
INTRODUCTION 

troke is an important cause of Smorbidity and mortality around the 
world, as globally, it causes 5.5 million 

1deaths annually.  Additionally, it has also 
been reported that around 50% of 
stroke survivors remain chronically 

1disabled.  Only in the United States 
around 700,000 individuals get stroke, 
contributing to 165,000 deaths on an 

2annual basis.  The economic burden of 
stroke ranges from USD 1,810 to 

3325,108.  Stroke risk is increased by 
conditions like atrial fibrillation and 

large-atherosclerotic disease.  Anti-
coagulants are used to avert the risk of 
stroke in such around half of these 

4individuals.  An important challenge 
occurs when clinicians have to choose 
the right type of anti-coagulant and 
select an appropriate dose for that anti-
coagulant.  Therefore, it is important to 
optimize the choice of these anti-
coagulants based on several factors 
specific to the patient, including the 
relevant comorbidities. 

In recent years, the improvement in the 
ability to gather large amounts of data 

and increased computational capacity 
has created tremendous opportunities 
for using machine learning techniques to 

5solve problems related to healthcare.     
Machine learning has the ability to 
process a large amount of data and 
detect patterns within the data to 
facilitate risk stratification, prediction, 
and decision optimization, ensuring that 
most of the contextually relevant 
evidence for individual patients is used 

6,7in real-time.  

Though machine learning has the ability 
to optimize the use of anti-coagulants to 
prevent stroke among individuals who 
are at risk of stroke, the evidence in this 
area is scattered and, therefore, is 
required to be organized to understand 
different available machine learning 
techniques that can be utilized for this 
purpose. It is also important to check 
whether the ability of these techniques 
to improve morbidity and mortality has 
been checked through different 
intervent iona l  s tudies  or  not .   
Therefore, with this background, we 
conducted a systematic review to 
identify machine learning interventions 
for optimizing the use of anti-coagulants 
for stroke prevention among individuals 
who are at risk of stroke.  

METHODS 

For the purpose of this systematic 
review to ensure methodological rigor 
we adhered with Preferred Reporting 
Items for Systematic Reviews (PRISMA) 

8checklist.   

Inclusion and exclusion criteria: We 
included all the articles that gave some 
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insights into the role of machine learning 
in optimizing the use of anti-coagulants 
in the prevention of stroke.  Therefore, 
any article that suggested machine 
learning as a possible intervention to 
prevent stroke through optimizing the 
dose of anticoagulants in among 
individuals who are at increased risk of 
stroke was included irrespective of their 
study design. We restricted our search 
to articles that were published in 
English. Additionally, we restricted our 
search to articles that did analysis on 
primary data.  

Search strategy: Relevant articles 
published till March 2024 were 
identified and included for further 
screening in this systematic review. We 
did not restrict our search to a start date 
to ensure inclusion of the maximum 
possible relevant article in this 
systematic review.  The selected 
articles were screened and reviewed by 
two independent reviewers.  The 
articles check for the relevance of the 
study inclusion criteria based on the 
title, abstract and the complete article 
and figure 1 shows the details of the 
articles that were included in this study.  
Literature was identified using Different 
MeSH terms that included Machine 
Learning, Artif icial Intell igence, 
Anticoagulants, and Decision Support 

System were used.  Different variants of 
these terms were used by combining 
these MeSH terms and the variants of 
these search terms with appropriate 
Boolean operators as can be seen in 
Appendix 1.  We identified relevant 
articles from PubMed and Google 
Scholar.  Further, to ensure that we do 
not miss any relevant articles, we 
searched the reference list of the 
individual articles.  The included articles 
were identified and then screened for 
eligibility to be included in the study.  
We identified a total of 333 articles, 
upon reading the titles of these articles, 
we identified 25 articles based on 
abstracts, and upon reading the full 
articles, we included 15 articles in our 
systematic review upon assessment of 
the full articles for the eligibility criteria.

Data extraction: The extracted data 
was entered into an excel sheet 
containing the information about the 
authors, date of publication, sample size 
of the study and the type of machine 
learning model that was used in the 
study.  Additionally, the studies were 
classified into thematic areas for 
qualitative synthesis. 

