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Abstract: Stroke has become one of the most important causes of premature death and disability in low-income and medium- income countries. A pos-
sible reason could be the demographic changes and the increasing importance of modifiable risk factors. Poor people, however, are the most affected 
ones because of lack of funds. Recently however,  countries like India, have observed   a substantial rise in data related to  stroke.  Comprehensive  
study on the stroke risk can help in reducing the fatalities that occur every year due to stroke. This review represents in detail   a literature survey on data 
collection, pre-processing and the various techniques that have been used for classification. 
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1 INTRODUCTION 
Learning about the factors that determine the risk of stroke 
requires a thorough understanding of the domain of envi-
ronmental and physiological factors that affect stroke health. 
Substantial research has been performed to study  the vari-
ous features that affect the probability of stroke risk in an 
individual. Although these studies show strong  results  and 
has enabled the medical community in solving many real- 
world stroke related problems, the fact remains true that the 
poorer end of the worlds population are unable to receive 
these healthcare benefits because of being financially weak. 
In order to help many people have an easy access to 
healthcare, several Computer Aided Systems are used to 
help predict risk of stroke based on active factors. These 
systems collect information from the users that use these 
applications and then use the aforementioned data to extract 
meaning patterns and find solutions to a larger, more pre-
dominant, problem. There are namely three steps to follow in 
order to build a successful system for analysing stroke risk 
data. They are as follows : 

 • Data collection 
 • Data Pre-Processing 
 • Selecting a suitable algorithm 

In the first stage, sufficient data is collected from various 
sources. The sources may include, but may not be limited to, 
personal data collected by frequent monitoring, data collect-
ed from a more credible source like hospitals or even data 
obtained from government approved agencies or websites 
that contain validated survey information. 
The second stage, however, is the step that determines the 
effectiveness of the system being implemented. In involves 
removing all kinds of unnecessary information and only re-
tain- ing the data that is required for the use case. It may 
include, but may not be limited to, removing outliers, handing 
imbalanced data, removing records with insufficient data and 
scaling data. In the final stage, the system is trained using 
advanced computing technologies such as a Machine Learn-
ing Model. Selecting an appropriate model that works best 
with the data in hand, providing the highest possible accura-
cy and precision, is important to build a system that has a 
low error rate. 
 
 
 
 
 
 
 
 
 

 
A. Work Flow of a Typical Risk Analysis System 

 

 
Fig. 1. Architecture Diagram 

 

2. DATA COLLECTION AND DATA PRE-
PROCESSING 
Collection of data that is required for the system is important 
when it comes to risk analysis. The sources these data 
come from are very important to determine the its quality 
and validity. Keeping the inclusion criteria of the quality of 
the data collected strict can result in insufficient data. A 
smarter approach to build the system would be to collect all 
kinds     of related data and perform Pre-Processing tasks 
like data reduction, data imputation, replacing missing val-
ues, removing outliers, data transformation and cleaning. 

 
Fig. 2. TABLE I: Data Collection and Pre-

Processing 
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3.EVALUATING THE ALGORITHM USED 
The data for the analysis of stroke risk may be  of  any form. 
This may include, but may not be limited to, numeric data, 
categorical data and/or image data. Therefore, finding   an 
algorithm that maximises the accuracy is a challenging task. 
Commonly used algorithms according to research are SVM, 
ANN, DNN, Logistic Regression, Cox’s Regression Model, 
Random Forest, Stochastic Gradient Boosting, MLP etc. 
Jae-woo Lee et al[1] developed a system that classifies10  
year  probability  of  stroke  based  on  certain  risk   factors  
such  as  age,  record  of   hypertension, reported heart dis-
ease, physical activity, total cholesterol, smoking hab-
its,presence of diabetes,BMI.The probability of stroke was 
determined using the cox model by studying the information 
of the  user  and  uploading  a  lifestyle  correction  message  
to reduce stroke risk. However, there was a limitation in ac-
curately identifying the stroke type that was caused due to 
the factors, the model produced an AUC of 80percent. Sun 
Ha Jee et al [2] proposed a system based on Framingham 
heart study for a stroke risk prediction model.  This  model  
was  performed  on  patients  with  risk  factors  of blood 
pressure, cholesterol, fasting blood sugar and a  13-year 
research was performed to predict probability using the cox 
model, it performed estimation from models with actual 
stroke cases. Limitations were that there was lack of rele-
vant risk factors, hospital diagnosis could not be verified. 
Advantage was the sample size. The area under ROC curve 
was 82percent for men and 81percent for women. Miguel 
Monteiro et al [3] developed a system that makes use of 
machine learning techniques to predict the individuals re-
covery three months after  the  initial  stroke.  Classifiers  
are trained and the results of various machine learning  
methods were compared. Different experiments have been 
conducted on L1 regularised LR, decision trees, SVM, Ran-
dom forest, XGBoost and the results are analysed. AUC has 
been used to measure performance. It has been inferred 
that  training the classifiers with more data results in in-
crease in average AUC. The resulting AUC can range up to 
0.936. Yonglai Zhang et al [4] in their system used feature 
selection and classification method to find the risk of stroke. 
Feature selection determines distinguishing characters from 
existing features, this includes patients basic clinical and 
physiological characteristics and symptoms that can identify 
potential risk. Uses SVM,ANN and glow-worm swarm opti-
misation techniques. The classification accuracy obtained 
was 82.58percent and AUC is 0.8948. Yannan Yu et al [5] 
developed a system that collects patients details for 24 
hours to collect the factors that helps  source perfusion MRIs 
predict the severity of hemorrhagic transformation in stroke. 
This detects and predicts the severity in hemorrhagic trans-
formation.Bayesian modelling and Gaussian processes have 
been employed to review perfusion. Machine Learning algo-
rithms such as SVM,Multiple Linear Regression are used in 
the prediction model. Models reached an accuracy of above 
80percent on this dataset. Georgios Tsivgoulis et al [6] pro-
posed a system which monitors a patients blood pressure 
and tells the risk profile based on the Framingham stroke 
data. Considers clinical evidence of hypertension complica-
tions, previous stroke history, status of dipping and record-
ings for a periods of four years. The results provide evi-
dence regarding the predictive utility of ABPM in terms of 
individualised stroke risk quantification. Chen-Ying Hung et 

