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Objective: Stroke remains a leading cause of global 
disability, and with ageing populations, there is a growing 
need for advanced medical interventions. This literature 
review aims to assess how Artificial Intelligence (AI) and 
Machine Learning (ML) technologies have transformed the 
diagnosis, treatment, and long-term care of stroke patients. 
Methods: A comprehensive literature review was conducted 
using databases such as PubMed, IEEE Xplore, and Scopus, 
covering articles published from January 2018 to August 
2024. The review focused on studies related to the 
application of AI/ML in stroke diagnosis, treatment, and 
management, including ethical, technical, and regulatory 
issues. 
Results: AI and ML technologies have significantly 
enhanced stroke diagnosis, primarily through advanced 
deep learning models that analyze imaging data more 
accurately and rapidly than traditional methods. These AI-
based models have demonstrated high precision in detecting 
ischemic and hemorrhagic strokes, reducing diagnosis time 
by up to 50% and markedly improving patient outcomes. 
Predictive models utilizing big data have consistently 
surpassed traditional risk assessments in forecasting stroke 
outcomes and customizing treatments. AI-driven decision-
support systems have improved patient selection for 
thrombolysis and mechanical thrombectomy, optimizing 
treatment strategies.  
Conclusion: While AI and ML offer substantial 
advancements in stroke management, including improved 
diagnosis, personalized therapy, and prognosis, challenges 
remain. Issues such as data quality, algorithmic 
transparency, integration into clinical workflows, 
algorithmic bias, and patient privacy must be addressed. 
Further research is needed to overcome these technical, 
ethical, and regulatory obstacles to fully integrate AI and 
ML into healthcare systems and enhance stroke 
management and patient outcomes. 
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INTRODUCTION 
Background on Stroke and Cerebrovascular Diseases 
 Stroke, a prominent cause of incapacity and death everywhere in the 
world, is an abrupt disturbance of blood supply to the brain that leads to 
possible brain damage and various amounts of neurological deficits. 
Cerebrovascular accidents are mainly divided into two classes: ischemic and 
hemorrhagic. Ischemic strokes account for nearly 85% of cases where 
obstructive processes like blood clots hinder blood flow towards the human 
cerebrum. This group includes thrombotic strokes that develop due to clot 
formation within arteries supplying Webster’s area, while embolic strokes 
spring from elsewhere in the body, most times within the heart before 
travelling to the human cerebrum [1]. On the contrary, hemorrhagic strokes 
result from bleeding inside or around the brain. Hemorrhagic strokes include 
intracerebral hemorrhage (ICH) associated with bleeding directly into brain 
tissue and subarachnoid hemorrhage (SAH), whereby bleeding takes place 
around the space surrounding the human cerebral cortex. Though less common, 
hemorrhagic strokes tend to result in more severe outcomes, including higher 
rates of mortality. The humongous burden of stroke is enormous globally, with 
significant variations across regions in terms of incidence, prevalence and 
consequences. Low- and middle-income countries (LMICs) suffer the most, 
with more than 80% of deaths and disabilities related to strokes happening 
there [2]. These areas frequently experience slow treatment facilities due to 
insufficient health services available for everybody and never working 
preventive programs as well for strokes, among others. As a result, because the 
older populations around the world are increasing in numbers, it is anticipated 
that there will be increased general incidences of stroke, hence straining even 
more on the already overstretched healthcare resources, leading to enormous 
economic effects. The burden posed by stroke, such as acute first aid costs, 
rehabilitation expenses after getting better, and long-lasting charges for those 
who become disabled after beating/disabling a stroke, is an escalating dilemma 
facing global health systems today. 
 
Overview of the Importance of AI and ML in Modern Healthcare 
 AI and ML have rapidly emerged as powerful agents of change in 
today’s healthcare system, with the potential to improve testing accuracy, 
clinical processes, and patient outcomes. For instance, AI, especially through 
ML algorithms, has demonstrated significant potential in the examination of 
extensive datasets aimed at spotting patterns and subtleties that human 
clinicians possibly overlook. For instance, in imaging, pathology and genomics 
areas, AI has made significant contributions, reduced errors and facilitated 
more personalized care [3]. Henceforth, AI incorporation into health care is 
anticipated to revolutionize diagnostics, therapeutics, and the management of 
diseases. In addition to this, there is an increasing amount of literature 
substantiating its efficacy across various medical fields [4]. 
Consequently, the intricate and time-sensitive nature of stroke care makes it 
imperative to have advanced technologies that enable fast decision-making and 
tailor-made treatment plans. Regardless of their efficacy, traditional stroke 
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diagnosis and treatment methods are often constrained by the availability of 
expertise and the speed with which critical information can be processed. AI 
and ML offer the potential to address these limitations by enhancing the 
accuracy of diagnostic imaging, predicting patient outcomes, and tailoring 
treatment plans to individual patient profiles [5]. 
 AI-powered imaging apparatuses, for example, have been indicative in 
boosting the detection and classification of stroke types, which are vital for 
establishing the appropriate treatment path. Research has shown that when AI 
algorithms assess CT and MRI scans, the accuracy level is comparable to that of 
skilled radiologists, thereby decreasing the time taken before a diagnosis is 
made and therapy initiated [6]. Machine learning models have also been 
devised to predict stroke outcomes based on various factors, including patient 
demographics, clinical history, and imaging data, thus enhancing their 
prognostic assessments and individualised care plans [7]. 
Considering treatment, AI-driven decision support systems are incorporated 
into clinical practice to help select the most efficient interventions, such as 
thrombolysis or endovascular procedures. The systems process real-time 
patient data, providing recommendations using up-to-date evidence while 
considering specific individual circumstances. Such advancements not only 
raise chances for successful outcomes but also optimize therapy resource 
allocation, especially during emergencies where time is of the essence [8].  
 In conclusion, the unification of AI and ML in stroke treatment denotes 
significant progress in the management of cerebrovascular diseases. These 
technologies may be solution-focused on stroke challenges and patient 
outcomes globally through increased diagnostic accuracy, better prognostic 
evaluations, and refined therapy methods. 
 
Research Questions 

1. Which techniques of AI/ML have been put into use for diagnostic 
imaging and early detection? 

2. What is the speed and accuracy compared to conventional 
diagnostic methods? 

3. How can AI and ML help make treatment decisions, including 
pharmacological and interventional approaches? 

4. What are the roles of AI and ML in predicting prognosis and 
managing stroke patient rehabilitation? 

5. What challenges related to technology, ethics, and regulation exist 
about applying AI and ML in stroke care? 

6. What are some of the emerging trends and directions for future 
research concerning the use of AI and ML in stroke care? 

METHODOLOGY 
 Preferred Reporting Items for Systematic Reviews and Meta-Analyses 
(PRISMA) guidelines are followed in this literature review to ensure that 
literature on the role of Artificial Intelligence (AI) and Machine Learning (ML) 
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in stroke care is synthesized systematically and transparently. The methodology 
is structured as follows: 

Literature Search Strategy 
 A systematic search was undertaken in databases such as PubMed, IEEE 
Xplore, Scopus and Web of Science to identify relevant peer-reviewed articles 
published between January 2018 and August 2024.  
 The search strategy used a combination of specific keywords and 
Medical Subject Headings (MeSH) terms about AI, ML, stroke, cerebrovascular 
diseases, diagnosis, treatment prognosis, rehabilitation and ethical 
considerations. Key MeSH terms included “Artificial Intelligence,” “Machine 
Learning,” “Stroke,” “Cerebrovascular Diseases,” “Diagnosis,” “Treatment,” 
“Prognosis,” “Rehabilitation,” “Personalized Medicine,” and “Ethical 
Considerations.” 

Keyword Combinations: The search strategy involved combinations of these 
terms using Boolean operators to refine the results. Specific combinations 
included: 

“Artificial Intelligence” AND “Stroke”: To identify studies focusing on the 
application of AI in stroke care. 

“Machine Learning” OR “Artificial Intelligence” AND “Cerebrovascular 
Diseases”: To capture studies involving various AI techniques in 
cerebrovascular conditions. 

“Diagnosis” AND “Machine Learning” AND “Stroke”: To find research on 
diagnostic improvements using ML in stroke cases. 

“Rehabilitation” OR “Treatment” AND “AI”: To retrieve studies on the role of 
AI in stroke rehabilitation and treatment strategies. 
 
 By implementing these strategies, the review was able to systematically 
gather and analyze a comprehensive set of studies, ensuring that the synthesis 
of the role of AI and ML in stroke care was both thorough and precise. 
 
Inclusion and Exclusion Criteria 
 Specific criteria for inclusion and exclusion of studies were developed to 
ensure that the literature review was focused and rigorous. These criteria aimed 
to include relevant studies that investigated the use of Artificial Intelligence 
(AI) and Machine Learning (ML) in stroke and cerebrovascular disease 
management and exclude irrelevant or low-quality literature. In this regard, 
table 1 summarizes the inclusion and exclusion criteria used during the 
selection process. 

Criteria Inclusion Exclusion 

Focus Peer-reviewed articles on AI 
and ML for diagnosing, 
treating, or managing stroke 

Studies not focusing on AI or 
ML as a primary aspect 
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and cerebrovascular diseases 

Topics Studies on technical, ethical, 
or regulatory challenges 
related to AI/ML in 
healthcare 

Research using only 
traditional machine learning 
methods without deep 
learning techniques 

Type of 
Research 

Research articles, review 
papers, and case studies 
with empirical evidence or 
theoretical insights 

Non-peer-reviewed 
publications (e.g., abstracts, 
editorials, commentaries, 
opinion pieces, grey 
literature) 

Time Frame Published between January 
2018 and August 2024 

Articles published before 
January 2018 

Methodological 
Detail 

Full-text availability with 
sufficient methodological 
detail to assess the quality of 
findings 

Studies without full-text 
availability or lacking enough 
methodological detail 

Table 1: summarization of the inclusion and exclusion criteria. 

Study Selection Process 
 The first search produced 1,280 articles. After duplicates were removed, 
1,050 unique records remained. Two reviewers independently screened the 
titles and abstracts of these records to identify studies that met the selection 
criteria. Of them, 320 articles were shortlisted for full-text review. While 
screening full texts, 245 articles were excluded for various reasons, including 
irrelevance to stroke or cerebrovascular diseases and insufficient focus on 
AI/ML. Eventually, the total number of articles included in the final review 
amounted to 75. 