Risk of bias assessment: The 
methodological rigor of the included 
studies was assessed by carrying out risk 

of bias assessment using prediction 
9model risk of bias assessment tool.    

The studies were assessed based on the 
information related to adequacy of the 
data sources, explicit definitions and 
relevance of predictors, relevance of 
the outcome to the scope of the study, 
methodological rigor in identifying the 
outcome and quality of analysis.  The 
results of risk assessment were 
summarized in the table II.  

RESULTS

Risk stratification and stroke 
prediction: Though CHADS2-VASc 
score is used for risk stratification and, 
therefore, treatment optimization for 
individuals anticipated to have a higher 
risk for stroke due to atrial fibrillation, it 
was recently found that well-designed 
machine learning models like deep 
neural network, logistic regression, 
XGBoost and Random forst perform 
better in terms of prediction of risk of 
ischemic stroke in this population as 
compared to the CHADS2-VASc 

10score.  For this analysis based on a large 
Korean national dataset, a deep learning 
model was computed to identify 32 
features that risk stratifying these 
individuals in terms of their risk for atrial 
fibrillation.  This study was done on data 
from 754,949 patients, among which 
62,226 were positive for ischemic 
stroke.  Such a large dataset with 
detailed information about several 
relevant features is a unique strength 
that can be made possible through 
ef fect ive data  integrat ion and 
formulation of data governance and data 
processing pipelines at the level of 
institutions and countries.  This can help 
formulate contextually relevant 
machine learning models that can 
identify individuals at high risk of stroke 
and, therefore, suggest anticoagulation 
therapy. Additionally, future studies 
would be required to optimize the type 
of anticoagulation therapy as well as 
their doses in the context of the 
contextually relevant factors identified 
through these machine learning models. 

One study was done to check the 
performance of different machine 
learning like random forest models to 
predict prognosis among acute ischemic 

11stroke patients.  Along with several 
other factors, it was found that anti-
coagulant use was related to bad Figure 1: PRISMA Flow chart to show studies included in the study
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Table I: Summary of the studies included in this systematic review

Study Focus Area Population
Sample 

Size
Machine Learning Models or other 

data science techniques used 

10Jung S, et al., (2022) Prediction of ischemic stroke Korean 754,949
Logistic Regression
Attention-based deep neural network.  

13Kostev K, et al.,(2021) Prediction of stroke diagnosis German 39,652
Sub-Population Optimization and Modeling 
Solutions

11Wang K, et al.,  (2024) Prediction of acute schemic stroke Chinese 677 Logistic Regression 

12Lip GYH, et al.,  (2021) 
Predict of stroke risk among newly 
diagnosed non anticoagulated atrial 
brillation patients 

US 6,457,412 Logistic Regression 

25Han S, et al.,  (2022) Deriving propensity score Korean 129,434
Logistic Regression
Generalized boosted model 

Asiimwe, IG, et al., (2022) 
17 Warfarin dose optimization Uganda 270

Bagged trees
Cubist
Random Forest Regression
Bayesian Additive Regression trees
Model trees
eXtreme Gradient Boosting
Boosted trees
Quantile Regression
Nonlinear Least Square Regression
Robust Regression
Support Vector Regression
Ridge Regression
Partial Least Square Regression
Ordinary Least Square Regression
Principal Component Regression
LASSO Regression
Elastic Net Regression
Articial Neural Networks
Multivariate Adaptive Regression Splines 
Regression Trees 
K nearest neighbors

18Jahmunah, et al., (2023) Warfarin dose prediction US 6000 Deep Neural Network 

19Ma Z, et al., (2018) Warfarin dose prediction US 5,743 Ensemble of Machine Learning Algorithms 

Kozieł-Siołkowska et al., 
23(2022) 

Prediction of adherence to stroke 
prevention strategies 

Balkan 2,712 Random Forest 

14Huang YC, et al., (2022) Prediction of vascular events Taiwan 11,803

Logistic Regression
Naïve Bayes 
Random Forest 
Regression Tree 
Extreme gradient boosting 

15Elkin PL, et al., (2024) Identify nonvalvular atrial fibrillation US 96,681 Natural Language Processing 

