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ABSTRACT 

Stroke risk prediction modeling allows for the identification of individuals who are at 

heightened stroke risk, which is an important first step in targeted preventive measures. 

Current stroke risk models are not fully generalizable to multi-ethnic populations because 

the most widely used one is derived from a predominantly white population, other models 

are not applicable to both sexes, and the most current model in use is designed to predict 

global cardiovascular risk and not specific to stroke risk. We have used a Cox 

proportional hazards regression approach to develop a 10-year stroke risk score in a 

contemporary multi-ethnic longitudinal cohort that addresses the limitations of the 

current risk models. This Multi-ethnic Stroke Score adjusts for race/ethnicity and sex, and 

incorporates traditional cardiovascular risk factors (Age, systolic blood pressure, smoking 

status, diabetes, and high-density lipoprotein), incident atrial fibrillation, as well as a 

subclinical marker (coronary artery calcium) of increased stroke risk. Almost all of these 

risk factors can be easily ascertained in clinical practice and thus can be incorporated into 

routine clinical assessment. 
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CHAPTER 1: THE PROPOSAL 

Introduction/Background 

There are almost 800,000 strokes occurring in the US each year, of which about 75% are 

first attacks.1 Identifying groups at high risk for strokes is an important first step for 

targeted preventive interventions.2 The modified Framingham Stroke Risk Profile 

(MFSRP) uses a Cox proportional hazards regression model to assign a gender-specific 

10-year probability of stroke based on 8 risk factors.3 The main limitation of the MFSRP 

is that the data used do not include adequate numbers of participants from racial/ethnic 

minority groups. Thus, a new stroke risk prediction tool derived from a multi-ethnic 

cohort is a desirable alternative to the current models in use.   

 

The proportion of racial minorities in the US is expected to reach about 40% by the year 

2030.4 Thus, there are considerable economic and public health benefits to developing 

tools that can adequately identify members of minority populations at high risk for 

preventable but catastrophic events such as strokes. The life expectancy of African 

American men is the lowest among all racial/ethnic groups5 and a large part of this life 

span disparity may be attributed to the high burden of cardiovascular disease morbidity 

and mortality among African Americans.6 Remarkably, while the incidence of strokes 

among non-Hispanic Whites appears to have decreased over the past decade the 

incidence among non-Hispanic Blacks remains unchanged.7  

 

It appears that our current health care paradigms miss opportunities to pre-empt the 

development of cardiovascular events appropriately in minority groups. In 2001, the 
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National Heart, Lung, and Blood Institute (NHLBI) sponsored a workshop to address 

adequacy of the Framingham Heart Study (FHS) risk equations for predicting new-onset 

coronary heart disease (CHD) in diverse populations.8, 9 The analysis from the workshop 

showed that the FHS equations under-predicted blood pressure associated risk in black 

participants and needed to be adjusted significantly to accurately predict CHD in men of 

Hispanic ethnicity. These results reflect the importance of developing health risk 

appraisal functions in racial and ethnically diverse cohorts such as in MESA 

 

Our goal is to build a MESA Stroke Score (MSS) that will better reflect the race/ethnic 

diversity in the US while incorporating cardiovascular risk variables, as well as 

behavioral and environmental factors that have not been previously evaluated or utilized 

in stroke risk prediction models (Figure 1).  

 

Framingham Stroke Prediction Model 

The Framingham study is a prospective cohort study that was initiated in 1948 to 

determine the causes of heart disease and stroke among an exclusively white population 

in Framingham, MA. In 1991, Wolf et al.,3  created a health appraisal function based on 

the 472 stroke events that had occurred in the Framingham cohort. Ischemic and 

hemorrhagic strokes, as well as subarachnoid hemorrhages were included in these 

analyses. A Cox proportional hazards regression model was used to determine regression 

coefficients for 9 sex-specific stroke risk factors (age, systolic blood pressure, use of 

