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Abstract—Stroke is one of the foremost causes of adult disability in many of the developing countries. Diagnosis of stroke during the initial stages is 
crucial for timely prevention and cure. Various conventional statistical methods and computational intelligent models like Framingham model have 
been developed for predicting the risk of stroke. These risk prediction models can aid in clinical decision making and help patients to have an improved 
and reliable risk prediction. This paper explores the various prediction models developed so far for the assessment of stroke risk. 
 
Index Terms— Stroke, Prediction models, Framingham model. 

——————————      —————————— 

 INTRODUCTION                                                                     

Stroke is a cerebro-vascular ailment affecting the 
normal blood supply to the brain. Without proper supervision, 
it leads to death or long term disability. Stroke can be either 
ischemic or hemorrhagic. There is a possibility for the co-
occurrence of both ischemic and hemorrhagic strokes. 
Stroke[1] caused due to a clot in the blood vessel is known as 
Ischemic stroke and that due to a rupture of blood vessel is 
referred to as Hemorrhagic stroke. The deficiency of oxygen to 
the cerebral nervous system is referred to as ischemia which 
finally leads to their death. About 85 % of all strokes belong to 
ischemic category.  Its frequency is accelerating in developing 
countries like India due to unhealthy lifestyles.  

Stroke is largely driven by demography and en-
hanced by increasing frequency of modifiable risk factors. 
Several risk factors contribute to the risk of stroke. Lifestyle 
risk factors include diet, cigarette smoking [3],  obesity, physi-
cal inactivity, alcohol consumption, family and genetic factors, 
age, sex, drug usage , race,  geographic location, climate and 
socioeconomic factors whereas medical conditions include 
Atrial fibrillation, Blood pressure [2], Diabetes mellitus, Cho-
lesterol, Mitral valve disease, C reactive protein, Sickle cell 
disease,  Hyperlipidemia, and Transient ischemic attack (TIA). 
High blood pressure, heart disease and diabetes are the high-
est risk factors of stroke. But, they often do not cause symp-
toms in their early stages. Total count of risk factors is directly 
related to probability of stroke occurrence. Research work 
shows that physiological parameters can be considered as risk 
factors for predicting the near-term occurrence of stroke. 

The aim of this paper is to review the presently exist-
ing and widely used cardiovascular risk assessment models 
and to examine the evidence available on new biomarkers and 
the nonclinical measures in improving the risk prediction. 
Identification of individuals at risk of cardiovascular disease 
(CVD) is of main concern. Cardiovascular risk prediction has 
progressed with the development and refinement of risk pre-
diction models based upon well established clinical factors, 
discovery of biomarkers and social factors may give extra de-
tails on the risk of disease. Risk charts and risk score, based on 
global absolute risk are the key tools for CVD risk- assessment 
and determine the likelihood of developing the disease . 

 
FRAMINGHAM STUDY 
 

A health risk assessment function has been developed 
for the prediction of stroke using the Framingham Study co-
hort [4]. The stroke risk factors included in the profile are age, 
systolic blood pressure, the use of antihypertensive therapy, 
diabetes mellitus, cigarette smoking, prior cardiovascular dis-
ease, atrial fibrillation, and left ventricular hypertrophy by 
electrocardiogram Probability of stroke was determined in 
subjects aged 55-84 years and free of stroke at the time of two 
examination cycles and is based on 10 years of follow-up from 
each of these examinations. Stroke probabilities were comput-
ed using the Cox proportional hazards model for each sex 
based on a point system. Its added advantage is that it permits 
the computation of stroke probabilities for variable lengths of 
follow-up, whereas the logistic model allows estimation for 
only a pre specified length of follow-up. Stroke risk can direct-
ly be estimated from a routine physical examination and an 
individual's risk can be related to the average risk of stroke for 
persons of the same age and sex. Regression coefficients and 
relative risks for significant risk factors in cox proportional 
model for stroke profiles in subjects aged 55-84 years and free 
of stroke are calculated. From these, a linear function is com-
puted.   
The general form of the function  is 
 L = Reg coefficient age x  Age +  Reg coefficient SBP x SBP + 
Reg coefficient HypRx x  Hyp Rx  + Reg coefficient DM  x DM + 
Reg coefficient Cigs x Cigs  + Reg coefficient CVD  x CVD+ Reg 
coefficient AF x AF + Reg coefficient LVH  x LVH.  
       (1) 
where SBP is systolic blood pressure, Hyp Rx is use of antihy-
pertensive therapy, DM is presence of diabetes mellitus, Cigs 
is cigarette smoking, CVD is previously diagnosed coronary 
heart disease, AF is presence of atrial fibrillation, and LVH is 
left ventricular hypertrophy. This function is next evaluated at 
the values of the means for each variable. Let this value be M.  
 