21Huang YC et al., (2023)
Risk evaluation of patients of non-valvular 
atrial fibrillation taking dabigatran

Taiwan 18,113

Logistic Regression 
Naiva Bayes
Decision Tree
Random Forest
XGBoost 

Nadarajah R, et al., (2023) 
16

Identification of patients with Atrial 
Fibrillation 

UK 1,955
Machine Learning based Clinical Decision 
Support System

22Meid AD, et al., (2022) Individual Treatment Effects German 29,901 Random Forst 



prognosis of individuals who suffered 
from acute ischemic stroke.  Such 
findings suggesting an adverse effect of 
anti-coagulants among stroke patients 
are required to be interpreted with 
caution.  It is possible that anti-
coagulants used in acute ischemic 
stroke patients may increase the risk of 
bleeding among these individuals, 
therefore contributing to the worse 
prognosis of these patients.  It is, 
therefore, very important to carefully 
decide the doses of anti-coagulants to 
prevent stroke among individuals who 
are at risk of stroke.  Though this study 
just captured the information about 
whether anti-coagulants were taken or 
not taken but it is important to get 
information about the types of anti-
coagulants and the doses of various 
types of anti-coagulants which were 
used in this study.  Therefore, it is 
important that such studies be designed 
by integrating data science principles 
with epidemiological acumen to 
comment on the question of whether 
the relationship between anti-
coagulants and adverse prognosis 
reported among patients of acute 
ischemic stroke was of a causal nature 
or it  was just an association.  
Additionally, which type of anti-
coagulant has been reported to have a 
better prognosis as compared to the 
others is also required to be explored 
through future studies which may 
compare the prognosis of acute 
ischemic patients between different 
types of anti-coagulants. 

In another study, it was found that 
among individuals who have newly 
diagnosed atrial fibrillation but not 
receiving anti-coagulants, it was found 
the prediction of stroke based on 
different machine learning models 
outperformed prediction based on 
different algorithms like CHADS2 and 

12CHA2DS2-VASc.  This study showed 
traditional algorithms like CHADS2 and 
CHA2DS2-VASc, which are regularly 
used in clinical practice, are required to 
be compared with machine learning 
algorithms in which a large amount of 
f a c t o r s ,  i n c l u d i n g  m u l t i p l e  
comorbidities, are used in the 
prediction of stroke.  Like several other 
s tud ies  done to  eva luate  the 
performance of machine learning 
models, this study was also an 

observational study; therefore, it is also 
the need of the time to check the ability 
of these machine learning models as 
potential interventions to improve the 
ability to risk stratification and 
therefore, prevention of stroke in the 
real world. 

Another study that was done in 
Germany intended to risk stratify 
through the prediction of ischemic 
stroke among patients who are treated 
with non-vitamin K antagonists oral anti-
coagulants through different machine 

13learning models.  Rather than only 
relying on the predictions of machine 
learning models, this study tested the 
performance of  subpopulat ion 
optimization and modeling solutions, 
which was the tool used to identify 
subgroups that are at an increased risk 
of stroke.  The observational nature of 
the data used in this study remains an 
important limitation. 

A secondary analysis of a randomized 
controlled trial dataset was done to 
identify the risk factors of getting 
vascular events using machine learning 
models among individuals with 
nonvalvular atrial fibrillation taking 

14dabigatran.  It was found that among 
many other factors, the dosage of 
dabigatran was an important factor that 
affected the adverse outcome and, 
therefore, is required to be carefully 
chosen and optimized.  Random forest 
and XGBoost were the models that 
showed better predictive ability than 
logistic Regression.  Since most of the 
medical records are present in the form 
of unstructured data, therefore it is 
possible to process the unstructured 
data through natura l  language 
processing techniques and use these 
data to identify individuals having 
nonvalvular atrial fibrillation and 

1 5t h e r e f o r e ,  p r e v e n t  s t r o k e .    
Additionally machine learning models 
can also be used to identify undiagnosed 
cases of atrial fibrillation and therefore, 
helping in risk stratification and 
therefore, an opportunity to prevent 

16stroke.   