antihypertensive medication, interaction between SBP and antihypertensive therapy, 

presence of diabetes, cigarette smoking, cardiovascular disease, Atrial Fibrillation and 
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left ventricular hypertrophy by electrocardiogram criteria). A cohort mean was then 

determined for each of the traditional risk factors. Subsequently, the probability of 

surviving without a stroke (ischemic or hemorrhagic) or transient ischemic attack (TIA) 

for individuals whose risk factors were equal to the combined cohort mean was 

determined. Finally, the probability of a person developing a stroke/TIA in a given time 

period (10 years), was computed. This study produced the landmark stroke risk appraisal 

function that has informed all subsequent stroke prediction models.  

 

Cardiovascular Risk Prediction in Minority populations 

Health disparities in the United States have long been known and reported. The impact of 

these health disparities on life expectancy was described in 2006 by Murray et al.5 In this 

study the US was divided into 8 race-county units based on socio-economic and 

geographical indicators. The eight units were: Asian, Northland low-income rural white, 

Middle America, Low-income whites in Appalachia and the Mississippi Valley, Western 

Native America, Black Middle America, Southern low-income rural black and High-risk 

urban black. Murray et al. showed that the life expectancy gap between the best-off group 

(Asians) and the worst-off group (high-risk urban blacks) was 20.7 years in 2001. Most 

importantly, this disparity was largely attributable to the burden of cardiovascular disease 

among the worst-off group. This finding raises the important issue of the importance of 

building risk prediction tools that utilize race, socio-economic and geographic factors.  

 

The Reasons for Geographic and Racial Differences in Stroke study (REGARDS) is a 

population based cohort study that was designed to understand the reasons for the higher 
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stroke mortality in the Southeastern United States, known as the “stroke belt”. In a 2008 

study, Cushman et al.,10 computed a Framingham Stroke Risk Score for all REGARDS 

cohort members to ascertain the 10-year predicted stroke probabilities across different 

regions and different racial groups.  They showed that the mean age, race and sex 

adjusted 10 year stroke risk was highest in the stroke belt, compared to other regions in 

the US. Additionally, the 10-year predicted stroke risk was higher in African-Americans 

compared to whites. The significant limitation of this study is that the authors used a risk 

prediction tool developed in an exclusively white cohort to predict stroke risk in an 

ethnically diverse cohort. It is unclear whether the results are entirely valid as the 

regional differences or the racial disparity of stroke risk could be much more unequal 

than what the authors report. 

 

In 2001, at the behest of the National Heart, Lung, and Blood Institute, D’Agostino et al., 

undertook a study designed to test the validity and transportability of the Framingham 

coronary heart disease prediction functions to 6 ethnically diverse prospective cohorts.9 

The authors tested the calibration of the Framingham risk score in ethnically diverse 

cohorts by measuring how closely the outcome predicted by the Framingham equation 

agreed with actual outcomes using the Hosmer-Lemeshow chi-squared statistic. 

D’Agostino et al also performed a recalibration of the prediction model if it consistently 

overestimated or underestimated risk prediction in a variety of race-ethnic cohorts. They 

found that the FHS equations under-predicted blood pressure-associated risk in black 

participants enrolled in the Atherosclerosis Risk in Communities Study (ARIC). 

Furthermore, FHS equations needed to be adjusted to improve predictions of CHD in 
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Asian men from Honolulu Heart Study (HHS) and Hispanics in the Puerto Rico Heart 

Study (PRHS). This study shows the need for building prediction models that are specific 

to diverse cohorts. Even more importantly, it raises the question of the adequacy of the 

stroke risk prediction models developed in the Framingham cohort in ethnically diverse 

populations.  

 

In the UK, Cappuccio et al.,11 attempted to apply the FHS CHD risk prediction equation 

to an ethnically diverse British population in the community setting. In this study, a 

cross-sectional survey was performed using 9 general practices in London. The 

racial/ethnic groups represented in the study were Whites, South Asians and Blacks. The 

authors ascertained FHS based equation coefficients in the new London populations. 