M = Reg coefficient age x Mean (yrs) + Reg coefficient SBP x 
Mean(mm Hg) + Reg coefficient HypRx x Meanhyp + Reg coeffi-
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cient DM  x MeanDM + Reg coefficient Cigs x Meancigs + Reg coef-
ficient CVD  x Mean CVDv+ Reg coefficient AF x MeanAF + Reg 
coefficient LVH  x MeanLVH    
        (2) 
 This value of M is next subtracted from the general function L 
to produce a function A.  

A=L-M       (3) 
 

Exponential of the function A is then taken. 
B = eA      (4) 

 
Choose the number of years (1 to 10) for which predictions are 
required. For each selection there is a value that is the estimat-
ed probability of surviving without a stroke for individuals 
whose risk factor values are equal to the mean values of those 
observed in the data. Let these values be represented by z(t), 
where the z is to indicate survival without a stroke and t is to 
index the number of years. Using cox regression model , the 
values of z(t)  is computed on the basis of a point system.  
The predicted probability that a person with a selected set of 
risk factors will develop a stroke within t years is given by   
 

p = l-(z(t))B    (5) 
 
It may also help to identify persons at considerably increased 
stroke risk resulting from borderline levels of multiple risk 
factors. Different risk factors have been included in following 
versions of the score [5][6] and extensions to evaluate the risk 
of ten-year atrial fibrillation [7], ten-year CHD [8], 30-year 
CVD [9], eight-year diabetes [10], four-year hypertension [11] 
and ten year stroke [12] have also been proposed. 
 
PROCAM  
 

This model is based on 325 acute coronary events oc-
curring within 10 years of follow-up among 5389 men 35 to 65 
years of age at recruitment into the Prospective Cardiovascu-
lar Munster (PROCAM) study [13]. A Cox proportional haz-
ards model with 8 independent risk factors, ranked in order of 
significance: age, LDL cholesterol, smoking, HDL cholesterol, 
systolic blood pressure, family history of premature myocar-
dial infarction, diabetes mellitus, and triglycerides was devel-
oped. A simple point scoring system based on the regression 
coefficients of this model has also been implemented. Ad-
vantages of this model include variable duration of follow-up, 
censoring of subjects, proportionality of event occurrence, and 
time-to-event. To convert the results of the Cox model into 
absolute risk estimates, survival within the defined population 
has been calculated using Kaplan-Meier statistics. 
 
 
 

 GLOBAL VASCULAR RISK SCORE (GVRS) 
 

A model has been developed using the NOMAS 
(Northern Manhattan Study) to improve currently available 
global cardiovascular disease risk prediction tools by incorpo-
rating both traditional and behavioral risk factors and to de-
termine the incremental benefit of adding these risk factors 
[14]. A prediction tool has been developed from a racially and 
ethnically diverse cohort that would be useful for African-
American and Hispanic people at risk for vascular disease. A 
cox proportional hazard model was developed by including 
all the traditional risk factors from the Framingham model. 
The traditional categorical risk attributes were replaced with 
continuous variables to enhance the fit of the model. Basic 
socio-demographic variables like age, sex, and race-ethnicity 
and selectively added other vascular risk factors that could be 
ascertained through history or blood tests were retained. Vari-
ables that were assessed included sibling history of stroke, 
waist circumference, BMI, waist-to-hip ratio, alcohol con-
sumption, physical activity, peripheral vascular disease, atrial 
fibrillation, heart disease, homocysteine, white blood cell 
count, and creatinine levels. All 2-way interaction terms were 
examined and the terms contributing significantly to the fit by 
the likelihood ratio criterion are included in the final model. A 
global vascular risk score (GVRS) was computed by summing 
a product of a linear predictor from the final model. Kaplan-
Meier curves for survival free of stroke, MI, or vascular death 
were plotted for the quartiles of the GVRS.  

