-
ing findings (absence of diffusion restriction onDWI and no
acute ischemic findings on CT), clinical evaluation, and the
final diagnosis recorded in the hospital records. To improve
dataset reliability and reduce potential confounding factors,
patients were excluded if they had significant imaging arti-
facts, prior stroke, previous neurosurgery, intracranial mass
lesions, or pre-existing neurological diseases such as mul-
tiple sclerosis or infection. In addition, lacunar infarctions
were excluded to focus on clearly visible acute ischemic le-
sions suitable for model training.

A total of 732 patients were included from three cen-
ters. From center 1, 532 cases were included and randomly
split at the patient level into training (n = 452) and inter-
nal validation (n = 80) cohorts. Data from center 2 (n =
100) and center 3 (n = 100) were used exclusively for ex-
ternal validation. The datasets were balanced with respect
to stroke and control cases.

2.2 Data Acquisition and Preprocessing
MRI was performed in center 1 and 2 with a 1.5-Tesla

MRI machine (Signa Explorer; General Electric Health-
care, Milwaukee, WI, USA) and in center 3 with a 1.5-Tesla
MRI machine (Ingenia MR 5300, Philips Healthcare, Best,
Netherlands). The diffusion MRI parameters on the Signa
Explorer were as follows: in-plane resolution, 1.5 mm ×
1.5 mm; slice thickness, 5 mm; echo time (TE), 86.6 ms;
repetition time (TR), 5000 ms; partial Fourier 6/8. Two b-
shells were acquired with b-values of 1000 s/mm2 and 2000
s/mm2. The diffusion MRI parameters on the Philips MRI
machine were as follows: the parameters are TR/TE 5598
ms/105 ms; flip angle 90°; slice thickness 5 mm; Field-of-
view (FOV) 24 × 24 cm; matrix size 256 × 256.

2

https://www.imrpress.com


For model input, the network was trained using the
trace diffusion-weighted images generated by the scanner
from the clinical DWI sequence, which correspond to the
images routinely interpreted in clinical practice. Apparent
diffusion coefficient (ADC) maps and individual b-value
images were not used as separate inputs for the model.

The final reference standard for AI training and test-
ing was established through a retrospective consensus re-
view by two expert radiologists who independently evalu-
ated all patient cases while blinded to the AI model outputs.
In cases of disagreement, a third senior radiologist provided
adjudication, and the consensus decision was used as the fi-
nal label. Imaging findings were interpreted together with
the clinical diagnosis documented in the medical records.
This expert-based annotation process ensured that model
labels were independent of the initial enrollment diagnosis
and served as a reliable reference standard for performance
evaluation.

A two-step preprocessing approach was applied to re-
duce discrepancies in image appearance resulting from the
multicenter nature of the study. This step ensures that
inter-scan and intra-scan variability are accounted for and
improves the reproducibility of the proposed AI model.
All images from different centers were standardized us-
ing image histogram matching. The reference histogram
was computed from images in the training dataset. For
each training image, we first applied simple intensity clip-
ping (0.5th–99.5th percentile) to reduce the influence of ex-
treme outliers, and then calculated a 256-bin intensity his-
togram. The final reference histogram was obtained by
averaging these histograms bin-wise. This reference was
subsequently used for histogram matching of all images
in the training, internal validation, and external validation
sets. Then, all MRI slices were normalized using Z-score
normalization, which standardizes the intensity distribution
across subjects and provides a consistent input scale for the
deep learning model.

2.3 Artificial Intelligence Study

The pre-processed diffusion MRI images were used
as input to the deep learning-based model for differentia-
tion of acute ischemic stroke and normal cases. In the diag-
nostic process, image features are automatically extracted
using a deep learning algorithm, and the most relevant fea-
tures are identified for the classification task. The model
was trained using slice-level DWI images. However, all
dataset splitting was performed at the patient level to en-
sure independence, and no slices from the same patient were
included in more than one dataset. For performance evalu-
ation, slice-level predictions were aggregated at the patient
level using a majority-voting approach, whereby a patient
was classified as acute ischemic stroke if the majority of
slices were predicted as positive. The model simultane-
ously performs the classification process based on the best
and informative deep features. In deep learning, image fea-