They found that the Framingham Study based CHD risk equations underestimated the 

risk of cardiovascular disease (defined as risk of CHD plus stroke, TIA, CHF and PVD) 

in South Asians and Africans. The implication of the study was that for the FHS 

equations to be used effectively in these non-white populations, practitioners must utilize 

a lower threshold for risk of CHD in South Asians and Africans. This study highlights the 

fact that there are likely to be some hard to measure genetic and socio-cultural factors 

that influence risk estimation in community based populations. One important feature of 

this study is that they studied people in the community and thus likely minimized the 

“healthy worker” effect that is present in some profession-based cohort studies.  

 

The absence of prospective ethnically diverse cohorts in Britain led to the development of 

a web-based risk score by Brindle et al. in seven British black and minority ethnic 
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groups.2 In this study, the Framingham risk equations were recalibrated against survey 

data in diverse ethnic groups in the UK. This study had significant limitations including 

the substitution of prevalence ratios to estimate incidence rates for CHD/CVD in some 

ethnic groups. The recalibrated models did not perform well in subgroups where 

prevalence and incidence of CHD were not known. This study underscores the challenges 

of generalizing the Framingham risk prediction model to other ethnic groups.  

 

The performance of the Framingham risk equations was tested in the MESA cohort with 

respect to Diabetes Mellitus risk prediction. Mann et al.,12 in their study tested the 

validity of 3 different diabetes risk prediction models derived from the Framingham 

Offspring Study (FOS), ARIC and the San Antonio Heart Study (SAHS), a largely 

Hispanic cohort. The c-statistics for prediction of incident diabetes in MESA was strong 

(> 0.8) for the ARIC-derived and SAHS-derived models. However, the Framingham-

derived model only performed reasonably well (c-static = 0.78) in the MESA cohort. 

Furthermore, the Hosmer-Lemeshow goodness-of-fit demonstrated that the Framingham-

derived model significantly under-predicted incident diabetes in the MESA cohort and 

required significant recalibration to improve its accuracy. Although, the ARIC and SAHS 

derived models also required some recalibration for goodness of fit they did not require 

as much re-adjustment as the Framingham-based model. This study illustrates that the 

application of a prediction model built in an overwhelmingly white cohort tends to 

require significant recalibration to be used in a multi-ethnic population.  

 

Risk Prediction and novel risk-markers 
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The standard risk prediction models that are in widespread use sparingly utilize 

subclinical risk markers such as coronary artery calcium (CAC), carotid intima media 

thickness (CIMT), common carotid inter-adventitial diameter (IAD), ankle-brachial index 

(ABI) and high sensitive c-reactive protein (hs CRP). Yeboah et al.,13 found that CAC, 

ABI and hs CRP are independent predictors of CHD and CVD in individuals who are 

considered to be of intermediate risk by the FRS. Additionally, they showed that there 

was an improvement in the goodness-of-fit ROC curves for FRS prediction of incident 

CHD or CVD when CAC, IMT, hs CRP, ABI and family history were added individually 

to the model. This study highlights the value of exploring the potential utility of 

incorporating subclinical cardiovascular markers in stroke risk prediction models. 

 

 

Figure 1. Conceptual model of Stroke Risk Factors 
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Research Questions/Goals 

1. Using the MESA data to prepare a 10-year stroke risk score for different ethnic 

groups represented in the MESA cohort using traditional cardiovascular risk 

factors (e.g. Framingham Risk Score). 

2. Evaluate the impact of variables not included in the Modified Framingham Stroke 

Risk Profile (MFSRPP), such as socio-economic status, additional CVD risk 

factors, adequacy of the effectiveness of the control of traditional risk factors such 

as weight, physical activity, hypertension, dyslipidemia, glucose control, and the 

choice of relevant risk-factor modifying medications including anti-platelet use on 

the risk of stroke in the MESA population. 