Dose optimization: One study was 
done in Uganda to compare the ability 
of different machine learning algorithms 

17to optimize warfarin dose.   This study 
reported that simple machine learning 
algorithms like ordinary least square 

Regression showed performance 
similar to more complex machine 
learning models.  There is a need to 
replicate this process to use machine 
learning models to optimize the dosage 
of other oral anti-coagulants for stroke 
prevention.  Another study used deep 
neural network to automate the dose 
prediction of warfarin based on clinical 

18and pharmacogenetic parameters.        
Though this study captured diverse 
ethnic populations at the same time, it 
reported several challenges: the high 
error rate in prediction, lack of external 
validation of the model and lack of an 
assessment to assess the clinical utility of 
the model.  Another analysis was done 
to improve the performance of machine 
learning model by using an ensemble 
approach to capitalize on the strengths 

19of different machine learning models.    
In this analysis, the stacked machine 
learning models outperformed the 
linear regression models.  Another 
study reported that it is also important 
to incorporate pharmacometabolomic 
and genetic factors while predicting the 

20doses of warfarin.  Using the different 
machine learning models it is therefore, 
possible to plan a personalized 
treatment approaches to reduce risk of 
stroke among patients of non-valvular 

21atrial fibrillation taking dabigatran.    
One study reported that individual 
treatment effects estimation using 
machine learning models can support 
decision-making in situations where 

22there is inconclusive evidence.   

Adherence to stroke prevention 
strategies: One secondary analysis 
explored the possible predictors of 
adherence to stroke prevention 
strategies among individuals who 

23already had atrial fibrillation.  This study 
reported that individuals who had 
conditions like sleep apnea, chronic 
kidney dialysis, and hypertrophic 
cardiomyopathy did not adhere to the 
preventive strategies. For such patients, 
it is required to explore the causes of 
non-adherence through a participatory 
approach taking the patient's and 
caregiver's perspective into account and 
then designing interventions to increase 
the probability of adhering to the 
recommended preventive like the use 
of anti-coagulants.  One interventional 
study which tested whether the use of 
artificial intelligence platforms in mobile 
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phones improves the adherence to 
among patients who are on anti-

24coagulant therapy.  It was found that as 
compared to the control group, the 
group that used the artificial intelligence 
platform was reported to have 
improved adherence to oral anti-
coagulants. 

Improving rigor of observational 
studies: Different machine learning 
models can be used to improve the 
methodological rigor of studies 
performed to check the comparative 
effectiveness of using oral anti-
coagulants among patients having atrial 

25fibrillation.  One such study was done 
to compute propensity scores using 
machine learning in such effectiveness 
studies and, therefore, contributing to 
the methodological rigor of these 
studies.  In this study, it was reported 
that propensity scores computed based 
on generalized boosted models 
performed better in terms of 
computing propensity scores that 
reduced residual confounding as 
compared to logistic regression.  
Analysis in this study could have been 
expanded by comparing the reduction 
in residual confounding using other 

models apart from generalized boosted 
models and residual confounding. 

DISCUSSION 

This systematic review highlights the 
potential of machine learning algorithms 
to enhance decision-making in 
anticoagulant therapy for stroke 
prevention. 

We found that several machine learning 
algorithms are identified in different 
studies that can help suggest the 
appropriate anti-coagulants and their 
doses.  One important finding is that 
some of these machine learning 
algorithms performed better than 
commonly known and used scores like 

2 6CHADS2 and CHADS2-VASc.    
Though this is a tempting finding to 
adapt to the clinical practice, it is 
important that the machine learning 
models that replace CHADS2 and 
CHADS2-VASc optimize the choice of 
different anti-coagulant therapies and 
their doses, are made on the datasets on 
which datasets having representation 
from the population. This brings into the 
discussion the question of data 
r e p r e s e n t a t i v e n e s s  a s  m o d e l  
performance may differ based on 

demographic, comorbidities, genetic 
predispositions and several other 

27factors.  Real world data is complex, 
characterized by heterogeneity and 
there is variation in data quality and 
there are issues related to missing data. 
It is therefore important that for 
formulating such machine learning 
models it is important to formulate data 
flow pipelines which are a part of a 
larger integrated data governance 
framework which standardizes data 

28collection processing protocols.  
Additionally, data coming from several 
sources maybe useful and therefore, 
d a t a  p a r t n e r s h i p  f r a m e w o r k s  
formulated to combine data from 
different sources that include electronic 
health records, claims databases, and 
patient registries may improve the 
generalizability of such machine learning 
algorithms.