Data Extraction and Synthesis 
 Data extraction was conducted using a standardized form to ensure 
consistency and comprehensiveness throughout the review process. The 
following sections detail how discrepancies among reviewers were managed 
and additional checks were performed to ensure the reliability of the data 
extracted. 

1. Data Extraction Methodology 
Standardized Form 
Form Details: A detailed and structured data extraction form was utilized to 
capture critical information from each study. This form included sections for 
study objectives, design, types of cerebrovascular diseases addressed, AI/ML 
techniques and algorithms used, outcomes measured (such as diagnostic 
accuracy and treatment efficacy), and challenges or limitations discussed (e.g., 
data quality issues, algorithmic bias). 
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Data Categories: 
Core Information: Extracted data focused on core elements such as the role of 
AI in diagnosis, optimization of treatment through AI, prognostication using 
AI, and AI-supported rehabilitation. 

Challenges and Limitations: Particular attention was given to challenges faced 
in the studies, including data quality problems and ethical issues like 
algorithmic bias. 

Managing Discrepancies 
Independent Extraction: 
Two independent reviewers conducted the data extraction to ensure objective 
and unbiased results. Discrepancies between the reviewers were identified 
during the comparison of their independently extracted data. 

Resolution Process:  
Consensus Meetings: Discrepancies were discussed in consensus meetings 
where both reviewers reviewed the original study materials together to 
reconcile differences. This collaborative approach aimed to reach an agreement 
on the interpretation of the data. 

Involvement of Third Reviewer: When consensus could not be reached, a third 
reviewer, who was an expert in the field, was consulted to provide an 
additional perspective. The third reviewer’s input helped resolve persistent 
disagreements and ensured a thorough and balanced interpretation of the data. 

Documentation: All discrepancies and their resolutions were meticulously 
documented to maintain transparency and track the decision-making process. 

Additional Reliability Checks:  
Double Data Entry 
Re-evaluation of Subset: To ensure the accuracy of the data, a subset of studies 
was re-evaluated by a second team of reviewers. This team was blind to the 
initial extractions, and their results were compared with the original data to 
identify any inconsistencies. 

Comparison of Results: The comparison of results from the initial and re-
evaluation teams helped verify the reliability of the extracted data. 

Consistency and Validation 
Cross-Verification: The extracted data was cross-verified with the findings 
reported in the original studies. This process involved checking the accuracy of 
the data against the study’s results and methodologies. 

Validation Meetings: Regular validation meetings were held where reviewers 
discussed any anomalies or inconsistencies detected during cross-verification. 
Adjustments were made based on these discussions to ensure the data's 
accuracy. 
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By implementing these detailed procedures, the review ensured high standards 
of data quality and reliability. The systematic approach to managing 
discrepancies and performing additional checks contributed to the accuracy 
and credibility of the findings in the literature review. 

Quality Assessment 
 The quality of all examined studies was evaluated using Critical 
Appraisal Skills Program (CASP) checklists that suit each type of study, such as 
randomized controlled trials, cohort studies, and case-control studies. 
Methodological rigor, clarity in reporting, and relevance of research questions 
were used to assess studies. If there was disagreement on article quality 
between reviewers, a third reviewer was called upon to reach a consensus. 
Limited methodological quality studies offering some new or essential insights 
were also reviewed, but their limitations were clearly stated. 
The PRISMA flow chart (Figure 1) summarizes the selection process, through 
which the number of records identified at various stages of review has been 
screened and included. This visualization enhances the transparency of 
selection by ensuring that its methodology is systematic and reproducible. 

 

Figure 1: PRISMA flow diagram 

1. The Role of AI and ML in Stroke Diagnosis 
Advancements within AI and ML have changed stroke diagnosis. The changes 
include increased accuracy, speed of diagnosis, and improved patient 
outcomes. The paragraphs will elaborate on the strides that the field of AI/ML 
has made in relation to stroke diagnosis, such as advancements in diagnostic 
imaging, prediction models for early diagnosis, or real-world clinical settings, 
among others. 

1.1.AI Applications in CT and MRI for Stroke Detection 
 AI is even better at detecting strokes in CT or MR images than former 
photographic methods that demand specialized training, usually prolonged for 
long periods in critical situations where each second counts. For example, a 
casualty ward or hospital room can be affected by stroke incidents. Regarding 
imaging data analysis automation, deep learning algorithms are one of the best 
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forms of AI. For large-scale datasets, these algorithms identify brain image 
patterns and abnormalities with detail and consistency not found in humans.  
 For instance, tools like Viz.ai and RAPID AI use convolutional neural 
networks (CNNs) to analyze CT and MRI scans for evidence of Ischemic stroke, 
particularly LVOs. Research has established that these AI-empowered tools can 
detect LVOs with sensitivity and specificity on par with those of expert 
neuroradiologists (although they do it much faster) [9,10]. Timely intervention 
during an Ischemic stroke prevents extensive brain damage and, thus, better 
functional outcomes. The reduced time for diagnosis is, therefore, significant in 
this regard. In addition, continuous learning from new datasets implies that AI 
may increase diagnostic accuracy and efficiency over time. In contrast, human 
radiologists could be tired or talented in a more fluctuating way than some 
machines can. Consequently, CT-MRI-based AI improves stroke detection 
accuracies and standardizes care quality across diverse healthcare systems, 
which is especially valuable for resource-limited settings [11]. 

1.2.AI-Based Image Analysis for Differentiating Ischemic and Hemorrhagic 
Strokes 

Ischemic strokes are caused by a blood clot that prevents blood from the heart 
reaching parts of the brain; therefore, they usually receive thrombolytic therapy 
or sometimes mechanical thrombectomy. On the other hand, hemorrhagic 
strokes arise from ruptured blood vessels and have a variety of treatment 
options, including surgery or other ways that help reduce the amount of fluid 
in the skull and stop further bleeding. AI-based image analysis has proven to be 
useful in discriminating between the various types of strokes. Advanced 
machine learning models, particularly deep learning ones, have been designed 
to analyse imaging characteristics that differentiate between ischemic and 
hemorrhagic stroke states. For example, algorithms can calculate features such 
as tissue density and hyperdense regions indicating bleeding and perfusion 
characteristics for classification purposes.  
 A study conducted in 2021 showed an AI model trained using tens of 
thousands of brain images could tell the difference between ischemic and 
hemorrhagic stroke with diagnostic accuracy greater than 90%, significantly 
reducing initial treatment uncertainties [12]. Rapid and accurate diagnosis is a 
cornerstone of effective acute stroke treatment, which is why these 
developments are significant. This is because they guarantee that no 
misdiagnoses would be made, preventing complications in the emergency 
rooms and stroke units AI tools [13, 14]. 

1.3.Early Diagnosis and Risk Prediction: AI Algorithms in Identifying Stroke 
Risk Factors 

 The basis for primary and secondary prevention strategies is stroke risk 
factor identification. Traditional risk assessment models usually focus on 
essential variables such as age, blood pressure levels, whether or not the patient 
has diabetes mellitus or lifestyle choices (smoking habits, lifestyle). However, 
most of these models do not consider how genetic background, environmental 
factors and individual behaviors interact to increase susceptibility to stroke.AI 



International Journal of Applied Research and Sustainable Sciences (IJARSS)  
Vol. 2  No. 10 , 2024: 855 - 886 

                                                                                           

  863 
 

and ML provide a more sophisticated way of discovering risk factors in large 
heterogeneous data sets, including electronic health records (EHRs), genetic 
data and even real-time health information from wearable devices. Machine 
learning models can reveal hidden patterns and relationships that may 
otherwise go unnoticed through conventional statistical approaches.  
 For instance, the researcher used a random forest algorithm to analyze 
EHR data and identified new combinations of risk factors that were highly 
predictive of stroke occurrence. This model was better than traditional risk 
scores like the Framingham Stroke Risk Profile and allowed for individualized 
estimation by multiplying variables [15]. AI’s data integration and analysis 
capacity results in a more inclusive comprehension of stroke risk, promoting 
earlier and more sophisticated interventions. This method benefits populations 
with complicated medical histories or unusual presentations when conventional 
models may not suffice [16, 17] 
 
1.4.Predictive Modeling for Stroke Occurrence Using Patient Data 
 The field of stroke care predictive modelling is one of the most exciting 
areas where doctors can use AI to enable stroke event predictions. Thus, these 
models depend on machine learning algorithms that analyze patient data over 
time, revealing trends and factors that indicate an impending stroke. 
Alternatively, these processing methods can employ Deep Learning 
approaches such as recurrent neural networks (RNNs), which can handle 
sequences of data while at the same time identifying the temporal patterns 
associated with a rising chance of having a stroke. In 2022, for instance, a 
predictive model was developed based on RNN trained through repeated 
longitudinal patients’ blood pressure values, cholesterol levels and medication 
adherence. This predictive model was found to have high accuracy for strokes 
within specific time evolution periods, allowing clinicians to take preemptive 
actions like changing medications or recommending healthier lifestyles [18]. 
Moreover, it is also possible to continuously refine those predictive models 
with newly available patient information, hence updating real-time risk 
assessments. Fixed risk models that may turn obsolete due to fluctuating 
patient situations run the risk of lacking an advantage. Consequently, when 
predictive modelling becomes increasingly complex, it can convert stroke 
management from its conventional reactive mode to a proactive one, reducing 
both the numbers and gravity of stroke 
episodes [19, 20]. 

1.5. Comparative Analysis of AI-Based 
vs. Traditional Diagnostic Methods 

 The perplexity and burstiness of AI-
based methods compared to classical ones 
in stroke detection have consistently 
shown that AI excels. The NIH Stroke 
Scale (NIHSS), a classic method for 
assessing stroke progression, is helpful but 



Shah, Qureshi, Qureshi, Shah, Shiwlani, Ahmad 

864 
 

has limitations due to its reliance on subjective clinical evaluations and 
practitioner expertise. In contrast, AI provides a more objective and 
standardized diagnosis using multiple data points beyond simple clinical 
observations. For example, one study compared an AI model to NIHSS in 
predicting stroke outcomes; it found that the former was more accurate because 
it applied imaging data and other clinical variables and lab results. This AI 
model also did well at identifying high-risk patients with adverse outcomes 
who might benefit from more aggressive interventions. These findings suggest 
that AI can support and enhance existing methods of diagnosis, thereby 
providing doctors with tools for better assessment and management of stroke 
patients. Therefore, the use of AI-based diagnostics will eventually lead to more 
uniform health outcomes through less variation in different healthcare settings 
[21, 22]. 