al [7] in their system compares deep  neural nets and other  
ML  algorithms  for  predicting  stroke in a large amount of 
data. Utilises algorithms such as deep neural net-
work(DNN),GBDT,LR, SVM on the data to achieve an effec-
tive prediction model. DNN and GBDT achieve AUC 0.915 
and 0.918,LR and SVM have less effective performance. X 
Zhang et al [8]in their system describes the relation between 
cholesterol, stroke and coronary disease. Factors in the like-
lihood of age, sex, BP, BMI, record of smoking were consid-
ered and log linear or linear regression  model  has  been 
implemented to find relation among cholesterol levels and 
stroke risk and other heart diseases. The data suggests a 
relation that is neither negative nor null between cholesterol 
and ischemic stroke. King Chung Ho et al [9] proposed a 
system which employs machine learning techniques for 
classifying strokes that are ischemic by image studying with 
onset stroke  time  that  could provide information in deciding 
treatment for stroke patients.Algorithms such as LR, random 
forest,SVM, stepwise multilinear regression(SMR) are con-
structed and the performance is compared. This proposed 
model provides information to clinicians to formulate an in-
tervention  treatment for clinicians of acute stroke. Ahmet  
K.  Arslan  et  al  [10]  in  their  system  uses a lot of mining 
techniques to predict strokes that are ischemic. SVMs, 
SGBs and PLRs  have  been  employed  in  the prediction 
model, this study makes computer aided  medical ap-
proaches effective in prediction of ischemic stroke and ex-
plores the hidden features  of  the  dataset.SVM  has  the 
highest performance in prediction according to various met-
rics. Benjamin Letham et al [11] developed a highly accurate 
predictive model which is interpretable. Bayesian rules that 
are listed have been employed to build the prediction model, 
factors such as age, cerebrovascular disorder, altered state 
of consciousness are considered. Different experiments have 
been conducted for female only and male only  to  obtain  
BRL point estimates. In the predictive medicinal domain, 
interpretable models are very useful. Lisa Nobel et al [12] in 
their system proposed a personalised tool that can be used 
by health professionals  and  people  alike to assess stroke 
risk. It also assesses lifestyle indicators like such as obesity, 
unhealthy diet, physical inactivity, alcohol consumption, ele-
vated blood glucose level. Uses Cox’s model to predict 
stroke risk of the individual. A very easy method    to spread 
information regarding risk and prevention. Aditya Khosla et 
al [13] developed a system which compares Cox’s model 
with other ML techniques to predict stroke. The feature se-
lection method is based conservative- mean and SVM. A 
larger AUC is obtained in this model as compared to Cox’s. 
This combination had a 15percent lesser error rate. Cemil 
Colak et al [14] proposed a  system  to  predict  stroke out-
come utilising KDP, ANN and SVM. 81.3percent specificity 
was obtained by the MLP trained model that used  a quick 
propagation algorithm. It also produced 78.4percent sensi-
tivity, 80.7percent model accuracy, and 0.869  AUC.  This 
proposed neural net model may be helpful in making clinical 
decisions regarding stroke with AUC value of 0.905  in train-
ing set. The testing set gave a value of 0.928. Xiao-Fei 
Zhang et al [15] developed a system that predicts a score 
for the risk in heart disease among the Chinese population. 
Varieties of stroke like hemorrhagic and ischemic were 
scored separately. Risk estimates are based on variables 
such as age, smoking habits,BP and cholesterol. Multivari-
ate cox’s model is used. The average age for  occurrence  of  
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stroke was found to be 45 years. AUC was 0.76 for heart 
disease,0.82 for hemorrhagic and 0.72 for ischemic stroke 
respectfully. Kristi Reynolds et al [16] proposed that alcohol 
consumption and stroke risk could be related. Based on the 
different  level of alcohol consumption relative risk of stroke 
was measured using random-effects model and meta re-
gression analysis. A possible error in the data could be due 
to the alcohol consumption data that was self-assessed by 
the individuals as heavy alcohol consumers can falsify their 
consumption record. This model suggests that reducing the 
alcohol intake can reduce the chances of stroke.  
 
 Fig. 3. TABLE II: Algorithm Evaluation

 
 

4. CONCLUSION 
With sufficient study on the various techniques used to as-
sess the risk of stroke, important features that affect the 
probability of risk of stroke are, but not limited to, alcohol 
consumption, smoking status, hypertension, heart disease, 

blood sugar level, sex, age etc. Algorithms like Cox’s regres-
sion is widely used to analyse risk, and is highly accurate as 
well. Other algorithms that provide high accuracy in classifi-
cation include SVM, SGB and ANNs. It is also inferred that 
performance metrics like AUC can be marginally improved 
by implementing the aforementioned algorithms on large 
data. 
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