3. Evaluate a stroke risk-prediction model that also incorporates subclinical 

cardiovascular risk factors.  

 

Research Questions fulfill FINER criteria 

1. Feasibility 

The MESA cohort has been followed for almost 10 years, which has allowed for the 

accumulation of enough incident strokes to make this study feasible. Since the number of 

stroke events among the Chinese is small, we will only build the model that predicts 

stroke risk in White, Black and Hispanic participants.  

2. Interesting  

The issue of risk identification and stratification is particularly important to providers and 

policy makers as such information is necessary in addressing and informing preventive 

strategies. 
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3. Novelty 

The stroke prediction model is not novel as the Framingham Stroke Risk Profile uses the 

same approach. However, building the stroke risk model in this multi-ethnic cohort is 

novel. Additionally, the potential to include subclinical cardiovascular risk factors such 

as common carotid diameters, and coronary artery calcium scores as well as behavioral 

risk factors in the risk model is novel and unique.  

4. Ethical Consideration 

The database of interest has been de-identified which allows for a secondary analysis 

with limited risk to loss of privacy or confidentiality to cohort members.  

5. Relevance 

Ultimately this work may aid in the development of a tool that will help clinicians and 

researchers to better identify populations and groups that are at a high risk of stroke. This 

is an important step that should precede the development of policies that will directly 

target aggressive and effective stroke prevention strategies to appropriate groups. 

 

Aims & Hypotheses 

Although African Americans are disproportionately affected by strokes there is no 

prospectively derived stroke risk prediction model in this race/ethnic group. Identifying 

groups at high risk for strokes is an important first step for targeted preventive 

interventions.2 Thus, it is important to develop tools that can adequately identify 

individuals from ethnic minorities such as African Americans and Hispanics who are at 

high risk for preventable but catastrophic events such as strokes. The modified 

Framingham Stroke Risk Profile (MFSRP) uses a Cox proportional hazards regression 
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model to assign a gender-specific 10-year probability of stroke based on 8 risk factors.3 

Thus, the MFSRP is not a suitable predictor of stroke in African Americans or Hispanics, 

since the original Framingham cohort was exclusively White.  

 

Our primary goal is to build a 10-year stroke risk prediction tool that accommodates 

African American and Hispanic ethnicities using the Multi-ethnic Study of 

Atherosclerosis (MESA) 14 cohort. This study will provide a much-needed tool to 

improve the prediction of stroke among Hispanics and African Americans, populations 

that are disproportionately affected by stroke. 

 

Methods 

Study Population (Specific Aim 1) 

MESA 

The objectives and design of MESA have been previously published. 14 Briefly, MESA 

was initiated in July, 2000 and enrolled 6,814 participants from 6 US communities 

Aim 1:  To develop a 10-year stroke risk model that incorporates non-Hispanic White, 
Hispanic and African-American ethnicities we will: 
         Aim 1a. Develop a stroke risk model utilizing traditional (Framingham) risk 
factors and ethnicity.  

Aim 1b. Assess if the inclusion of non-Framingham CVD risk factors such as 
body mass index, physical activity, dyslipidemia, antiplatelet use, inflammatory 
markers, and family history improve the model.   

Aim 1c. Assess if the inclusion of mediating subclinical risk markers such as 
coronary artery calcium (CAC) score, common carotid intima-media thickness (IMT) 
and ankle-brachial index (ABI) improve the previous model.  

 
Aim 2:  To determine the adequacy of the MESA stroke risk model by ascertaining its 
discriminant ability. 
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(Baltimore, MD; Chicago, IL; Forsyth County, NC; Los Angeles County, CA; northern 

New York City, NY; and St Paul, MN). Men and women between the ages of 45-84 years 

have been recruited from diverse racial/ethnic groups in the following proportions: 38% 

of cohort White, 28% African-American, 22% Hispanic, and 12% Asian of Chinese 

descent.  