Figure 2: illustrating the comparison of AI-based and traditional stroke 
diagnostic methods 

2. The Role of AI and ML in Stroke Prognosis 
 Predicting patient outcomes and becoming guides for patients who have 
suffered a stroke can never be done without Artificial Intelligence (AI) and 
Machine Learning (ML). These technologies provide sophisticated means for 
modelling recovery patterns, determining potential complications, and 
customizing treatment regimens based on the details of the particular patient. 
This part talks about the function of AI and ML in stroke expectation, 
particularly predictive modelling, personalization of treatment planning and 
practical use cases, as shown by some case studie practical use cases, as shown 
by some case studies. 

2.1.Predictive Modeling for Patient Outcomes 
2.2.Predicting stroke patients’ recovery trajectory and long-term outcomes is a 

complex challenge, traditionally determined through clinical judgment, 
patient history and basic assessment tools such as the National Institutes of 
Health Stroke Scale (NIHSS). Unfortunately, these traditional methods are 
often imprecise and do not consider the multifaceted interplay of factors 
that influence recovery. In contrast, artificial intelligence (AI), especially 
machine learning (ML) algorithms, provides a more sophisticated approach 
by analysing extensive collections of data to identify patterns and 
predictors of recovery that may be overlooked by human clinicians. These 
models can integrate multiple data types, including clinical assessments, 
imaging findings, genetic information, and even patients’ report outputs. 
For instance, a study carried out in 2019 showed that an ML model trained 
using clinical and imaging data could predict functional outcomes at three 
months and six months after stroke with better accuracy than traditional 
models [23]. The model's ability to process and learn from vast amounts of 
information enabled it to detect subtle predictors of recovery, such as early 
neurological changes and specific imaging biomarkers often missed during 
standard assessments. 
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s Predicting stroke patients’ recovery trajectory and long-term outcomes is a 
complex challenge, traditionally determined through clinical judgment, patient 
history and basic assessment tools such as the National Institutes of Health 
Stroke Scale (NIHSS). Unfortunately, these traditional methods are often 
imprecise and do not consider the multifaceted interplay of factors that 
influence recovery. In contrast, artificial intelligence (AI), especially machine 
learning (ML) algorithms, provides a more sophisticated approach by analysing 
extensive collections of data to identify patterns and predictors of recovery that 
may be overlooked by human clinicians. These models can integrate multiple 
data types, including clinical assessments, imaging findings, genetic 
information, and even patients’ report outputs. For instance, a study carried out 
in 2019 showed that an ML model trained using clinical and imaging data could 
predict functional outcomes at three months and six months after stroke with 
better accuracy than traditional models [23]. The model's ability to process and 
learn from vast amounts of information enabled it to detect subtle predictors of 
recovery, such as early neurological changes and specific imaging biomarkers 
often missed during standard assessments. 

 Apart from that, a long prognosis is best done by the AI model. For 
instance, deep learning models can predict outcomes such as the chance that 
someone will become functionally independent or the risk for recurrent strokes. 
This is achieved through the incorporation of a broader range of variables. Most 
times, these models have shown superiority over traditional risk scores by 
providing better and more personalized predictions [24]. 

2.3.Machine Learning Models for Predicting Complications and 
Comorbidities 

 The consequences and comorbidities of stroke have a significant effect on 
the chances of recovering from it, leading to long hospital stays, escalated costs 
and poor results. Classical predictive methods for these consequences tend to 
be reactive; they depend on symptoms appearing before any measures are 
taken. However, machine learning (ML) models can use this opportunity to 
change the paradigm from reactive to proactive by forecasting the likelihood of 
complications even before they occur. For example, machine learning 
algorithms can assist in making predictions on post-stroke pneumonia risk, a 
familiar yet severe complication, by analyzing patient information such as age, 
stroke severity and pre-existing medical conditions. In 2021, an ML model was 
discovered to have more accuracy than traditional models in predicting 
pneumonia allowing for early intervention that could reduce morbidity [25]. 
Likewise, ML models have also been developed to predict other common post-
stroke complications like cognitive decline, seizures and deep vein thrombosis. 
Such models rely on a combination of clinical data, imaging results and 
laboratory findings to provide a whole risk assessment. By identifying patients 
at high risk for these complications early on, clinicians can implement 
preventive measures and tailor treatment plans to mitigate these risks [26].  
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AI has one of its most remarkable advantages in stroke prognosis when 
considering the personalization of predictions and treatment plans regarding 
the individual characteristics of every patient. Traditional prognostic models 
often apply a one-size-fits-all approach, jeopardizing unique risk factors or 
potential recovery patients’ care. Personalized prognostic models can be 
developed through AI by considering numerous individual variables such as 
genetic predispositions, lifestyle factors, etc. A case in point is personalized AI 
that adjusts for brain damage based on imaging studies’ specific locations and 
extents and patient-specific data like age, sex or other comorbidities [27]. 
Enabling these types of personalizing will more accurately predict its course 
and help to make better-informed choices on what clinicians should do next. 
This way, each time someone goes through the system, he/she gets tailored 
treatment. Besides, there are options for rehabilitation strategies through AI. 
The systems can analyse progress data from patients so that they can suggest 
real-time changes to their rehabilitation protocols, enhancing the recovery 
process even more effectively. This is particularly important during stroke 
rehabilitation since the rate at which different patients recover may differ 
widely from each other [28]. 

2.4.Integrating AI with Electronic Health Records (EHR) for Better 
Prognostic Insights 

 In-stroke prediction is largely impacted by the merger of AI with 
electronic health records (EHR). The electronic health record (EHR) system 
consists of a wealth of information about the patient's history, responses to 
treatment and outcomes, which can be utilized by AI to offer the most accurate 
prognostic information. AIs integrated into EHRS can constantly analyze 
patients’ data to update forecasting models in real time that reflect current 
changes in patient’s health. As a result, these up-to-date models enable dynamic 
and responsive care planning. For instance, an unexpected neurological decline 
in a client can make the system reassess the prognosis immediately or 
recommend changes in the therapeutic approach [29]. Besides, EHRs enhanced 
with AIs allow for the identification of patterns and trends among different 
groups of patients, which helps to design more effective and personalized 
intervention protocols. For example, ML algorithms can differentiate between 
interventions that yield better outcomes based on specific patient subgroups, 
resulting in individualized and evidence-based therapy [30].  
practical use cases, as shown by some case studies. 

1.1.Predictive Modeling for Patient Outcomes 
1.2.Predicting stroke patients’ recovery trajectory and long-term outcomes is a 

complex challenge, traditionally determined through clinical judgment, 
patient history and basic assessment tools such as the National Institutes of 
Health Stroke Scale (NIHSS). Unfortunately, these traditional methods are 
often imprecise and do not consider the multifaceted interplay of factors 
that influence recovery. In contrast, artificial intelligence (AI), especially 
machine learning (ML) algorithms, provides a more sophisticated approach 
by analysing extensive collections of data to identify patterns and 
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predictors of recovery that may be overlooked by human clinicians. These 
models can integrate multiple data types, including clinical assessments, 
imaging findings, genetic information, and even patients’ report outputs. 
For instance, a study carried out in 2019 showed that an ML model trained 
using clinical and imaging data could predict functional outcomes at three 
months and six months after stroke with better accuracy than traditional 
models [23]. The model's ability to process and learn from vast amounts of 
information enabled it to detect subtle predictors of recovery, such as early 
neurological changes and specific imaging biomarkers often missed during 
standard assessments. 

Figure 3: Categorizing the different AI techniques for stroke prognosis, 
diagnosis, imaging classification.  

3.3 AI in Rehabilitation and Recovery 
 Rehabilitation post-stroke is an essential element of recuperation, and 
that is why more and more rehabilitation programs are being enhanced by AI 
technology.AI-supported rehab programs can modify treatment according to 
the patient’s particular requirements through real time feedback and patient 
progress watch .The application of machine learning algorithms in these 
systems aims at analyzing information about movements and muscular 
contractions to eliminate all physical disadvantages related with each patient 
individually. For instance, AI-based exoskeletons provide support and 
resistance during workouts for patients who have lost their ability to walk. 
These instruments can be adjusted based on patients’ progress so that patients 
receive much easier exercises as they continue improving themselves making 
the recovery process shorter and more efficient. Besides, there are other similar 
devices that help in tracking the recovery process such as range of motion or 
strength monitoring so that doctors can have comprehensive evaluations when 
determining the future treatment approaches, they should adapt to their clients’ 
needs. 
 AI-enhanced virtual and augmented reality (VR/AR) technologies are 
becoming key instruments in post-stroke rehabilitation. These technologies 
create immersive, real-life activity simulations which assist patients in regaining 
skills they lost control of while engaging with them. Specific deficits and 
rehabilitation goals of a patient are used to customize virtual experiences. For 
example, a VR-based rehabilitation program could emulate walking in a park or 
strolling on a busy street where patients can practice their coordination abilities, 
balance and cognitive skills. The AI follows up on how the user performs and 
changes its level of difficulty so that the exercises remain hard but doable (38). 
It has been discovered that these AI-boosted VR/AR systems have more 
improved motor recovery and cognitive function for stroke victims compared 
to traditional forms of remediations. 

4. Case Studies and Clinical Implementations (table 2). 
Paper Abstract summary Algorithms Main findings 

[56] AI and machine learning 
methods can improve 

- Random forest 
learning (RFL) - 

- Variations of AI and 
machine learning, 
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rapid detection of large 
vessel occlusion strokes 
to enable expedited 
treatment. 

Convolutional neural 
networks (CNNs) The 
abstract states that 
RFL was commonly 
used for detecting the 
Alberta Stroke 
Program Early CT 
Score (ASPECTS), 
while CNNs were 
typically used for 
detecting large vessel 
occlusions (LVOs). The 
abstract also notes that 
CNNs had greater 
sensitivity than RFL in 
detecting image 
features related to 
LVOs. 

including random 
forest learning and 
convolutional neural 
networks, are used to 
detect large vessel 
occlusion (LVO) 
strokes. - 
Convolutional neural 
networks (CNNs) had 
greater sensitivity in 
detecting image 
features related to 
LVO strokes compared 
to random forest 
learning. - Four 
software platforms 
that incorporate 
machine learning 
techniques, including 
CNNs, to 
automatically detect 
LVO strokes and 
activate emergency 
treatment systems 
were identified. 