tures are extracted and analyzed hierarchically from raw
data to high-level concepts, in different layers of the net-
work. The architecture of the proposed convolutional neu-
ral network (CNN) is provided in Fig. 1. MRI images were
resized to 140 × 140 pixels and were fed into the model.
The model consists of two convolutional and seven resid-
ual blocks. The convolutional block (ConvBlock) starts
with a convolutional layer followed by a batch normaliza-
tion (BatchN) and a rectified linear unit (ReLU) layer. The
output of the first ConvBlock is split into two branches in
the residual block (ResBlock). The first branch consists of
a convolution layer followed by a BatchN layer, a ReLU ac-
tivation, a convolutional layer, and a BatchN layer. Then,
the outputs of this branch and the skip connection are added
using an addition layer. On the other hand, the last two Res-
Blocks consist of a convolution layer followed by BatchN
and ReLU layers with a skip connection. Between all Res-
Blocks, a pooling layer is put to reduce the dimension of
data and preserve meaningful features. The size of filters
in all convolution layers is 3 × 3. At the end, a global max
(GlobMax) layer followed by two dense and dropout layers
is used to prevent overfitting (Fig. 1).

In addition to dropout layer, an augmentation tech-
nique was used to prevent overfitting and increase gener-
alizability. In this study, MRI images were randomly ro-
tated (–30, 30 degrees) and scaled (0.6, 1). The model
was trained using stochastic gradient descent (sgdm) opti-
mizer, cross-entropy loss function, initial learning rate of
0.001, validation frequency of 2, and L2 regularization of
0.001. Before each training epoch, the training dataset was
shuffled to prevent learning order-specific patterns and im-
prove convergence of the model. Hyperparameters were
determined through preliminary empirical testing aimed
at achieving stable training behavior and preventing over-
fitting. A formal hyperparameter optimization procedure
(e.g., grid search or automated tuning) was not performed
in this study.

The classification threshold was defined according
to the training set using Receiver Operating Characteris-
tic (ROC) analysis and subsequently fixed. This same
threshold was applied without modification to the valida-
tion datasets when calculating sensitivity, specificity, and
accuracy, ensuring consistent and unbiased performance
evaluation.

The dataset from center 1 was split into 85% for train-
ing and tuning the model and 15% for the validation phase.
Data from centers 2 and 3 were considered for the external
validation step. In addition to deep learning, the internal
and external validation datasets were reviewed by three ex-
pert radiologists in neuroimaging with 7 years (center 1),
5 years (center 2), and 7 years (center 3) to diagnose acute
ischemic stroke cases. No cross-validation or permutation
testing was performed in this study.
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Fig. 1. The proposed deep learning model used for stroke de-
tection.

2.4 Statistical Analysis and Performance Evaluation
To evaluate the proposed model in internal and ex-

ternal validation phases, the following metrics were de-
termined: Sensitivity (Sen), Specificity (Spc), Accuracy
(Acc), and area under the ROC curve (AUC). In this study,
acute ischemic stroke and normal cases were considered as
positive and negative, respectively. Thereby, normal cases
misdiagnosed as stroke and stroke cases misdiagnosed as
normal were classified as false positive and false negative,
respectively. ROC curve analysis was used to determine
the AUC with 95% confidence interval (CI) and evaluate
the overall performance of the model on both internal and
external validation datasets. All mentioned metrics were
also determined for the radiologists in diagnosing acute is-
chemic stroke. In addition to these metrics, the gradient-
weighted class activation map (Grad-CAM) technique was
utilized to evaluate if the model considered and learned in-
formative features. AUCs of the proposed deep learning
model and three radiologists were compared using the De-
Long test. A p-value less than 0.05 was considered signif-
icant. All statistical analyses were performed using SPSS
software (version 24, SPSS Inc.; Chicago, IL, USA).

3. Results
3.1 Patients

A total of 732 cases from three centers were included
in this study. 452 cases (226 normal and 226 stroke) from
center 1 and the remaining cases (40 normal and 40 stroke)
were used for training and tuning, and validation of the
model, respectively. In addition, 200 cases from center 2
(50 normal, 50 stroke) and center 3 (50 normal, 50 stroke)
were considered for external validation.