 

Recruitment/Sampling14 

Participants were recruited through random digit dialing and mailing of informational 

brochures to households in target areas. Eligible households are contacted within 14 days 

after initial contact over the phone to administer a questionnaire in English, Spanish, 

Cantonese or Mandarin to introduce the study to potential participants and to establish 

eligibility.  

A non-proportional quota purposive nonprobability sampling was used to select cohort 

members. Each of the field centers sought to recruit an equal number of women and men 

from two or more racial/ethnic groups. Additionally, in order to augment recruitment of 

elderly members of minority groups, a snowball purposive non-probability sampling was 

utilized, where participants were asked to refer elderly persons they knew to participate in 

the study.  

Data Collection 

Variable 

Age 

Sex 
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Systolic blood pressure 

Antihypertensive therapy 

Presence of diabetes 

Left ventricular hypertrophy 

Incident atrial fibrillation 

Body mass index 

Waist circumference 

Diastolic blood pressure 

Family history of coronary heart disease 

Triglyceride level 

High density lipoprotein 

Low  density lipoprotein 

Triglyceride 

Statin use 

Fasting serum glucose 

Smoking status 

High sensitivity c-reactive protein 

Intima media thickness 

Ankle brachial index 

Coronary artery calcium score 

Physical activity 

Table I. Potential stroke risk prediction variables 
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Specific Aim1a: Data collected from the initial baseline examination will be used. The 

following CVD risk factors will be used in model building: Age (in years), sex, systolic 

blood pressure (the average of the last 2 of 3 resting seated blood pressure measurements 

taken with an automated oscillometric sphygmomanometer – (Dinamap PRO 100; 

Critikon, Tampa Bay, Florida); use of antihypertensive medication, presence of diabetes 

(use of oral hypoglycemics or insulin, or history of a fasting glucose level > 126 mg/dL 

or a random glucose of at least 200 mg/dL), cigarette smoking (persons who reported 

smoking cigarettes during the previous year will be considered current smokers15), left 

ventricular hypertrophy (LVH) determined by voltage criteria accompanied by lateral 

repolarization abnormalities3, 14, 16 and presence of Atrial fibrillation (atrial fibrillation or 

atrial flutter present on an electrocardiogram prior to or during study period).    

 

Specific Aim 1b/1c: Stroke prevention guidelines emphasize the importance of lifestyle 

modification and body proportions to stroke risk.1 Thus, we aim to develop a stroke risk 

appraisal function that incorporates such risk factors, because they have been 

underutilized in current risk models. MESA provides an opportunity to develop a stroke 

risk prediction tool that incorporates underutilized risk factors such as body mass index 

(BMI--weight in kg/height in m2). Weight in the MESA cohort was measured using a 

Detecto platform balance scale (Titus Home Health Care, Alhambra, CA) with 

participants wearing light clothing without shoes, and  height was measured using the 

Accu-Hite stadiometer (Seca GmbH & Company KG, Hamburg, Germany). Waist 

circumference was measured at the level of the umbilicus using a Gulick II 

anthropometric tape (Sammons Preston, Chicago, IL).   Additional characteristics include 
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abdominal obesity (> 88cm waist circumference in women, or  >102 waist circumference 

in men), diastolic blood pressure, family history of premature CHD (fatal or non-fatal 

MI) in immediate family member (parent, sibling or child) of participant, parental or 

sibling history of stroke, Triglyceride level, high density lipoprotein (HDL) cholesterol 

level, low density lipoprotein (LDL) cholesterol level (LDL was calculated using the 

Friedewald equation17), statin use, and fasting glucose level. The serum glucose level was 

measured using a Vitros analyzer (Johnson & Johnson Clinical Diagnostics, Rochester, 

NY) while plasma lipids were measured using a Roche Diagnostics standardized kit 

(Roche Diagnostics Corporation, Indianapolis, IN). Unlike the Framingham risk score, 

current cigarette use was defined as having smoked a cigarette in the last 30 days in the 

MESA cohort. Past or current smoking status will also be evaluated for the MESA stroke 

risk profile.  