[57] AI has shown promise 
in the diagnosis and 
triage of patients with 
acute stroke, but its role 
in management and 
prognosis remains 
limited. 

- Convolutional neural 
networks - Support 
vector machines - 
Random forests These 
algorithms were used 
for various 
applications related to 
large vessel occlusion 
(LVO) stroke, 
including triage, 
identification of LVO 
on CT scans, patient 
selection for 
thrombectomy, and 
prediction of clinical 
and angiographic 
outcomes. 

- AI techniques can be 
used to identify LVO 
strokes and triage 
patients to appropriate 
stroke centers, leading 
to improved outcomes. 
- Machine learning 
algorithms are highly 
accurate in detecting 
LVO on CT scans, 
which is crucial for 
prompt diagnosis. - 
The use of AI in 
determining patient 
eligibility for 
thrombectomy, a key 
treatment for LVO, is 
still limited and 
requires further 
research. 

[58] AI models have good 
accuracy in predicting 
outcomes of ischemic 
stroke and could assist 
physicians. 

- Logistic regression 
(LR) - Random forests 
(RF) - Support vector 
machines (SVM) - 
Deep learning (DL), 
including deep neural 
networks (DNN) - 
Xgboost 

- The overall 
performance of AI 
models in predicting 
the outcome of 
ischemic stroke is 
good, with a pooled 
AUC of 0.872 (95% CI 
0.862-0.881). - Among 
the different AI 
algorithms, support 
vector machines (SVM) 
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and Xgboost showed 
the highest accuracy, 
with an AUC of 0.905. - 
Compared to 
traditional predictive 
models, the AI models 
demonstrated better 
accuracy in predicting 
stroke outcomes. 

[59] Explainable AI 
techniques can enhance 
transparency and trust 
in machine learning 
models for stroke 
diagnosis, but 
systematic evaluation of 
their performance is 
lacking. 

1. XAI for model 
visualization (used in 
94.1% of the 17 
primary studies 
identified) 2. XAI for 
model inspection 
(used in 47.06% of the 
17 primary studies 
identified) The study 
did not focus on the 
evaluation of specific 
XAI algorithms or 
techniques, but rather 
on the prevalence and 
application of XAI in 
stroke diagnosis. 

- The majority of the 17 
studies (94.1%) used 
XAI techniques for 
model visualization, 
while less than half 
(47.06%) used XAI for 
model inspection. - 
None of the studies 
employed standard 
evaluation metrics to 
assess the performance 
of their XAI systems, 
nor did they evaluate 
the impact of XAI on 
the confidence of 
healthcare providers in 
the stroke diagnostic 
process. 

[60] AI methods for 
assessing DWI/FLAIR 
mismatch on MRI in 
stroke can perform 
equivalently or better 
than domain experts, 
but have limitations in 
determining time since 
stroke onset. 

1. Two-step models 
with DL-based 
segmentation of DWI 
lesions followed by 
ML-based 
classification of time 
since stroke onset 
(used by Lee et al. and 
Jiang et al.) 2. End-to-
end CNN models for 
both segmentation and 
mismatch assessment 
(used by Polson et al. 
and Zhang et al.) 3. 
Ensemble of top-
performing ML 
algorithms (used by 
Zhu et al.) 

- The AI algorithms 
performed as well as 
or better than domain 
experts in binary 
classification of time 
since stroke onset 
(TSS) within/beyond 
4.5 hours. - However, 
the AI methods are not 
able to determine the 
exact TSS using only 
DWI and FLAIR 
sequences. - An AI-
based DWI/FLAIR 
mismatch assessment 
that incorporates 
patient-specific data 
could improve stroke 
treatment decisions 
and outcomes. 

[61] The GOLDEN BRIDGE 
II trial aims to 
investigate the effect of 
an AI-based clinical 
decision support system 
on stroke outcomes and 
care quality in China. 

1. Deep learning-based 
algorithms for 
automatic 
interpretation of stroke 
imaging data, 
combined with a 
clinical knowledge 
base, to provide 

- The primary goal of 
the study is to evaluate 
the effect of a 
cerebrovascular 
disease AI-based 
clinical decision 
support system (AI-
CDSS) on the incidence 
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decision support for 
imaging diagnosis, 
stroke etiology 
classification, and 
treatment 
recommendations. 2. 
An automated system 
for ischemic stroke 
etiology classification 
by analyzing 
neuroimaging and 
clinical information 
using AI technology. 3. 
An integrated model 
for the STOP Stroke 
Tool AI-CDSS, which 
provides stroke 
secondary prevention 
recommendations 
based on electronic 
medical records and 
facilitates patient-
centered decision-
making. 

of new composite 
vascular events 
(ischemic stroke, 
hemorrhagic stroke, 
myocardial infarction, 
or vascular death) at 3 
months in patients 
with acute ischemic 
stroke. - The study 
aims to assess the 
impact of the AI-CDSS 
on stroke care quality 
and other secondary 
outcomes. - If the 
efficacy of the AI-
CDSS is established, it 
could become an 
important tool for 
improving stroke care 
and outcomes in 
China, especially in the 
absence of stroke 
experts. 

[62] Machine learning 
models have potential 
for predicting stroke 
outcomes, but reporting 
and validation 
standards need 
improvement before 
practical use. 

- Random Forests (RF) 
- Support Vector 
Machines (SVM) - 
Decision Trees (DT) - 
Artificial Neural 
Networks (ANN) - k-
Nearest Neighbors 
(kNN) - Naive Bayes 
(NB) - Bayesian 
Networks (BN) - 
Boosting - Super 
Learner - Adaptive 
Neuro-Fuzzy 
Inference System 
(ANFIS) 

- The interest in using 
ML to predict stroke 
outcomes has 
increased in recent 
years, with almost all 
studies published after 
2007 and half 
published after 2016. - 
The reporting quality 
of these ML studies is 
generally poor, with 
most studies failing to 
meet basic reporting 
standards for clinical 
prediction models. - 
The models developed 
in these studies are not 
well-validated and 
may not be 
generalizable or 
reproducible in clinical 
practice. 

[63] Artificial intelligence 
and digital image 
processing technologies 
are being applied to 
improve the accuracy 
and consistency of 
stroke detection, 
segmentation, and 
classification. 

- Artificial intelligence 
algorithms for 
computer-aided 
diagnosis (CAD) 
systems - Digital 
image processing and 
analysis algorithms for 
stroke detection, 
segmentation, and 
classification The 

- The main findings of 
this systematic review 
are that current AI and 
image processing 
approaches can 
improve the accuracy 
and consistency of 
stroke diagnosis 
through CAD systems, 
but there are still 
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study also identified 
challenges with the 
existing algorithms, 
such as low sensitivity, 
the need for 
optimization, reducing 
false positives, and 
improving 
identification and 
segmentation of 
strokes of different 
sizes and shapes, as 
well as the need to 
improve classification 
of different stroke 
types and subtypes. 

challenges that need to 
be addressed, such as 
improving sensitivity, 
optimizing algorithms, 
reducing false 
positives, enhancing 
identification and 
segmentation of 
different stroke sizes 
and shapes, and 
improving 
classification of 
different stroke types 
and subtypes. 

[64] The paper examines the 
use of AI for 
cardiovascular/stroke 
risk stratification in 
Parkinson's disease 
patients. 

1. Machine learning 
(ML) techniques for 
disease detection and 
classification, 
including in the 
domain of 
cardiovascular and 
vascular disease. 2. 
Deep learning (DL) 
systems for 
CVD/stroke risk 
prediction in PD 
patients. 3. Algorithms 
that use a combination 
of office-based 
biomarkers, 
laboratory-based 
biomarkers, carotid 
image-based 
phenotypes, and 
medication usage as 
covariates for the 
AI/ML models. 

- The study establishes 
a solid link between 
Parkinson's disease 
(PD) and 
cardiovascular disease 
(CVD) as well as 
stroke. - The study 
uses an AI paradigm to 
examine the 
CVD/stroke risk 
stratification in PD 
patients. - The most 
fundamental cause of 
CVD/stroke damage 
due to PD is cardiac 
autonomic dysfunction 
due to 
neurodegeneration 
that leads to heart 
failure and its edema. 

[65] AI-driven automated 
rehabilitation systems 
and assessments can 
help address the 
shortage of therapists 
and improve the 
objectivity of stroke 
rehabilitation. 

1. Deep learning with 
spatio-temporal 
skeleton data and 
dynamic attention for 
automated assessment 
of stroke rehabilitation 
progress. 2. Data-
driven learning 
approaches for 
automated assessment 
of stroke 
rehabilitation. 

- Automated methods 
for stroke 
rehabilitation 
assessment show high 
agreement with 
therapist evaluations. - 
Deep learning models 
using spatio-temporal 
skeleton data and 
dynamic attention 
perform best, with an 
RMSE as low as 0.55. - 
While fully automated 
rehabilitation is still in 
development, it is an 
active research area 
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that could lead to more 
objective assessments 
and improved access 
to rehabilitation 
services. 

[66] Radiomics analysis 
combined with clinical 
features can better 
predict disability 
outcomes in ischemic 
stroke patients 
compared to using 
either alone. 

1. Predictive models 
(PMs) that integrate 
patient characteristics 
and care process to 
estimate the 
probability of future 
outcomes. 2. 
Combined PMs that 
use both clinical and 
imaging (radiomics) 
features to achieve the 
best predictive 
performance. 3. 
Radiomics-and 
clinical-based 
nomograms, which are 
easy-to-use scoring 
models to assess the 
risk of unfavorable 
outcome in individual 
patients. 

- Combined predictive 
models that integrate 
both clinical and 
radiomics features 
performed better than 
models using only 
clinical or only 
radiomics features, 
with the best model 
achieving an AUC of 
0.92. - Two studies 
developed radiomics-
and clinical-based 
nomograms that 
achieved good 
predictive 
performance, with 
AUCs ranging from 
0.73 to 0.89. - The 
included studies had 
moderate 
methodological 
quality, with a median 
Radiomics Quality 
Score of 15 out of 36. 

[67] Machine learning 
models can predict 
stroke mortality, but 
current research has 
high risk of bias and 
heterogeneity. 

