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Abstract:

Stroke, which poses a significant threat to global health, is a condition characterised
by extremely high incidence and mortality rates. With the advancement of deep
learning technology, there have been marked improvements in its application to the
diagnosis and treatment of stroke. This overview examines the use of deep learning in
the clinical management of stroke, covering areas such as imaging diagnosis, risk
assessment, treatment decision-making and rehabilitation monitoring. Research
indicates that deep learning technology has led to significant improvements in
diagnostic accuracy, the prediction of treatment outcomes, and the development of
personalised rehabilitation programmes for stroke. This review also explores the
advantages of deep learning in stroke diagnosis and treatment, the challenges it faces,
and future directions for development. Deep learning holds vast potential for
application in the diagnosis and treatment of stroke and is expected to enable more
precise and personalised healthcare services, despite challenges such as data privacy,
model interpretability and generalisation ability. This review aims to further enhance
the clinical outcomes of stroke diagnosis and treatment through deep learning
technology, thereby providing guidance for future research directions and
technological innovation.

Keywords:
Stroke, Deep Learning, Imaging Diagnosis, Risk Assessment, Rehabilitation
Monitoring

1. Introduction

Stroke is one of the leading causes of death and disability worldwide, placing a
heavy burden on patients, their families and society. Deep learning has demonstrated
significant advantages in medical image analysis, clinical data processing and
predictive modelling, thereby improving the efficiency and accuracy of stroke
diagnosis and treatment. However, challenges remain in terms of applying the
technology, optimising methods and integrating them into clinical practice,
particularly with regard to improving the accuracy of early detection, reducing delays
in treatment and improving patient outcomes. [1-6].
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This paper explores the application of deep learning in the diagnosis and treatment
of stroke, including imaging diagnosis, prognostic assessment, treatment decision-
making and rehabilitation. The aim of this study is to provide a theoretical foundation
for the future development of deep learning in the field of stroke, and to offer
guidance to clinicians and researchers in addressing current challenges and improving
diagnostic and treatment outcomes.

2. Methods

2.1. Literature retrieval databases

Relevant studies were identified through PubMed, IEEE Xplore, and the ACM
Digital Library. PubMed was searched for biomedical and clinical research, whereas
IEEE Xplore provided studies from computer science, electronic engineering,
artificial intelligence, and deep learning. The ACM Digital Library was also consulted
to capture additional work on computational techniques and their medical applications.

2.2. Search period

The main search covered articles published between January 1, 2019 and December
31, 2025. This period was selected to capture recent developments in the use of deep
learning for stroke diagnosis and treatment. Earlier landmark studies were retained
when they provided essential theoretical or methodological background. A small
number of more recent publications were also considered to improve the completeness
of the review and to reflect subsequent developments in the field.

2.3. Search terms

The principal search terms were “deep learning” and “stroke.” The search strategy
included: (1) “stroke" [MeSH Terms] OR “cerebrovascular accident” [All Fields] OR
“stroke” [All Fields]; (2) “deep learning" [All Fields] OR “artificial intelligence”
[MeSH Terms] OR “machine learning” [MeSH Terms] OR “neural networks” [MeSH
Terms]; and (3) “diagnosis” [All Fields] OR “treatment” [All Fields] OR
“rehabilitation” [All Fields] OR “prognosis” [All Fields] OR “risk assessment” [All
Fields]. Date restrictions were applied according to the target retrieval period.

3. Applications of Deep Learning in Stroke Imaging Diagnosis

3.1. Challenges in stroke imaging analysis

Stroke diagnosis generally relies on imaging techniques such as computed
tomography (CT) and magnetic resonance imaging (MRI). Traditional image analysis
depends heavily on manual labeling and expert experience and is therefore susceptible
to subjective variation [2]. In the case of acute ischaemic stroke in particular, early
imaging changes may be subtle, and routine examinations may result in a missed or
misdiagnosis [3]. For example, ischaemic changes in the acute phase are not readily
visible on CT and MRI scans, particularly in the early stages of the changes [4].

Imaging modalities differ in their clinical strengths and limitations. CT is
commonly used to quickly rule out hemorrhagic stroke, although subtle ischemic
changes may not be clearly visible during the early stage. MRI, particularly diffusion-
weighted imaging (DWI), is generally more sensitive to early ischemia, but its use
may be restricted by limited availability and longer examination times [5].
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Furthermore, factors such as differences in technique, equipment and clinical
experience can easily influence radiological findings, leading to inconsistencies in
diagnosis [6]. Consequently, although imaging is central to the diagnosis of stroke,
certain challenges remain in the early stages of acute ischaemic stroke, prompting
researchers to explore artificial intelligence and deep learning technologies to improve
the accuracy and efficiency of image analysis [6].