 

Subclinical CVD risk factors that will be used are: high sensitivity C-reactive protein 

(hsCRP), measured at the Laboratory for Clinical Biochemistry Research (University of 

Vermont, Burlington) using the BNII nephelometer (N High Sensitivity CRP; Dade 

Behring Inc.); ankle brachial index (ABI) was calculated using the ratio of the higher of 

systolic blood pressure (SBP) measured at the dorsalis pedis or posterior tibial arteries to 

the higher of bilaterally measured SBP at the brachial arteries using a handheld Doppler 

instrument with a 5-mHz probe with participant supine.18 Finally, the coronary calcium 

(CAC) score will be measured. The mean Agatston score obtained from Chest computed 

tomography (CT) scans using either the cardiac-gated electron-beam CT scanner or a 

multidetector CT scanner. 19All participants were scanned twice and scans were read 
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centrally by a radiologist or cardiologist at the Los Angeles Biomedical Research 

Institute at Harbor-UCLA, Torrance, California.20 

 

Study outcome (Specific Aim1): The composite outcome of interest for this study 

includes fatal and nonfatal strokes (due to hemorrhage or infarcts) or transient ischemic 

attack (TIA) adjudicated by a MESA committee comprising of vascular neurologists, 

cardiologists and epidemiologists.14  

 

Statistical Analyses 

Model Building  

The multi-ethnic stroke risk prediction model (Specific Aim 1a) will be developed using 

the Wolf et al approach.3 The predictive function will be developed using a Cox 

proportional hazards regression model to determine regression coefficients for stroke risk 

factors. The inclusion criteria for model 1 risk factors will be based on the Framingham 

model. Model selection will begin with the full Framingham model variables. 

Subsequently, risk factors that do not significantly contribute to the model, based on 

MESA data, will be eliminated by backwards elimination. Model selection for Model 2 

will begin with the full Framingham model variables as well as MESA variables that 

attained p< 0.1 in univariate cox regression analyses. Initial model selection will not 

include any subclinical atherosclerotic risk markers (hsCRP, ABI, CAC, CIMT). Final 

model will be determined through backwards elimination. Model selection for Model 3 

will begin with the full Framingham model variables, plus all MESA variables that 

attained p< 0.1 in univariate analyses, which includes subclinical risk markers attaining 
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that threshold in univariate analyses. Final model will be determined through backwards 

elimination.  

Ten year stroke risk prediction 

The final model derived (Model 3) will form a linear function, L. Subsequently, a value 

(M) will be determined based on the function L (m), where m represents the mean cohort 

values for the identified risk factors. A function A = L-M can then be determined, which 

will lead to the exponential function B = ℮A. Next, a survival probability S (t) where t=10 

(t= number of years) can be estimated for the probability of surviving without a stroke for 

10 years for individuals whose risk factors are equal to the cohort mean. Finally, the 

probability, ρ, of a cohort participate suffering a stroke in time, t, may be computed as ρ 

= 1- (S (t)) B. 

Model Performance Comparison (Specific Aim 2) 

The newly derived model will be compared with the Framingham risk model fitted to the 

MESA data. Area under the curve (AUC) comparison of the two models will be made. 

Refitting the Framingham data to MESA will make the performance comparison of the 

two models more impartial. 