 
REYNOLDS RISK SCORE 
 
To improve the cardio-vascular disease risk prediction, the 
Reynolds risk score (RRS) was derived in a cohort of 25,000 
healthy U.S. women [11]. The Reynolds Risk Score includes 
traditional risk attributes used in the Framingham Risk Model 
and adds parental history of premature Coronary Heart Dis-
ease and high-sensitivity C-reactive protein. This study along 
with   RRS calibrated for men, provided superior prediction of 
CVD events compared with the FRS model in 2 studies 
[15][16]. RRS was developed and tested in predominantly non-
Hispanic white populations. 
 
MUCA 
 
A MUCA [17] ischemic CVD risk model was developed for the 
Chinese population [54]. Data from the USA–People’s Repub-
lic of China (PRC) Collaborative Study of Cardiovascular and 
Cardiopulmonary Epidemiology (the USA-PRC Study) cohort 
was used as derivation cohort to generate the prediction mod-
els and data from independent China Multicenter Collabora-
tive Study of Cardiovascular Epidemiology (MUCA) Cohort II 
was used as the validation cohort to test whether the derived 
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models are applicable to recent Chinese populations. Risk fac-
tors include Weight, height, 3 consecutive blood pressure 
readings, 12-hour fasting blood sample, and blood lipids to 
measure total cholesterol.  
 
ASSIGN  
 
The ASSIGN score was derived from cardiovascular outcomes 
in the Scottish Heart Health Extended Cohort (SHHEC) [18]. It 
was tested against the Framingham cardiovascular risk score 
in the same database. Classic risk factors including cigarette 
smoking status, plus deprivation and family history but not 
obesity were significant factors in constructing ASSIGN score 
for each sex. The agreement between ASSIGN and Framing-
ham was explored by rank correlations, kappa statistics, and 
by comparing results of similar thresholds for treatment, and 
equal-sized high-risk groups. 
 
 CUORE  
 
A CUORE equation was developed in Italy for a low coronary 
incidence population [19] for the prediction of coronary and 
cerebrovascular events in 10 years. Risk factors analyzed in 
this model include age, systolic blood pressure, total choles-
terol, HDL-cholesterol, smoking habit, diabetes and hyperten-
sion treatment. Multivariate analysis was done to assess the 
relation of risk factors to the 10-year CVD risk. Starting from a 
basic Cox model that included age, SBP and smoking , the 
other cardiovascular risk factor variables that were statistically 
significant in the univariate analysis were progressively in-
cluded. The 10-year CVD individual risk score models were 
implemented including continuous values of risk factors. The 
main advantage of this project is that the cohorts had a high 
number, were enrolled in relatively recent time, included 
women, covered various geographical regions of the country 
and were followed up for total and cause specific mortality 
and non-fatal coronary as well as cerebrovascular events, 
which were validated using standardized techniques. 
 
QRISK 
 
QRISK is likely to provide more appropriate risk estimates to 
help identify high risk patients on the basis of age, sex, and 
social deprivation.  The derivation cohort consisted of 1.28 
million patients, aged 35-74 years, registered between January 
1995 - April 2007 and who were free of diabetes and existing 
cardiovascular disease. The validation cohort consisted of 0.61 
million patients from 160 practices. Risk factors include  age, 
sex, smoking, systolic blood pressure, ratio of  total serum cho-
lesterol to high density lipoprotein, body mass index, family 
history of coronary heart disease aged less than 60, area meas-
ure of deprivation, and existing treatment with antihyperten-