3.2. Applications of deep learning in imaging

In recent years, deep learning has been increasingly applied to stroke imaging,
particularly through convolutional neural networks (CNNs) and fully convolutional
networks (FCNs). Shinohara et al. (2020), for example, developed a model for
detecting the hyperdense middle cerebral artery (MCA) sign in patients with acute
ischemic stroke. By identifying the suspected thrombus location on CT images, the
model may assist clinicians in making an earlier diagnosis [7]. Lu et al. (2022)
introduced a two-stage model for detecting early acute ischemic stroke that is not
readily visible on non-contrast CT. As illustrated in Figure 1, the framework first
locates the suspected lesion and then performs classification. This stepwise design
allows the model to extract features at different levels and may improve the
recognition of subtle early-stage abnormalities [8]. In another study, Yu et al. (2023)
combined diffusion-weighted MRI with deep learning to estimate hypoperfusion
lesions and target mismatch in patients with ischemic stroke, providing potentially
useful information for treatment planning [9].
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Figure 1. Architecture of the two-stage deep learning model. The localization module, presented
in the upper panel, applies convolutional and pooling layers to identify the suspected stroke
region and generate its spatial coordinates. The lower panel depicts the classification module,
which uses the localization results as input and estimates the probability of stroke through
convolutional and identity blocks. Source: Lu et al. [§].
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3.3. Applications in vessel occlusion detection

Another important application of deep learning in stroke image analysis is vessel
occlusion detection. Brugnara et al. (2023) proposed a CT angiography-based deep
learning model that can accurately detect vessel occlusion in acute ischemic stroke.
As shown in Figure 2, the method can not only identify thrombi automatically but
also provide information on the location and severity of vessel occlusion, thereby
assisting clinical treatment decisions [10].
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Figure 2. Workflow and results of a deep learning model for detecting vessel occlusion on CT
angiography. Panel A shows preprocessing, including resampling and intensity normalization,
followed by RetinaNet inference. Panels B-D show detection results in different cases; green
circles indicate predicted vessel occlusion locations, and red boxes may indicate other relevant
regions or low-confidence predictions. Source: Brugnara et al. [10].

3.4. Applications in prognosis prediction and risk assessment

Beyond imaging diagnosis, deep learning shows substantial potential in stroke
prognosis prediction, particularly for functional outcome assessment in patients with
acute ischemic stroke. Deep learning models that integrate imaging and clinical data
have been shown to predict functional outcomes in acute ischemic stroke with useful
accuracy [11]. In addition, a cross-attention-based deep learning approach combining
4D brain CT perfusion (CTP) imaging and clinical data successfully predicted
functional stroke outcomes and showed potential for individualized treatment [12].

In risk assessment, systematic review and meta-analysis studies have examined
existing stroke risk prediction models across a large body of patient data [13].
Although the overall performance of these models remains variable, they retain
predictive value and highlight the potential of model optimization and integration of
multiple data sources. Other studies have combined machine learning methods such as
k-nearest neighbors, decision trees, and logistic regression, using SMOTE for data
balancing and mobile platforms for user data collection, to build models for individual
stroke risk prediction [14]. Furthermore, an interpretable machine learning method
has been proposed for predicting mortality risk in severe ischemic stroke, providing
clinical decision support by analyzing risk factors associated with stroke prognosis
[15].

In prognosis prediction and risk assessment, deep learning models may outperform
traditional algorithms in specific contexts. As summarized in Table 1, traditional
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models such as linear support vector machines and random forests can achieve high
cross-validation accuracy on public datasets, while deep learning models designed for
medical image data may provide stronger representation learning and better
generalization when validated with diverse clinical data [16].

Table 1. Cross-validation performance of traditional machine learning models in stroke prognosis

prediction.

Model Mean accuracy Standard deviation
Linear SVM 0.950 0.012
Radial SVM 0.950 0.012

Logistic regression 0.950 0.012
Decision tree 0.905 0.015
Naive Bayes 0.820 0.020

Random forest 0.950 0.011

Note: Linear SVM, radial SVM, logistic regression, and random forest showed relatively high
accuracy and stability, whereas naive Bayes had lower accuracy and the decision tree model
showed relatively weaker accuracy and stability. Data source: Lalit [16].