Power Analysis 

In a validation study of Framingham coronary heart disease prediction scores in non-

Hispanic white racial ethnic groups, African American men in the highest decile of 

predicted risk had a 1 in 3 chance of being misclassified.9 I hypothesize that the AUC for 

the ROC curve for the Framingham model for predicting stroke in African Americans 

will be approximately 0.75.9 We anticipate that the newly derived model will have a 

better ROC curve with AUC of ≥0.85. Thus, the total sample size (outcome positive + 
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outcome negative) needed to show this improvement at a type I error rate of 0.05 and 

Power of 0.8 is 137 per ROC (based on sample size calculator at 

https://www.statstodo.com/SSiz2ROCs_Pgm.php). The MESA study has accumulated 

187 events (strokes and TIAs) over the study period. Thus, this study will be adequately 

powered to determine the hypothesized improvement in ROC.  

 

Funding/Requested Resources:  Diversity Supplement to the Multi-ethnic Study of 

Atherosclerosis 

 

Table II. Timetable 

 Study quarter (2 months each) 

1 

(Nov-Dec 

2014) 

2 

(Jan-Feb 

2015) 

3 

(Mar-Apr 

2015) 

4 

(May-Jun 

2015) 

Wrap up preliminary 

analysis of data 

(note: IRB approval 

not needed as only 

de-identified data is 

used) 

X    

Descriptive analysis 

of MESA data 

X X   
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Model building 

(Primary aim) 

X X   

Thesis draft 

submission 

 X   

Thesis final 

submission and oral 

defense 

  X  

Manuscript writing 

and submission 

 X X X 

 

Tables – 10 year stroke risk predictors 

Table III.  Cohort Characteristics 

Variable Stroke/TIA  No Stroke/TIA P-Value 

Age (yrs)    

Sex (%)    

Race/Ethnicity    

Systolic Blood 

Pressure (mm 

Hg) 

   

Antihypertensive 

Therapy 

   

Diabetes    
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Mellitus 

Atrial 

Fibrillation (%) 

   

Left Ventricular 

Hypertrophy 

   

Low Density 

Lipoprotein 

   

High Density 

Lipoprotein 

   

Body Mass 

Index (Kg/m2) 

   

Physical 

Activity Level 

   

Intima Media 

Thickness 

   

Ankle Brachial 

Index 

   

Coronary Artery 

Calcium Score 

   

 

Table IV. Regression coefficients of Significant Risk factors 

Risk Factor Regression Hazard Ratio Confidence 
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Coefficient Interval 

    

 

Table V. Stroke Risk Prediction Models 

 Model 1  Model 2  Model 3  

Variable Hazard 

Ratio 

P-value Hazard 

Ratio 

P-Value Hazard 

Ratio 

P-value 

 

Table VI. Point Based Stroke Risk prediction score (Model 3) 

Variable Points 

Age (years)  for example + 2 for example 

 

Figure 2. ROC curves comparing Fitted Framingham model and newly derived MESA-

based stroke risk prediction model 
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CHAPTER 2 

A 10-year Stroke Risk Prediction Model: Multi-ethnic Study of Atherosclerosis 

(MESA) 

 

Introduction 

There are nearly 800,000 strokes occurring in the US each year, most of which (~ 75%) 

are first attacks.1 Identifying groups at high risk for strokes is an important first step for 

aggressive and targeted preventive interventions.2 Unfortunately, current stroke risk 

models are not fully generalizable to a multi-ethnic population because some are derived 

from predominantly white populations,3 others are not applicable to both sexes,21 and the 

model that the American Heart Association has recently promoted is designed to predict 

global cardiovascular risk and is not specific to stroke risk.22  

 

The Framingham Stroke model is the most widely used stroke risk prediction model.3 

The main limitation of the Framingham model is that it is derived from an exclusively 

white cohort. The proportion of racial minorities in the US is expected to reach about 

40% by the year 2030.4 Thus, there is a considerable economic benefit to developing 

tools that can adequately identify members of minority populations at high risk for 

preventable but catastrophic events such as strokes. Additionally, the Framingham model 

was derived more than 2 decades ago based on data that was collected beginning about 5 

decades ago. The landscape of health has changed significantly over this period. 