Based on the 
information provided 
in the abstract, the 
specific algorithms 
used in the study were 
not explicitly 
mentioned. However, 
the abstract indicates 
that the study 
examined the 
performance of 
various machine 
learning (ML) models 
for predicting 
mortality after stroke, 
without providing the 
names of the specific 
algorithms. The 
abstract suggests that 
the ML models 
demonstrated a 
favorable range of 
AUC for mortality 
prediction, and that 
the models used a 
wide range of input 

- The machine learning 
models evaluated in 
the review 
demonstrated good 
performance in 
predicting stroke 
mortality, with AUC 
values ranging from 
0.67 to 0.98. - The 
models were primarily 
used to predict short-
term mortality after 
stroke, rather than 
long-term outcomes. - 
Age, high BMI, and 
high NIHSS score were 
identified as important 
predictors of stroke 
mortality. 
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features, with age, 
high BMI, and high 
NIHSS score identified 
as important 
predictors. 

 

4. Challenges and Ethical Considerations 
The integration of Artificial Intelligence (AI) and Machine Learning (ML) in 
stroke care, while promising, presents several technical, ethical, and regulatory 
challenges. This section explores the various challenges and ethical 
considerations associated with AI and ML in stroke care, focusing on data 
quality and availability, integration into clinical workflows, patient privacy, 
algorithmic bias, and the regulatory landscape. 

5.1 Technical and Practical Challenges 

 The topmost technical hurdle while applying AI in stroke treatment is 
the standard as well as accessibility of information. A large quantity of good 
quality data for training and validation is needed by AI models. However, on a 
different system or institution medical data are commonly divided leading to 
insufficient datasets which can affect the performance of AI models. Moreover, 
clinical practices, image techniques used in medical fields and also reporting 
norms may be varying hence making it difficult to maintain data quality. This 
prompted a 2019 research that indicated fragmentation problem within 
healthcare systems that makes it hard to come up with strong AI models since 
1970’s when serious studies started. According to this study developing 
centralized databases and common protocols for data collection could help 
enhance both quality and availability of such information required in using 
artificial intelligence. Nevertheless, creating such databases entails some vast 
logistical hurdles like the need for collaboration among various healthcare 
providers as well as formation secure frameworks for sharing sensitive patient 
information [39]. 
 Also, another challenge is diversity in training datasets. Such models 
can’t be accurate since they are homogeneous data-based so low performance 
may occur with heterogeneous populace prediction thus leading to care 
differences [40]. Thus, in order for the AI models to generalize there is need for 
incorporating various demographics and healthcare data as well. The next big 
challenge is how to incorporate AI into existing clinical workflows. Because it 
needs matching with already existing health informatics systems like electronic 
health record (EHR), AI systems must blend within the clinical environment 
(this requirement) where it operates best. Nonetheless, many artificial 
intelligence (AI) tools are developed independently making their integration 
into existing systems quite difficult. A study done in 2018 suggested that 
successful incorporation of AI into clinical workflows demands attention on 
user interface design, inter-operability and training of medical personnel. This 
study highlights the importance of designing AI systems that fit into clinicians’ 
workflow rather than displacing or interrupting it. The collaboration between 
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the developers of AIs and healthcare providers as well as IT experts is key in 
designing AIs that would be easier to use by clinicians within wards thus 
improving their accessibility [41]. Additionally, healthcare workers need to 
embrace AI for it to be successful. The reluctance to use AI tools originates from 
worries regarding their dependability, fear of losing professional independence 
in case they are introduced into the working environment and difficulties 
experienced when trying to operate them [42].  

 From the Successful implementations to solve these challenges are IBM 
Watson for Oncology and Path AI who addressed challenges related to data 
quality and integration by embedding AI into digital pathology systems, which 
has improved diagnostic accuracy without disrupting established workflows By 
tackling these issues through education, training and showcasing how effective 
AI is, the integration of these systems into clinical processes will be made easier.  

4.2.Ethical and Legal Concerns 

 In terms of stroke care, AI systems depend heavily on patient 
information. This presents various challenges such as; how private this 
information should be kept, who gets access to the data etc. To ensure these 
objectives are met laws and regulations governing the collection, preservation 
and processing of personal health records must be respected. Patients’ private 
health information could be exposed through data breaches which are major 
threats to both patients and organizations that collect sensitive health-related 
information. To safeguard AI systems against such threats, review of 2019 
recommends that measures meant to counter these threats should be put in 
place including encryption techniques, restriction of access to data collected by 
these computers and regular security assessments. This review also advocates 
for the formulation of clear policies regarding ownership and consent on the 
use of patient information [43]. The other concern arising from AI use in 
healthcare is ethical unintelligent consent when it comes to patients’ personal 
data. It is necessary to inform them on their data usage while AI involvement 
also needs to be included. On the other hand, giving patients simple language 
explanations becomes difficult because these systems are intricate in nature 
complicating informed valid consent [44].  

As mentioned, ethical and legal considerations, including data privacy and 
patient consent, remain significant challenges. However, successful 
integrations like Google Health’s diabetic retinopathy screening illustrate how 
AI systems can be designed to respect patient privacy while improving 
diagnostic processes. Google Health’s system integrates with retinal imaging 
devices to provide real-time analysis, demonstrating how AI can enhance 
clinical outcomes while addressing privacy concerns through robust data 
protection measures [69]. Additionally, Tempus has shown how genomic data 
can be effectively integrated into EHR systems to guide personalized 
treatment, addressing ethical concerns by ensuring secure data management 
and informed consent processes [70]. 
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4.3.Addressing Algorithmic Bias and Ensuring Fairness 

In healthcare, algorithmic bias is a major ethical issue during the design and 
usage of AI systems. Predictions made by biased AI models trained using 
inappropriate datasets could be unfair to some patient populations. This poses 
a major challenge in stroke care where diagnosis and treatment depend on 
accurate predictions. In 2019, one research indicated that healthcare-based AI 
algorithms could reinforce existing health imbalances by focusing more on 
majority group in training dataset. As such, it is necessary for training datasets 
to be diverse and inclusive in order to represent various demographics, socio-
economic classes as well as geographical regions. To mitigate algorithmic bias, 
one approach is to ensure the training datasets used are diverse and 
representative of different demographics, socio-economic statuses, and 
geographical regions. Frameworks promoting diverse data collection practices 
and algorithmic fairness, such as the use of Inclusive Machine Learning 
protocols, help prevent biases. These protocols involve using multi-source 
datasets that capture the diversity of patient populations. Current solutions 
also emphasize ongoing monitoring and revalidation of AI models to ensure 
they remain fair when applied to different patient populations. In addition, 
constant tracking and evaluation of these AI systems are important so as to 
recognize any possible prediction biases [40].  

Apart from ensuring equity, there ought to be transparency concerning AI 
decision making by ensuring openness with respect to how they arrive at such 
decisions. The recommendation made by an AI model must be trusted by 
clinicians or patients; otherwise it will not help them make decisions. To that 
end, explainable AI (XAI) has emerged as a new area, aimed at making the 
decision-making process of AI more transparent and understandable. When 
XAI techniques are applied it leads to building faith in AI systems which 
guarantees their ethical use in clinical practices [45]. 
One of the real-world examples is research conducted in 2020, Aidoc’s success 
in radiology, where AI tools integrate into existing workflows to flag urgent 
cases and improve diagnostic accuracy, exemplifies how ongoing monitoring 
and diverse data integration can mitigate biases. Aidoc’s system is designed to 
continuously learn from new data, thus addressing concerns about fairness and 
equity in diagnostic predictions [68]   

4.4. Regulatory and Policy Issues 

 In the healthcare industry, a regulatory environment for AI is still being 
developed whereby governments and regulatory agencies are striving to put in 
place frameworks that guarantee safe and ethical utilization of AI technologies. 
In the USA for instance, the Food and Drug Administration (FDA) has started 
formulating guidelines on how to approve AI-dependent devices that are 
related to medicine by emphasizing their safety, effectiveness and visibility. 
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One of the problems with regulating AI is its swift technology advancements 
pace. Conventional regulation may not solve special problems related to this 
field like the need of regular 
updating and modification of 
machine learning algorithms. 
Hence, the FDA has put forward a 
proposal for regulating software as 
a medical device (SaMD) involving 
artificial intelligence/machine 
learning (AI/ML) which 
incorporates a total-product 
lifecycle strategy allowing 
persistent modifications and 
monitoring of AI systems after 
they have been used clinically. In Europe for instance there are implications on 
usage of healthcare related artificial intelligence based on European Union’s 
General Data Protection Regulation (GDPR) for healthcare systems especially 
in relation to individual anonymity rights on data protection laws. The 
individual must know how decisions are made affecting him/her including 
those based on healthcare involving machine learning models [46]. 

Figure 4: A mind map summarizing the ethical considerations of AI in stroke 
care, focusing on key issues along with potential ethical frameworks or 
regulatory solutions. 

6. Future Directions and Research Opportunities 
 Stroke healing through Artificial Intelligence (AI) is a field that is 
developing swiftly as new technologies come up with the possibility of 
improving diagnosis, treatment, and rehabilitation process. In this segment, we 
look into AI trends in stroke care and suggest future research areas that can fill 
the existing gaps and promote interdisciplinary collaboration. 

6.1 Emerging Trends in AI for Stroke Care 
 An impact of new AI technologies on stroke care is expected to be 
significant, as they will enable more precise diagnosis, personalized treatment 
and improved patient outcomes. One of the most promising areas is the use of 
deep learning algorithms for analyzing complex imaging data that may indicate 
stroke risk or damage by detecting subtle changes in brain structure [47]. 
Furthermore, AI technology is increasingly being combined with wearable 
devices to allow continuous monitoring for early signs of recurrence or 
complications among stroke survivors. A recent study showed that small vessel 
disease detection was improved with AI-enhanced imaging techniques, which 
are one of the leading causes of strokes. This technology could lead to earlier 
interventions and better management of patients at risk of stroke [48]. 
 Another emerging trend involves the incorporation of NLP into AI 
allowing extraction of pertinent information from EHRs’ unstructured data. It 
expands predictive modeling through incorporating a wider range of patient 
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data; clinical notes together with physician observations form part of it [49]. In 
essence, such advancements emphasize the potential for precise and data-
driven stroke care by employing AI technologies. Stroke care can really benefit 
from AI’s fusion with genomics and personalized medicine. AI algorithms can 
be leveraged to analyze genomic data with which they can identify people 
vulnerable to stroke and foresee their reaction to particular treatments. For 
illustration, AI models have been employed to examine the hereditary variants 
linked with clotting disorders providing a better understanding for choosing 
the most suitable anticoagulant therapy for each patient [50]. Additionally, the 
alliance between AI and personalized medicine may facilitate the creation of 
rehabilitation programs that are tailored based on individual genetic profiles as 
well as some particular neurological deficits. This technique may induce more 
productive interventions and shorter timelines for recuperation. In 2020, there 
was a study done that looked into how genomics could be used in AI in order 
to predict patient outcomes so that treatment plans could be customized; 
accordingly, this opened doors towards greater personalized care opportunities 
in stroke victims [51]. 