Machine learning algorithms hold 
potential for optimizing anticoagulant 
dosage in stroke prevention by 
integrating pharmacometabolomic and 
pharmacogenetic data into clinical care. 
However, this integration presents 
significant challenges in clinical settings, 
including the need for robust data 
infrastructures and clinicians' ability to 
interpret complex datasets effectively. 
Moreover, the external validity of these 
models remains problematic, as they 
are typically tested on the same datasets 
used for training, raising concerns about 
their generalizability. An interventional 
study is required to determine the 

29 practical utility of these models. The 
Use of a machine learning model for 
improving the quality of the evidence 
generated from observational studies 
related to the use of anti-coagulants for 
stroke prevention is an interesting area 
where individuals working on improving 
innovative research methods need to 
focus on this area. 

The ethical considerations surrounding 
the use of machine learning models in 
stroke prevention are critical. Key 
issues such as patient privacy, informed 
consent, and potential algorithmic 
biases must be carefully addressed 
dur ing data  co l lect ion,  model  

30development, and implementation.  
Addressing these concerns is essential 
for ensuring transparency, fostering 
trust among patients and healthcare 
providers ,  and promoting the 

Table II: Risk of bias assessment
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Study Participants Predictors Outcome Analysis Overall

10Jung S, et al.,  (2022) + + + + +

13Kostev K, et al.,  (2021) + + + + +

11Wang K, et al.,  (2024) + - + + +

12Lip GYH, et al.,  (2021) + - + + +

25Han S, et al.,  (2022) + - + + +

17Asiimwe, IG, et al., (2022) + + + + +

18Jahmunah, et al., (2023) + + + + +

19Ma Z, et al., (2018) - - + + -

Kozieł-Siołkowska M, et al., 
23(2022) 

+ + + + +

24Labovitz DL, et al., (2022) + - + + +

14Huang YC, et al., (2022) + + + + +

15Elkin PL, et al., (2024) + - + + +

21Huang YC, et al., (2023) + + + + +

16Nadarajah, R, et al. (2023) + - + + -

22Meid AD, et al., (2022) + + + + +



responsible integration of these 
3 1algorithms into c l in ical  care.  

Additionally, the cost-effectiveness of 
machine learning models must be 
evaluated, balancing their benefits 
against financial investments. Ensuring 
an optimal cost-benefit tradeoff will 
enhance  the  p rac t i c a l i t y  and  
sustainability of applying these models in 
real-world clinical settings.

Despite the opportunities presented by 
machine learning models in clinical care, 
their integration remains challenging. To 
ensure accessibility, these models must 
be implemented through user-friendly 
applications that allow healthcare 
providers with minimal or no coding 
expertise to incorporate them into 
clinical decision support systems. 
Developing such applications requires 
an interdisciplinary approach that 
combines evidence from existing 
research with contextually relevant 
qualitative and quantitative data.

Furthermore, it is essential to design 
interpretable algorithms that enable 
clinicians to understand the rationale 
behind decisions made by these models. 
This transparency can enhance trust and 
confidence among both healthcare 
providers and patients, ultimately 
supporting the adoption of machine 
learning in clinical decision-making.

CONCLUSION 

Machine learning algorithms show 
significant potential in optimizing 
anticoagulant use for stroke prevention, 
offering superior performance in risk 
s t r a t i f i c a t i o n  a n d  t r e a t m e n t  
personalization compared to traditional 
tools like CHADS2 and CHA2DS2-
VASc. These algorithms can aid in dose 
optimization and improve stroke 
prognosis predictions among at-risk 
populations. However, their integration 
into clinical practice requires careful 
interpretation and validation. Future 
research should focus on gathering 
contextually relevant quantitative and 
qualitative data to refine these models, 
assess their clinical utility, and evaluate 
their impact on patient outcomes and 
adherence to stroke prevention 
strategies.
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