sive agent. Cox proportional hazards model was used in the 
derivation dataset to estimate the coefficients associated with 
each risk factor for the first ever recorded diagnosis of cardio-
vascular disease gender wise. The 10 year cardiovascular dis-
ease risk for each patient was computed in the validation da-
taset, replacing missing values for continuous variables with 
mean values obtained from the derivation dataset by five year 
age-sex bands and assuming patients were non-smokers when 
smoking status was not recorded. To assess calibration, the 
mean predicted risk of cardiovascular disease was calculated 
at 10 years and the observed risk at 10 years was obtained us-
ing the 10 year Kaplan-Meier estimate. QRISK was followed 
by a reorganized model (QRISK2) in 2008, which included 
ethnic origin and additional risk factors like type 2 diabetes, 
rheumatoid arthritis, atrial fibrillation, and chronic renal dis-
ease. [20]   
 
SCORE  
 
The SCORE equation has been recommended by the Fifth Joint 
European Task Force on cardiovascular prevention [21]. 
SCORE chart for risk estimation was based on data from 12 
European cohort studies which included 205178 subjects ex-
amined at baseline between 1970-1988 with 2.7 million years of 
follow-up and 7934 cardiovascular deaths. SCORE risk func-
tion has also been externally validated. Special risk charts 
based on SCORE were produced for both low and high risk 
countries and gained wide approval throughout Europe. Pri-
orities were proposed at four levels: patients with established 
disease, asymptomatic individuals at high risk of CVD mortal-
ity, first-degree relatives of patients with premature CVD, and 
other individuals encountered in clinical practice. Ten-year 
risk of fatal cardiovascular disease was calculated using a 
Weibull model in which age was used as a measure of expo-
sure time to risk rather than as a risk factor. The model has 
two sections: one section models the shape of the baseline sur-
vival function and the other computes the relative risks linked 
with the risk factors. The model was stratified on cohort and 
sex that is, separate hazard functions were computed for men 
and women in each of the component cohorts, but risk factor 
coefficients were computed from the entire database. This ap-
proach assumes that risk factors do not vary in their effect 
from country to country and are the same in men and women. 
Risk of cardiovascular death was calculated by combining two 
separate risk estimations: a model for coronary heart disease 
and a model for all non-coronary atherosclerotic cardiovascu-
lar disease. 
 
Development of a Stroke risk prediction model in National 
Health insurance services personal health record in Korean 
Population  
  Another 10-year stroke prediction model was devel-
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oped to categorize probability of stroke using the Korean na-
tional health examination data [22]. It developed an algorithm 
to provide a personalized warning on the basis of each user’s 
stage of stroke risk for Korean population.  It sorted the user’s 
individual probability of stroke into five classes –normal, 
slightly high, high, risky, very risky, based on the  five ranges 
of average probability of stroke in comparison to total popula-
tion –less than 50 percentile, 50–70, 70–90, 90–99.9, more than 
99.9 percentile. The finally selected risk factors by gender in-
cludes age, hypertension, past history of heart disease, past 
history of stroke, family history of heart disease, exercise, al-
cohol drinking, total cholesterol, smoking, hypertension, dia-
betes and body mass index for male whereas age, past history 
of hypertension, heart disease and stroke, family history of 
heart disease and stroke, exercise, alcohol drinking, total cho-
lesterol, smoking, hypertension, diabetes and body mass index  
were considered for female. Cox proportional hazard regres-
sion model was used for the prediction model, similar to that 
of Framingham study [4]. The half of the data was used for 
model building and the other half for external validation. The 
model estimation and the internal validity test were conducted 
with the model construction data, and the external validity test 
was conducted on the validation data with the constructed 
model. AUC, which estimated the ROC curve area was used to 
compute the discrimination ability in this model. 

CONCLUSION 
Various risk prediction models are used in clinical assessment 
and are used to aid patients make an informed choice about 
their treatment. This paper attempted to deliver the existing 
picture of the cardiovascular risk assessment models which 
aids in stroke prediction. Key to the usefulness of determining 
the likelihood of stroke by means of a risk profile is an indica-
tion that modification of several powerful risk attributes will 
surely reduce stroke probability.  
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