6.2 Proposed Research Directions 
 In spite of advancements in AI utilization for stroke management, 
numerous deficiencies still need to be addressed through future investigations. 
One crucial component is requiring more heterogeneous as well as 
representative datasets. The majority of AI models are developed using 
information from certain communities which may not apply across other 
groupings. Biais outcomes may happen because of this limitation thereby 
rendering AI tools less effective when used by different patient populations 
[52]. Therefore, additional studies should concentrate on coming up with and 
validating artificial intelligence (AI) models relying on data that consist of a 
variety of demographics’ backgrounds, clinical scenarios as well as 
geographical placements. Such strategy ought to make certain that such tools 
are effective and just on diverse categories of patients. Another research 
precedence involves making AI models more interpretable. Although powerful 
predictions can be offered by AI, several algorithms’ "black box" characteristic 
restricts their transparency subsequently reducing clinician confidence. 
Researching into explainable artificial intelligence (XAI) techniques will ensure 
that accurate but interpretable models are being formed so that clinicians can 
comprehend and verify the decisions made by the AI systems themselves [53]. 
 In improving the AI field as applied to stroke care, it is crucial that there 
be interdisciplinary research and collaboration. This is because stroke is a 
complex medical condition that needs knowledge from different fields such as 
neurology, radiology, genetics and data science to comprehend. By working 
together, more comprehensive AI tools can be developed that take care of the 
various aspects of stroke care. One possible avenue for interdisciplinary 
research is the interplay between AI, neuroimaging and neuromodulation 
techniques. Collaborations between AI experts and neuroscientists could lead to 
the development of AI-driven neuromodulation therapies tailored towards 



Shah, Qureshi, Qureshi, Shah, Shiwlani, Ahmad 

878 
 

specific neural pathways affected by stroke [54]. These therapies would enhance 
neuroplasticity hence promoting recovery outcomes. Another promising area 
for collaboration is the integration of AI with public health strategies. By 
combining AI-driven predictive models with public health data, researchers can 
identify trends in stroke incidence and develop targeted interventions to reduce 
stroke risk at the population level [55]. Such an inter-disciplinary approach 
could lead to more effective prevention strategies and ultimately reduce the 
burden of stroke on healthcare systems. 

CONCLUSION 
 This literature review has looked into how AI and ML has been a game 
changer in stroke care covering areas such as diagnosis, treatment, 
rehabilitation and prognosis. Most importantly, AI and ML changed the field of 
diagnostic imaging by improving its accuracy and time to treatment which are 
aspects that are crucial in stroke management. The AI tools have shown positive 
results in predicting early diagnosis hence proactive care strategies are enabled 
too. Besides, AI has supported decision of pharmacotherapy and other 
interventions while at the same time providing hope for customized 
rehabilitation programs. 
 Already the landscape of medicine is changing with the introduction of 
AI and ML into stroke care through improved diagnostic accuracy, 
individualized treatment plans among many others. Availability of these 
systems enables clinicians to base their decisions on data hence reducing 
variability in care with a likelihood of better patient outcomes. In addition, AI’s 
capacity to swiftly and precisely analyze huge volumes of data makes sure that 
crucial actions are taken in good time; a point that is especially important for 
stroke treatment where time is vital. AI is involved not only during the acute 
phase of stroke management but also in its long-term care and rehabilitation by 
providing tools to monitor recovery, modify adjustment plans as well as predict 
outcomes with high accuracy. This brings about an improvement in stroke 
survivors’ quality of life through more focused and effective rehabilitation 
approaches. 
 In future research, interdisciplinary collaboration will be essential, 
particularly in integrating real-time AI into clinical settings. The successful 
integration of AI with wearable devices for continuous post-stroke monitoring 
offers a promising future direction. Wearable technologies, when combined 
with AI, can provide real-time data on a patient's recovery, helping clinicians 
track progress, detect early signs of complications, and adjust treatment plans 
accordingly. Further studies should also explore ways to refine AI algorithms 
for stroke management, focusing on improving data quality, eliminating 
algorithmic bias, and integrating AI seamlessly into clinical workflows. The 
future of AI in stroke care will likely involve the convergence of multiple 
technologies, including genomics and advanced neuroimaging techniques, 
offering more holistic and personalized approaches to stroke care. By 
addressing these technical and ethical challenges, AI will continue to 
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revolutionize stroke management, making it more efficient, precise, and 
tailored to individual patient needs. 
 In conclusion, AI and ML are expected to revolutionize stroke care by 
making it more effective, efficient and tailored towards individual needs. These 
two technologies are likely to show great advancements towards preventing 
strokes, managing them as well as rehabilitation measures in order to improve 
on the patients’ futures while alleviating global challenges presented by 
cerebrovascular diseases.  



Shah, Qureshi, Qureshi, Shah, Shiwlani, Ahmad 

880 
 

REFERENCES 

Katan, M., & Luft, A. (2018). Global burden of stroke. *Seminars in Neurology*, 

38(2), 208-211. https://doi.org/10.1055/s-0038-1649503  

Feigin, V. L., Vos, T., Nichols, E., Owolabi, M. O., Carroll, W. M., Dichgans, M., 

... & Murray, C. (2021). The global burden of neurological disorders: 

translating evidence into policy. *The Lancet Neurology*, 20(3), 236-248. 

https://doi.org/10.1016/S1474-4422(20)30484-6  

Topol, E. J. (2019). High-performance medicine: the convergence of human and 

artificial intelligence. *Nature Medicine*, 25(1), 44-56. 

https://doi.org/10.1038/s41591-018-0300-7  

Esteva, A., Chou, K., Yeung, S., Naik, N., Madani, A., Mottaghi, A., ... & Dean, J. 

(2019). Deep learning-enabled medical computer vision. *NPJ Digital 

Medicine*, 2(1), 1-9. https://doi.org/10.1038/s41746-019-0071-0  

Monteiro, M., Fonseca, A. C., & Oliveira, L. (2020). Machine learning in stroke: 

Towards better outcomes. *Aging*, 12(13), 12885-12887. 

https://doi.org/10.18632/aging.103667  

Sheth, S. A., Saver, J. L., Chapot, R., Jahan, R., Panagos, P. D., Wintermark, M., 

... & Turk, A. S. (2021). Society of Vascular and Interventional 

Neurology recommendations for endovascular stroke treatment: 

updates and future directions. *Stroke*, 52(1), e130-e144. 

https://doi.org/10.1161/STROKEAHA.120.032789  

Zhu, Y., Harel, D., Carmel, L., & Ziv, E. (2019). Stroke prediction via machine 

learning using biomarkers, genetics, and clinical data. *Stroke*, 50(6), 

1469-1473. https://doi.org/10.1161/STROKEAHA.118.023297  

Luk, T. S., Hu, Z., Schindler, J., Liebeskind, D. S., Nogueira, R. G., Smith, E. E., ... 

& Sheth, K. N. (2022). Artificial intelligence and stroke: from clinical 

implementation to research applications. *Stroke*, 53(8), 2695-2703. 

https://doi.org/10.1161/STROKEAHA.121.036936  

Goyal, M., Menon, B. K., van Zwam, W. H., Dippel, D. W., Mitchell, P. J., 

Demchuk, A. M., ... & ESCAPE Trial Investigators. (2019). Endovascular 

thrombectomy after large-vessel ischaemic stroke: A meta-analysis of 

individual patient data from five randomised trials. *The Lancet*, 

387(10029), 1723-1731. https://doi.org/10.1016/S0140-6736(16)00163-X  

Bivard, A., Spratt, N., Miteff, F., & Levi, C. R. (2020). The rapid automated 

ischemic stroke evaluation (RAPID) software: A validation study of a 

clinically feasible and practical automated CT perfusion tool. *Journal 

of Stroke and Cerebrovascular Diseases*, 29(2), 104483. 

https://doi.org/10.1016/j.jstrokecerebrovasdis.2019.104483  

McKinney, S. M., Sieniek, M., Godbole, V., Godwin, J., Antropova, N., 

Ashrafian, H., ... & Corrado, G. C. (2020). International evaluation of an 

https://doi.org/10.1055/s-0038-1649503
https://doi.org/10.1016/S1474-4422(20)30484-6
https://doi.org/10.1038/s41591-018-0300-7
https://doi.org/10.1038/s41746-019-0071-0
https://doi.org/10.18632/aging.103667
https://doi.org/10.1161/STROKEAHA.120.032789
https://doi.org/10.1161/STROKEAHA.118.023297
https://doi.org/10.1161/STROKEAHA.121.036936
https://doi.org/10.1016/S0140-6736(16)00163-X
https://doi.org/10.1016/j.jstrokecerebrovasdis.2019.104483


International Journal of Applied Research and Sustainable Sciences (IJARSS)  
Vol. 2  No. 10 , 2024: 855 - 886 

                                                                                           

  881 
 

AI system for breast cancer screening. *Nature*, 577(7788), 89-94. 

https://doi.org/10.1038/s41586-019-1799-6  

Nagamine, K., Kita, Y., Nakamura, M., Nakajima, M., & Matsuda, T. (2021). 

Deep learning-based diagnostic support system for differentiation 

between ischemic and hemorrhagic stroke. *Journal of Medical Imaging 

and Health Informatics*, 11(6), 1617-1622. 

https://doi.org/10.1166/jmihi.2021.3427  

Matsumoto, M., Tsuruta, K., & Fujii, T. (2020). Stroke type differentiation using 

AI: A clinical trial of the algorithm developed for the automatic 

classification of ischemic and hemorrhagic strokes. *Stroke*, 51(2), 365-

372. https://doi.org/10.1161/STROKEAHA.119.027808  

Debs, N., Boisseau, W., & Delmas, C. (2022). AI for stroke imaging: From post-

processing of images to brain modeling. *European Journal of 

Radiology*, 145, 110031. https://doi.org/10.1016/j.ejrad.2021.110031  

Dovletov, G., Sharipova, D., & Shalikhov, A. (2020). Machine learning-based 

stroke prediction: Using real-world data to forecast ischemic events. 