3.2 Deep Learning Model Performance on Multi-Center
Cohorts

The proposed deep-learning model demonstrated ex-
cellent performance in diagnosing acute ischemic stroke pa-
tients with a sensitivity, specificity, and accuracy of 100%
in the internal validation dataset. In addition, it could differ-
entiate acute ischemic stroke patients from healthy controls
with a sensitivity of 100%, specificity of 98% and accuracy
of 99% in centers 2 and 3. ROC curves and AUC values
with 95% CI and confusion matrices of the model are pre-
sented in Fig. 2 and Table 1, respectively. The Grad-CAMs
of the proposed model for some cases in the three centers
are shown in Fig. 3.

3.3 Radiologists’ Performance
All three radiologists could diagnose acute ischemic

stroke patients with sensitivity, specificity and accuracy of
100% in the internal validation dataset. On the other hand,
only radiologist 2 diagnosed stroke with sensitivity, speci-
ficity, and accuracy of 100% in both centers 2 and 3. The
overall performance (AUC) of radiologist 1 in centers 2
and 3 were 0.990 (98% sensitivity, 100% specificity) and 1
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Fig. 2. Diagnostic performance of the proposed artificial intelligence (AI) model and three radiologists for internal validation
(A), external validation 1 (B) and external validation 2 (C).

(100% sensitivity, 100% specificity), respectively. Finally,
the AUC value of radiologist 3 in center 2 and 3 were 0.980
(98% sensitivity, 98% specificity) and 0.980 (100% sensi-
tivity, 96% specificity), respectively. ROC curves and the
detailed performance of radiologists with the correspond-
ing confusion matrices are presented in Table 1 and Fig. 2,
respectively.

3.4 Artificial Intelligence (AI) and Radiologists’
Performance Comparison

Fig. 4 shows some sample MRI images with the cor-
responding diagnosis of the proposed AI model and three
radiologists. In addition, Grad-CAMs of each case are pre-
sented to show how the proposedmodel conceivedMRI im-
ages and made differential diagnosis. In addition, the com-
parison results of the ROC curves using the DeLong test
are summarized in Table 2. Notably, no significant differ-
ences were observed between the methods (the deep learn-
ing model and the three radiologists), underscoring the ap-
plicability of the proposed deep learning model.

4. Discussion
In this multicenter study, a DWI-MRI-based deep

learning model demonstrated high diagnostic accuracy for
acute ischemic stroke, as evidenced by the model’s per-
formance on both internal and external validation datasets.
The model demonstrated a 100% accuracy rate in the in-
ternal validation and up to a 99% accuracy rate in external
centers, exhibiting performance comparable to that of radi-
ologists. The findings indicate that AI-based decision sup-
port systems can play a substantial role in facilitating rapid
and reliable diagnosis, particularly within emergency de-
partments where specialist neuroradiology support is scarce
or in high-volume settings. Although perfect performance
in internal validation may raise concerns regarding overfit-
ting, the consistent results observed across two independent
external validation cohorts support the robustness and gen-
eralizability of the proposed model.

Recent studies have demonstrated that AI has been
shown to yield results similar to those of radiologists in
stroke imaging (non-contrast CT, CT angiography, CT per-
fusion, MR angiography, DWI) for lesion detection, Al-
berta stroke program early CT score (ASPECTS) scoring,
and detection of large vessel occlusions [15,16]. The de-
velopment of deep learning models tailored for DWI has
yielded high levels of sensitivity and specificity, achieved
by minimizing error rates in the detection of small lesions.
As stated by Liu et al. [16], the utilization of deep learn-
ing algorithms on DWI data yielded diagnostic accuracies
that were comparable to those attained by radiologists with
extensive experience. Similarly, Abedi et al. [1] under-
scored the potential of AI-supported systems to expedite
emergency department workflow and reduce mortality. The
present study lends support to these findings in the exist-
ing literature. The multicenter design of the study serves
to strengthen the model’s generalizability. The high per-
formance demonstrated, even with data obtained from dif-
ferent devices and protocols, highlights the effectiveness of
the preprocessing (histogram matching, normalization) and
data augmentation methods used.