3.5. Applications in treatment decision-making

In acute ischemic stroke care, deep learning has attracted growing attention as a tool
for treatment planning, particularly when mechanical thrombectomy is being
considered. Jadhav et al. and Krishnan et al. reviewed the indications for
thrombectomy and the complications that may occur, underscoring the importance of
appropriate patient selection [17,18]. When applied to imaging data, deep-learning
models may provide additional evidence for identifying patients who are more likely
to benefit from the procedure, while helping clinicians avoid interventions that may
offer limited benefit or carry unnecessary risk.

This approach also reflects the broader development of precision medicine in stroke
management. By combining imaging findings with clinical information, artificial
intelligence can assist with prognosis assessment and support more individualized
treatment planning. These models are not a substitute for clinical judgment, but they
may help clinicians make more informed decisions and improve both treatment
response and long-term outcomes [19,20].

3.6. Applications in rehabilitation therapy

Stroke rehabilitation has become another area in which machine-learning methods
are being actively explored. Rather than applying the same rehabilitation strategy to
every patient, these methods may help clinicians estimate likely recovery patterns and
adjust training according to individual needs. Their value is particularly evident in
outcome prediction and rehabilitation planning, where patient data can be used to
support more targeted decisions. Although clinical judgment remains essential,
existing studies suggest that machine learning may provide useful assistance in
evaluating functional recovery and refining rehabilitation programmes.

A review in PLOS ONE examined how machine learning has been used to estimate
rehabilitation outcomes after stroke. Rather than focusing on a single algorithm, the
authors compared several approaches and considered how these tools might be used in
clinical practice. Reliable outcome prediction may help clinicians adjust rehabilitation
plans according to a patient’s actual progress, rather than applying the same treatment
pathway to everyone. In this way, machine learning could contribute to more
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individualized rehabilitation and more appropriate decisions about treatment intensity
and duration [21].

Recent reviews have paid closer attention to the use of artificial intelligence during
adult stroke recovery and rehabilitation. Instead of discussing Al only in general terms,
these studies examined practical issues such as monitoring changes in a patient’s
condition, judging whether rehabilitation is progressing as expected, and deciding
when a treatment plan should be adjusted. Information from clinical records,
functional assessments, and other patient data may help clinicians follow recovery
more closely and make rehabilitation plans better suited to each patient. In this setting,
Al is more useful as an additional source of evidence than as a replacement for
clinical judgment [22].

An ACM study in 2020 proposed an interactive hybrid method that combines
machine intelligence and human expertise for personalized rehabilitation assessment.
Through a human-machine collaborative model and a rehabilitation assessment
system based on clinical expert judgment, this approach can provide detailed support
for rehabilitation therapy. Its advantage is that it can help ensure assessment accuracy
while considering the unique conditions of each patient [23].

A 2022 review in BMC focused on the use of machine learning algorithms to
predict functional recovery after stroke. These algorithms can help clinicians evaluate
recovery progress in motor function and predict long-term rehabilitation outcomes.
The evidence suggests that such methods have important value in improving the
accuracy and effectiveness of rehabilitation therapy, particularly for -early
identification of recovery potential [24].

Finally, research in neurorehabilitation developed and externally validated models
for predicting independence after stroke rehabilitation. This work emphasized the
practical value of predictive models in helping patients regain independent living
ability. More accurate prediction can support more appropriate rehabilitation plans
and promote individualized and precise rehabilitation therapy [25].

4. Health Inequality and Precision Medicine

With continued progress in medical technology, health inequality has attracted
increasing attention in both academic and clinical fields. Denny et al. (2024)
examined disparities in acute stroke management and prognosis and suggested that
precision medicine technologies may help narrow treatment gaps among different
populations. Combining deep learning with precision medicine may improve
rehabilitation outcomes and provide more accurate treatment and management options
for low-income or vulnerable populations [26].

Lee et al. (2024) and Saba et al. (2024) proposed new classification systems and
risk assessment tools, including approaches related to ischemic stroke etiology
classification and carotid plaque-based risk classification. These systems use clinical
or imaging markers to assess stroke risk and can be integrated with individualized
treatment strategies for different populations, thereby potentially improving treatment
effects [27,28].

5. Integration of Deep Learning with Multimodal Imaging

The combination of deep learning and multimodal imaging has provided a new
direction for comprehensive stroke assessment. Studies on multimodal imaging for
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evaluating multifactorial stroke risk have demonstrated the advantages of integrated
imaging approaches. By combining CT, MRI, DWI, and other imaging data, deep
learning models can capture a broader range of pathological information in stroke
patients and provide more accurate diagnostic evidence for clinicians [2].