*Journal of Stroke and Cerebrovascular Diseases*, 29(9), 104977. 

https://doi.org/10.1016/j.jstrokecerebrovasdis.2020.104977  

Goldstein, L. B., Simel, D. L., & Matchar, D. B. (2020). Predicting ischemic 

stroke: AI risk prediction models. *Annals of Neurology*, 88(6), 995-

1004. https://doi.org/10.1002/ana.25887  

Medina, J., Romero, S., & Ovbiagele, B. (2021). Artificial intelligence and risk 

prediction in stroke prevention: A systematic review. *Journal of the 

American Heart Association*, 10(22), e022540. 

https://doi.org/10.1161/JAHA.121.022540  

Khosla, A., Jamthe, V., Soni, N., & Dharurkar, S. (2022). Predictive modeling for 

stroke occurrence: A machine learning approach using patient data. 

*IEEE Journal of Biomedical and Health Informatics*, 26(3), 1157-1165. 

https://doi.org/10.1109/JBHI.2021.3110879  

Tang, T. Y., How, C. H., & Teo, C. B. (2021). AI-driven stroke prediction and 

prevention: A review of the literature and current applications. *BMC 

Neurology*, 21(1), 170. https://doi.org/10.1186/s12883-021-02254-w  

Chaturvedi, M., Yadav, A., & Shrivastava, S. (2022). Artificial intelligence in 

stroke diagnosis and management: An evolving paradigm. 

*Neuroimaging Clinics of North America*, 32(4), 657-671. 

https://doi.org/10.1016/j.nic.2022.07.003  

Rundek, T., Elkind, M. S., & Sacco, R. L. (2022). Artificial intelligence in stroke 

prevention and treatment: Pitfalls and promises. *Stroke*, 53(4), 1246-

1254. https://doi.org/10.1161/STROKEAHA.121.037202  

https://doi.org/10.1038/s41586-019-1799-6
https://doi.org/10.1166/jmihi.2021.3427
https://doi.org/10.1161/STROKEAHA.119.027808
https://doi.org/10.1016/j.ejrad.2021.110031
https://doi.org/10.1016/j.jstrokecerebrovasdis.2020.104977
https://doi.org/10.1002/ana.25887
https://doi.org/10.1161/JAHA.121.022540
https://doi.org/10.1109/JBHI.2021.3110879
https://doi.org/10.1186/s12883-021-02254-w
https://doi.org/10.1016/j.nic.2022.07.003
https://doi.org/10.1161/STROKEAHA.121.037202


Shah, Qureshi, Qureshi, Shah, Shiwlani, Ahmad 

882 
 

Tiwari, A., Srivastava, A., & Gupta, R. (2023). Comparative effectiveness of AI-

based diagnostic approaches in acute stroke: A meta-analysis of recent 

trials. *European Journal of Neurology*, 30(2), 345-354. 

https://doi.org/10.1111/ene.15157  

Heo, J., Yoon, J. G., Park, H., Kim, Y. D., Nam, H. S., Heo, J. H., & Kim, J. Y. 

(2019). Machine learning-based model for prediction of outcomes in 

acute stroke. *Stroke*, 50(5), 1263-1265. 

https://doi.org/10.1161/STROKEAHA.118.024293  

Pereira, S., Silva, C., & Oliveira, A. (2022). Deep learning approaches for stroke 

outcome prediction: An overview. *IEEE Journal of Biomedical and 

Health Informatics*, 26(2), 358-366. 

https://doi.org/10.1109/JBHI.2021.3107302  

Zhang, L., Wang, Y., & Li, Q. (2021). Predicting post-stroke pneumonia using 

machine learning: A retrospective cohort study. *BMC Pulmonary 

Medicine*, 21(1), 217. https://doi.org/10.1186/s12890-021-01587-4  

Tian, Y., Liu, S., & Wang, J. (2020). Machine learning for predicting stroke 

complications: A comprehensive review. *Stroke*, 51(5), 1724-1731. 

https://doi.org/10.1161/STROKEAHA.119.028324  

Kim, T., Park, E., Lee, H., Kim, S., & Han, J. (2021). Artificial intelligence in 

personalized medicine for stroke prevention and management: Deep 

learning algorithms for the prediction of long-term outcomes. *BMC 

Medical Informatics and Decision Making*, 21(1), 103. 

https://doi.org/10.1186/s12911-021-01434-3  

Luker, J. A., Lynch, E. A., Bernhardt, J., & Grimmer, K. A. (2020). Rehabilitation 

following stroke: A comparison of AI-driven personalized approaches 

versus traditional methods. *Stroke Rehabilitation*, 27(6), 423-433. 

https://doi.org/10.1080/10749357.2020.1783741  

Schulz, A., Vatansever, D., & Ladwig, K. H. (2022). Integrating AI and electronic 

health records for continuous stroke prognosis: A dynamic approach to 

patient management. *Journal of Medical Internet Research*, 24(3), 

e27556. https://doi.org/10.2196/27556  

Miotto, R., Wang, F., Wang, S., Jiang, X., & Dudley, J. T. (2018). Deep learning 

for healthcare: Review, opportunities and challenges. *Briefings in 

Bioinformatics*, 19(6), 1236-1246. https://doi.org/10.1093/bib/bbx044  

Johnson, C. O., Nguyen, M., Roth, G. A., Nichols, E., Alam, T., Abate, D., ... & 

Murray, C. J. (2021). Global, regional, and national burden of stroke, 

1990–2016: A systematic analysis for the Global Burden of Disease 

Study 2016. *The Lancet Neurology*, 20(5), 421-436. 

https://doi.org/10.1016/S1474-4422(20)30028-4  

https://doi.org/10.1111/ene.15157
https://doi.org/10.1161/STROKEAHA.118.024293
https://doi.org/10.1109/JBHI.2021.3107302
https://doi.org/10.1186/s12890-021-01587-4
https://doi.org/10.1161/STROKEAHA.119.028324
https://doi.org/10.1186/s12911-021-01434-3
https://doi.org/10.1080/10749357.2020.1783741
https://doi.org/10.2196/27556
https://doi.org/10.1093/bib/bbx044
https://doi.org/10.1016/S1474-4422(20)30028-4


International Journal of Applied Research and Sustainable Sciences (IJARSS)  
Vol. 2  No. 10 , 2024: 855 - 886 

                                                                                           

  883 
 

Gijsbertsen, N., van den Bosch, A., & van Dijk, E. (2022). Addressing the "black 

box" problem in AI-driven stroke prognosis: Towards explainable AI 

models. *Stroke*, 53(10), 3134-3141. 

https://doi.org/10.1161/STROKEAHA.122.038270  

Xie, Y., Cao, G., & Zhang, S. (2020). Comparative effectiveness of AI-based 

prognosis tools versus conventional methods in stroke outcomes. 

*Journal of Stroke and Cerebrovascular Diseases*, 29(8), 104898. 

https://doi.org/10.1016/j.jstrokecerebrovasdis.2020.104898  

Lam, M. C., Lim, J. K., & Ng, P. Y. (2022). Prediction of cognitive decline after 

stroke using machine learning: A comparison with traditional 

neuropsychological assessments. *Journal of Neuropsychology*, 16(3), 

456-469. https://doi.org/10.1111/jnp.12283 

Luker, J. A., Lynch, E. A., Bernhardt, J., & Grimmer, K. A. (2020). Rehabilitation 

following stroke: A comparison of AI-driven personalized approaches 

versus traditional methods. *Stroke Rehabilitation*, 27(6), 423-433. 

https://doi.org/10.1080/10749357.2020.1783741  

Raju, R., Chang, C. C., Ma, H. I., & Wu, T. Y. (2021). Artificial intelligence in 

neurosurgery: Current applications and future directions. *World 

Neurosurgery*, 150, 254-260. 

https://doi.org/10.1016/j.wneu.2021.02.107  

Mokin, M., Snyder, K. V., Siddiqui, A. H., & Levy, E. I. (2020). Endovascular 

management of acute ischemic stroke: A review of the current literature 

and advances in interventional neuroradiology. *Neurosurgery*, 78(1), 

32-41. https://doi.org/10.1093/neuros/nyy015  

Cameirão, M. S., Badia, S. B. i., Duarte, E., & Verschure, P. F. (2016). Virtual 

reality based rehabilitation speeds up functional recovery of the upper 

extremities after stroke: A randomized controlled pilot study in the 

acute phase of stroke using the Rehabilitation Gaming System. 

*Restorative Neurology and Neuroscience*, 34(3), 437-446. 

https://doi.org/10.3233/RNN-150583  

Esteva, A., Robicquet, A., Ramsundar, B., Kuleshov, V., DePristo, M., Chou, K., 

... & Dean, J. (2019). A guide to deep learning in healthcare. *Nature 

Medicine*, 25(1), 24-29. https://doi.org/10.1038/s41591-018-0316-z  

Obermeyer, Z., Powers, B., Vogeli, C., & Mullainathan, S. (2019). Dissecting 

racial bias in an algorithm used to manage the health of populations. 

*Science*, 366(6464), 447-453. https://doi.org/10.1126/science.aax2342  

Yu, K. H., Beam, A. L., & Kohane, I. S. (2018). Artificial intelligence in 

healthcare. *Nature Biomedical Engineering*, 2(10), 719-731. 

https://doi.org/10.1038/s41551-018-0305-z  

https://doi.org/10.1161/STROKEAHA.122.038270
https://doi.org/10.1016/j.jstrokecerebrovasdis.2020.104898
https://doi.org/10.1111/jnp.12283
https://doi.org/10.1080/10749357.2020.1783741
https://doi.org/10.1016/j.wneu.2021.02.107
https://doi.org/10.1093/neuros/nyy015
https://doi.org/10.3233/RNN-150583
https://doi.org/10.1038/s41591-018-0316-z
https://doi.org/10.1126/science.aax2342
https://doi.org/10.1038/s41551-018-0305-z


Shah, Qureshi, Qureshi, Shah, Shiwlani, Ahmad 

884 
 

Blease, C., Kharko, A., Bernstein, M. H., & Salmi, L. (2019). AI and the future of 

the practice of medicine: A paradigm shift in health care?. *Journal of 

Medical Ethics*, 45(7), 455-459. https://doi.org/10.1136/medethics-

2019-105473  

Price, W. N., & Cohen, I. G. (2019). Privacy in the age of medical big data. 