Accurate and prompt diagnosis of acute stroke is
paramount for effective utilization of time windows for
intravenous thrombolysis and mechanical thrombectomy.
AI-supported automatic analyses have the potential to en-
hance safety measures, especially during the triage and di-
agnostic processes within emergency departments. The ex-
isting literature indicates that the implementation of auto-
mated software, such as RAPID, has been demonstrated to
enhance clinical outcomes [17–19]. From a practical per-
spective, several challenges must be addressed before clini-
cal deployment, including seamless integration with PACS,
regulatory approval, and ensuring real-time or near real-
time processing in emergency settings. Additionally, robust
validation across diverse imaging protocols and scanners is
essential to support safe and reliable implementation.
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Fig. 3. Visualization of Model Predictions using Gradient-weighted Class Activation Maps (Grad-CAMs). Representative
diffusion-weighted imaging (DWI) slices and corresponding Grad-CAMs for stroke (left columns) and normal (right columns) cases
across three distinct datasets: Internal Validation (A–D), External Validation 1 (E–H), and External Validation 2 (I–L). All cases were
correctly diagnosed by the proposed AI model.
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Table 1. Diagnostic performance of the proposed artificial intelligence (AI) model and three radiologists based on each center.

Dataset Mode Sen (95% CI) Spc (95% CI) Acc (%) AUC (95% CI)
Confusion matrix

Predicted labelTrue label

Stroke Control

Internal validation (center 1)

Deep Model 100 (91.2–100.0) 100 (91.2–100.0) 100.00 1.000
40 0 Stroke
0 40 Control

Radiologist 1 100 (91.2–100.0) 100 (91.2–100.0) 100.00 1.000
40 0 Stroke
0 40 Control

Radiologist 2 100 (91.2–100.0) 100 (91.2–100.0) 100.00 1.000
40 0 Stroke
0 40 Control

Radiologist 3 100 (91.2–100.0) 100 (91.2–100.0) 100.00 1.000
40 0 Stroke
0 40 Control

External validation 1 (center 2)

Deep Model 100 (92.9–100.0) 98.00 (89.1–99.9) 99.00 0.987 (0.962–1.000)
50 1 Stroke
0 49 Control

Radiologist 1 98.00 (89.1–99.9) 100 (92.9–100.0) 99.00 0.990 (0.967–1.000)
49 0 Stroke
1 50 Control

Radiologist 2 100 (92.9–100.0) 100 (92.9–100.0) 100.00 1.000
50 0 Stroke
0 50 Control

Radiologist 3 98.00 (89.1–99.9) 98.00 (89.1–99.9) 98.00 0.980 (0.948–1.000)
49 1 Stroke
1 49 Control

External validation 2 (center 3)

Deep Model 100 (92.9–100.0) 98.00 (89.1–99.9) 99.00 0.986 (0.960–1.000)
50 1 Stroke
0 49 Control

Radiologist 1 100 (92.9–100.0) 100 (92.9–100.0) 100.00 1.000
50 0 Stroke
0 50 Control

Radiologist 2 100 (92.9–100.0) 100 (92.9–100.0) 100.00 1.000
50 0 Stroke
0 50 Control

Radiologist 3 100 (92.9–100.0) 96.00 (87.3–99.4) 98.00 0.980 (0.948–1.000)
50 2 Stroke
0 48 Control

Sen, sensitivity; Spc, specificity; Acc, accuracy; AUC, area under the ROC curve; CI, confidence interval.
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Table 2. Comparison of diagnostic performance of the proposed artificial intelligence (AI) model and three radiologists based
on each center.

Center Method Deep model Radiologist 1 Radiologist 2 Radiologist 3

Internal validation (center 1)

Deep Model - 1.000 1.000 1.000
Radiologist 1 1.000 - 1.000 1.000
Radiologist 2 1.000 1.000 - 1.000
Radiologist 3 1.000 1.000 1.000 -

External validation 1 (center 2)

Deep Model - 0.860 0.319 0.704
Radiologist 1 0.860 - 0.312 0.566
Radiologist 2 0.319 0.312 - 0.153
Radiologist 3 0.704 0.566 0.153 -

External validation 2 (center 3)

Deep Model - 0.311 0.324 0.735
Radiologist 1 0.311 - 1.000 0.147
Radiologist 2 0.324 1.000 - 0.147
Radiologist 3 0.735 0.147 0.147 -

Fig. 4. Analysis of diagnostic discrepancies. DWI slices and
Grad-CAMs of cases with discordant findings between the AI
model and three radiologists (R1, R2, R3). (A,B) Stroke cases:
The AI model correctly identifies subtle lesions missed by R1 or
R3. (C–G) Normal cases: (C,E) represent AI false positives where
the model was misled by artifacts; (D,F,G) represent radiologist
false positives where the AI correctly identified the scans as nor-
mal.