6. Literature Application Overview

Deep learning has made considerable progress in stroke diagnosis and treatment,
particularly in diagnostic imaging, functional outcome assessment, treatment
decision-making, early detection, and risk assessment. CNNs have shown substantial
potential in automatically identifying stroke types and improving early detection
accuracy. Models integrating imaging and clinical data can support individualized
treatment by predicting functional recovery. In risk assessment, deep learning and
machine learning can support long-term prognosis prediction, including hemorrhagic
transformation and mortality risk, and demonstrate potential for individualized
management. Table 2 summarizes representative literature applications.

Table 2. Overview of literature applications of deep learning and related techniques in stroke
diagnosis and treatment.

Reference Method Application
Litjens G, et al. [1] DBN, CNN, RNN Medical image analysis
Cui L, etal. [2] Multiple methods Ischemic stroke imaging analysis
Akbarzadeh M, et al. [3] i Imaging in early Fhagnosw of acute
ischemic stroke
Regenhardt RW, et al. [4] i Advanced imaging fqr stroke treatment
selection
Donati AR, et al. [5] i Pitfalls in acute stque diagnosis with
imaging
Kuo W, et al. [6] Al Stroke imaging
Shinohara Y, et al. [7] CNN Identification of the hyperdense MCA

sign in acute ischemic stroke

Lul, etal. [8]

Two-stage deep
learning

Early invisible acute ischemic stroke on
non-contrast CT

YuY,etal [9]

Deep learning

Prediction of hypoperfusion lesion and
target mismatch from DWI MRI

Brugnara G, et al. [10]

Deep learning

Vessel occlusion detection on CT
angiography in suspected acute ischemic
stroke

LiuY,etal [11]

Fused imaging and
clinical deep learning
model

Functional outcome prediction in acute
ischemic stroke

Amador K, et al. [12]

Cross-attention-based
deep learning

Functional outcome prediction using 4D
CTP imaging and clinical metadata

Asowata O], et al. [13]

Machine learning

Stroke risk prediction models

Hassan A, et al. [14]

Predictive modeling

Identification of key stroke risk factors
with machine learning

Huang J, et al. [15]

Interpretable machine
learning model

Prediction of 28-day in-hospital mortality
in ischemic stroke

Jadhav AP, et al. [17]

Indications for mechanical thrombectomy
in acute ischemic stroke

Krishnan R, et al. [18]

Complications of mechanical
thrombectomy in acute ischemic stroke

LinY,etal [19]

Precision medicine in ischemic stroke and
transient ischemic attack

Soun JE, et al. [20]

Al

Acute stroke imaging
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Reference

Method

Application

Zu W, etal. [21]

Machine learning

Outcome prediction after stroke
rehabilitation treatment

Senadheera I, et al. [22]

Al

Al applications in adult stroke recovery
and rehabilitation

Lee MH, et al. [23]

Interactive hybrid
approach

Personalized rehabilitation assessment
combining machine and human
intelligence

Campagnini S, et al. [24]

Machine learning

Functional recovery prediction and

methods prognosis after stroke
Garcia-Rudolph A, et al. External validation and Prediction of independence after stroke
new model I
[25] rehabilitation
development

Denny MC, et al. [26]

Disparities in acute stroke management
and prognosis

Lee HJ, et al. [27]

Ensemble consensus
modeling

Ischemic stroke etiology classification
using electronic health records

Saba L, et al. [28]

New stroke risk

Carotid Plaque-RADS

classification system

Note: The table was summarized from the references included in this review.

7. Challenges and Future Directions

Although deep learning has achieved major progress in stroke diagnosis and
treatment, it still faces several challenges, including insufficient data diversity, limited
model interpretability, and barriers to clinical implementation. Current clinical
practice in stroke care still has many unmet needs. Future research should expand
dataset diversity, improve model interpretability, and strengthen interdisciplinary
collaboration to promote clinical translation. Individualized treatment will remain an
important development direction for deep learning, especially in providing more
accurate therapeutic options for patients.

8. Conclusions

Deep learning has broad prospects in the diagnosis and treatment of stroke, but
data-related, technical, and real-world implementation challenges must be addressed
before widespread clinical adoption. Through continuous technological innovation
and interdisciplinary cooperation, deep learning is expected to play an important role
in early detection, treatment decision-making, functional recovery prediction, and
individualized therapy. These developments may ultimately improve clinical
effectiveness and patient outcomes in stroke care.
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