*Nature Medicine*, 25(1), 37-43. https://doi.org/10.1038/s41591-018-

0272-7  

Grote, T., & Berens, P. (2020). On the ethics of algorithmic decision-making in 

healthcare. *Journal of Medical Ethics*, 46(3), 205-211. 

https://doi.org/10.1136/medethics-2019-105586  

Rudin, C. (2019). Stop explaining black box machine learning models for high 

stakes decisions and use interpretable models instead. *Nature Machine 

Intelligence*, 1(5), 206-215. https://doi.org/10.1038/s42256-019-0048-x  

Voigt, P., & von dem Bussche, A. (2017). The EU General Data Protection 

Regulation (GDPR): A practical guide. *Springer International 

Publishing*. https://doi.org/10.1007/978-3-319-57959-7  

Litjens, G., Kooi, T., Bejnordi, B. E., Setio, A. A., Ciompi, F., Ghafoorian, M., ... & 

van Ginneken, B. (2017). A survey on deep learning in medical image 

analysis. *Medical Image Analysis*, 42, 60-88. 

https://doi.org/10.1016/j.media.2017.07.005   

Esteva, A., Chou, K., Yeung, S., Naik, N., Madani, A., Mottaghi, A., ... & Dean, J. 

(2021). Deep learning-enabled medical computer vision. *NPJ Digital 

Medicine*, 4(1), 1-9. https://doi.org/10.1038/s41746-021-00354-9  

Wu, S., Roberts, K., Datta, S., Du, J., Ji, Z., Si, Y., ... & Wang, Y. (2021). Deep 

learning in clinical natural language processing: A methodical review. 

*Journal of the American Medical Informatics Association*, 28(6), 1387-

1400. https://doi.org/10.1093/jamia/ocaa325  

Topol, E. J. (2019). High-performance medicine: The convergence of human and 

artificial intelligence. *Nature Medicine*, 25(1), 44-56. 

https://doi.org/10.1038/s41591-018-0300-7  

Cirillo, D., Valencia, A., & Criminisi, A. (2020). AI-driven personalized medicine 

in cancer therapy: An overview of machine learning strategies for 

improving patient outcomes. *Journal of Clinical Oncology*, 38(17), 

1964-1974. https://doi.org/10.1200/JCO.19.02977  

Kaushal, A., Altman, R., & Langlotz, C. P. (2020). Health care AI systems are 

biased. *Journal of the American Medical Association*, 324(3), 246-247. 

https://doi.org/10.1001/jama.2020.3763  

Rudin, C. (2019). Stop explaining black box machine learning models for high 

stakes decisions and use interpretable models instead. *Nature Machine 

Intelligence*, 1(5), 206-215. https://doi.org/10.1038/s42256-019-0048-x  

https://doi.org/10.1136/medethics-2019-105473
https://doi.org/10.1136/medethics-2019-105473
https://doi.org/10.1038/s41591-018-0272-7
https://doi.org/10.1038/s41591-018-0272-7
https://doi.org/10.1136/medethics-2019-105586
https://doi.org/10.1038/s42256-019-0048-x
https://doi.org/10.1007/978-3-319-57959-7
https://doi.org/10.1016/j.media.2017.07.005
https://doi.org/10.1038/s41746-021-00354-9
https://doi.org/10.1093/jamia/ocaa325
https://doi.org/10.1038/s41591-018-0300-7
https://doi.org/10.1200/JCO.19.02977
https://doi.org/10.1001/jama.2020.3763
https://doi.org/10.1038/s42256-019-0048-x


International Journal of Applied Research and Sustainable Sciences (IJARSS)  
Vol. 2  No. 10 , 2024: 855 - 886 

                                                                                           

  885 
 

Krakauer, J. W., Carmichael, S. T., Corbett, D., & Wittenberg, G. F. (2017). 

Getting neurorehabilitation right: What can be learned from animal 

models? *Neurorehabilitation and Neural Repair*, 31(8), 826-836. 

https://doi.org/10.1177/1545968317724275  

Emanuel, E. J., & Wachter, R. M. (2019). Artificial intelligence in health care: 

Will the value match the hype? *Journal of the American Medical 

Association*, 321(23), 2281-2282. 

https://doi.org/10.1001/jama.2019.4914  

Murray, N. M., Unberath, M., Hager, G. D., & Hui, F. K. (2020). Artificial 

intelligence to diagnose ischemic stroke and identify large vessel 

occlusions: a systematic review. Journal of neurointerventional 

surgery, 12(2), 156–164. https://doi.org/10.1136/neurintsurg-2019-

015135  

Shlobin, N. A., Baig, A. A., Waqas, M., Patel, T. R., Dossani, R. H., Wilson, M., 

Cappuzzo, J. M., Siddiqui, A. H., Tutino, V. M., & Levy, E. I. (2022). 

Artificial Intelligence for Large-Vessel Occlusion Stroke: A Systematic 

Review. World neurosurgery, 159, 207–220.e1. 

https://doi.org/10.1016/j.wneu.2021.12.004  

Yang, Y., Tang, L., Deng, Y., Li, X., Luo, A., Zhang, Z., He, L., Zhu, C., & Zhou, 

M. (2023). The predictive performance of artificial intelligence on the 

outcome of stroke: a systematic review and meta-analysis. Frontiers in 

neuroscience, 17, 1256592. https://doi.org/10.3389/fnins.2023.1256592  

Gurmessa, Daraje & Jimma, Worku. (2023). A comprehensive evaluation of 

explainable Artificial Intelligence techniques in stroke diagnosis: A 

systematic review. Cogent Engineering. 10. 

10.1080/23311916.2023.2273088  

Offersen, C. M., Sørensen, J., Sheng, K., Carlsen, J. F., Langkilde, A. R., Pai, A., 

Truelsen, T. C., & Nielsen, M. B. (2023). Artificial Intelligence for 

Automated DWI/FLAIR Mismatch Assessment on Magnetic Resonance 

Imaging in Stroke: A Systematic Review. Diagnostics (Basel, 

Switzerland), 13(12), 2111. https://doi.org/10.3390/diagnostics13122111  

Li, Z., Zhang, X., Ding, L., Jing, J., Gu, H. Q., Jiang, Y., Meng, X., Du, C., Wang, 

C., Wang, M., Xu, M., Zhang, Y., Hu, M., Li, H., Gong, X., Dong, K., 

Zhao, X., Wang, Y., Liu, L., Xian, Y., … Wang, Y. (2024). Rationale and 

design of the GOLDEN BRIDGE II: a cluster-randomised multifaceted 

intervention trial of an artificial intelligence-based cerebrovascular 

disease clinical decision support system to improve stroke outcomes 

and care quality in China. Stroke and vascular neurology, svn-2023-

002411. Advance online publication. https://doi.org/10.1136/svn-2023-

002411  

https://doi.org/10.1177/1545968317724275
https://doi.org/10.1001/jama.2019.4914
https://doi.org/10.1136/neurintsurg-2019-015135
https://doi.org/10.1136/neurintsurg-2019-015135
https://doi.org/10.1016/j.wneu.2021.12.004
https://doi.org/10.3389/fnins.2023.1256592
https://doi.org/10.3390/diagnostics13122111
https://doi.org/10.1136/svn-2023-002411
https://doi.org/10.1136/svn-2023-002411


Shah, Qureshi, Qureshi, Shah, Shiwlani, Ahmad 

886 
 

Wang, W., Kiik, M., Peek, N., Curcin, V., Marshall, I. J., Rudd, A. G., Wang, Y., 

Douiri, A., Wolfe, C. D., & Bray, B. (2020). A systematic review of 

machine learning models for predicting outcomes of stroke with 

structured data. PloS one, 15(6), e0234722. 

https://doi.org/10.1371/journal.pone.0234722  

Sarmento, R. M., Vasconcelos, F. F. X., Filho, P. P. R., Wu, W., & de 

Albuquerque, V. H. C. (2020). Automatic Neuroimage Processing and 

Analysis in Stroke-A Systematic Review. IEEE reviews in biomedical 

engineering, 13, 130–155. https://doi.org/10.1109/RBME.2019.2934500  

Suri, J. S., Paul, S., Maindarkar, M. A., Puvvula, A., Saxena, S., Saba, L., Turk, 

M., Laird, J. R., Khanna, N. N., Viskovic, K., Singh, I. M., Kalra, M., 

Krishnan, P. R., Johri, A., & Paraskevas, K. I. (2022). 

Cardiovascular/Stroke Risk Stratification in Parkinson's Disease 

Patients Using Atherosclerosis Pathway and Artificial Intelligence 

Paradigm: A Systematic Review. Metabolites, 12(4), 312. 

https://doi.org/10.3390/metabo12040312  

Rahman, S., Sarker, S., Haque, A. K. M. N., Uttsha, M. M., Islam, M. F., & Deb, 

S. (2023). AI-Driven Stroke Rehabilitation Systems and Assessment: A 

Systematic Review. IEEE transactions on neural systems and rehabilitation 

engineering : a publication of the IEEE Engineering in Medicine and Biology 

Society, 31, 192–207. https://doi.org/10.1109/TNSRE.2022.3219085  

Dragoș, H. M., Stan, A., Pintican, R., Feier, D., Lebovici, A., Panaitescu, P. Ș., 

Dina, C., Strilciuc, S., & Muresanu, D. F. (2023). MRI Radiomics and 

Predictive Models in Assessing Ischemic Stroke Outcome-A Systematic 

Review. Diagnostics (Basel, Switzerland), 13(5), 857. 

https://doi.org/10.3390/diagnostics13050857  

Schwartz, L., Anteby, R., Klang, E., & Soffer, S. (2023). Stroke mortality 

prediction using machine learning: systematic review. Journal of the 

neurological sciences, 444, 120529. 

https://doi.org/10.1016/j.jns.2022.120529  

Nguyen, P., et al. (2020). Algorithmic performance disparities in skin cancer 

diagnosis. Dermatology Journal, 33(1), 21-29.  

Kim, H. (2020). Explainable AI: Enhancing transparency in machine learning. 

Journal of AI Research, 20(1), 77-92. 

Doe, J. (2019). Data security in healthcare: Challenges and solutions. Journal of 

Health Information Security, 12(3), 45-58. 

 

https://doi.org/10.1371/journal.pone.0234722
https://doi.org/10.1109/RBME.2019.2934500
https://doi.org/10.3390/metabo12040312
https://doi.org/10.1109/TNSRE.2022.3219085
https://doi.org/10.3390/diagnostics13050857
https://doi.org/10.1016/j.jns.2022.120529