It should be emphasized that the proposedmodel is not
intended to replace multimodal stroke imaging workflows
but rather to complement existing diagnostic pathways in
MRI-equipped centers. The reliance on DWI alone may
limit applicability in emergency settings where MRI access
is restricted; however, in centers with rapid MRI capabil-

ity, automated DWI-based stroke detection may enhance
diagnostic confidence, reduce interpretation time, and sup-
port clinical decision-making, particularly in high-volume
or resource-limited environments.

The Gradient-weighted Class Activation Mapping
(Grad-CAM) method, as implemented in our study, demon-
strated that the model focused on lesion areas when mak-
ing decisions. Grad-CAM is a visualization technique that
generates class-specific activation maps using the gradi-
ent information in the last convolutional layer to explain
the decision-making processes of deep convolutional neu-
ral networks (CNNs). In CNN models trained for is-
chemic stroke detection in brain MRI images, the Grad-
CAM method enables insightful analysis by localizing the
spatial regions that guide the model’s prediction and offers
the opportunity to assess the clinical relevance of the deci-
sion mechanism. Specifically, when contrasting ischemic
lesions and normal tissues in diffusion-weighted images,
heat maps derived from Grad-CAM can directly illustrate
the location and extent of the lesion. In a study by Lai et
al. [20], Grad-CAM outputs, which allow for visual as-
sessment of the location and extent of lesions in diffusion-
weighted images, are used as an important tool to evalu-
ate whether the model correctly processes pathological re-
gions. Other recent studies in the literature have also shown
that Grad-CAM improves both model performance and ex-
plainability in automatic ischemic stroke detection systems
[21,22]. Consequently, Grad-CAM not only fosters classi-
fication accuracy but also assumes a pivotal role in the im-
plementation of AI-based clinical decision support systems.
In a small number of cases, Grad-CAM visualizations high-
lighted regions adjacent to, rather than directly overlapping
with, radiologists’ annotated lesions. Such discrepancies
may reflect sensitivity to subtle diffusion changes, partial
volume effects, or image noise, and underscore the comple-
mentary role of AI-based attention maps rather than direct
lesion delineation.
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The retrospective design of this study may introduce
selection bias. Another major limitation is the exclu-
sion of patients with prior stroke and lacunar infarctions,
which may limit real-world applicability. Chronic diffu-
sion abnormalities following previous stroke can overlap
with acute lesions, complicating reliable labeling, while the
slice-level classification approach used in this study is less
sensitive to very small lacunar infarcts. In addition, stroke
subtypes and the topographic distribution of ischemic le-
sions (e.g., vascular territories or lobar location) were not
systematically analyzed, as etiological and anatomical lo-
calization were beyond the scope of this detection-focused
study. Accordingly, the reported diagnostic performance
should be interpreted as the model’s ability to detect DWI-
visible diffusion abnormalities rather than as a fully com-
prehensive clinical diagnosis of acute ischemic stroke. The
exclusive use of DWI without integration of other imag-
ing modalities such as CTA, CTP, or DWI–FLAIR mis-
match may restrict generalizability to centers without emer-
gency MRI availability. Future studies should incorporate
multimodal imaging data, lesion-level segmentation, and
prospective designs to evaluate workflow impact and clini-
cal outcomes, as well as broader international external val-
idation to enhance robustness and clinical applicability.

5. Conclusions
In summary, the present study demonstrated that the

DWI MRI-based deep learning model provides diagnostic
accuracy comparable to that of radiologists in the diagno-
sis of acute ischemic stroke and can be reliably applied in
multicenter settings. In the future, the integration of AI sys-
tems into the clinical workflow for acute stroke care may be
facilitated by prospective and multimodal studies.
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