Although, tobacco use has decreased while statin and antiplatelet therapy use have 

increased, obesity, physical activity levels and adherence to a healthy diet have all 
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worsened.23 Thus, a new stroke risk prediction tool derived from a contemporary multi-

ethnic cohort is a desirable alternative to the current models in use as it reflects current 

health trends and allows for the development of a stroke risk profile that is generalizable 

to the current US population.   

We have derived a 10-year stroke risk score in a multi-ethnic longitudinal cohort that 

utilizes traditional and novel risk factors for stroke.   

 

Methods 

Participants 

The objectives and design of MESA have been previously published. 14 Briefly, MESA 

was initiated in July, 2000 and has currently recruited 6,814 participants from 6 US 

communities (Baltimore, MD; Chicago, IL; Forsyth County, NC; Los Angeles County, 

CA; northern New York City, NY; and St Paul, MN). Men and women between the ages 

of 45-84 years were recruited from diverse racial/ethnic groups in the following 

proportions: 38% of cohort White, 28% African-American, 22% Hispanic, and 12% 

Asian of Chinese descent. Chinese participants (n= 804) were excluded from current 

analyses because of low event rate. Twenty non-Chinese participants were also excluded 

from analyses because of missing endpoint data. For this study, analyses were performed 

on the remaining 5990 participants.   

Procedure 

The following cardiovascular disease (CVD)  risk factors were obtained from baseline 

examination: systolic blood pressure (the average of the last 2 of 3 resting seated blood 

pressure measurements taken with an automated oscillometric sphygmomanometer – 
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Dinamap PRO 100; Critikon, Tampa Bay, Florida); use of antihypertensive medication, 

presence of diabetes (use of oral hypoglycemics or insulin, or history of a fasting glucose 

level > 140 mg/dL or a random glucose of at least 200 mg/dL), cigarette smoking 

(persons who reported smoking in last 30 days were characterized as current smokers), 

left ventricular hypertrophy (LVH) determined by voltage criteria accompanied by lateral 

repolarization abnormalities3, 14, 16 and presence of Atrial fibrillation (diagnosed on 

electrocardiogram prior to or during study period or inpatient hospital diagnosis of Atrial 

fibrillation from Centers for Medicare & Medicaid Services data during study period ). 

 

Weight in the MESA cohort was measured using a Detecto platform balance scale (Titus 

Home Health Care, Alhambra, CA) with participants wearing light clothing without 

shoes, and  height was measured using the Accu-Hite stadiometer (Seca GmbH & 

Company KG, Hamburg, Germany). Waist circumference was measured at the level of 

the umbilicus using a Gulick II anthropometric tape (Sammons Preston, Chicago, IL).   

High density lipoprotein (HDL) cholesterol level, low density lipoprotein (LDL) 

cholesterol level (LDL was calculated using the Friedewald equation17). Serum glucose 

level was measured using a Vitros analyzer (Johnson & Johnson Clinical Diagnostics, 

Rochester, NY) while plasma lipids were measured using a Roche Diagnostics 

standardized kit (Roche Diagnostics Corporation, Indianapolis, IN).  

 

Subclinical CVD risk factors that were ascertained included: high sensitivity C-reactive 

protein (hsCRP), measured at the Laboratory for Clinical Biochemistry Research 

(University of Vermont, Burlington) using the BNII nephelometer (N High Sensitivity 
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CRP; Dade Behring Inc.). Additionally, coronary artery calcium (CAC) score was 

measured. The mean Agatston score was obtained from Chest computed tomography 

(CT) scans using either the cardiac-gated electron-beam CT scanner or a multidetector 

CT scanner. 19All participants were scanned twice and scans were read centrally by a 

radiologist or cardiologist at the Los Angeles Biomedical Research Institute at Harbor-

UCLA, Torrance, California.20 

 

Endpoint 

The composite outcome of interest for this study includes fatal and nonfatal strokes due 

to hemorrhage or infarcts and transient ischemic attack (TIA) adjudicated by a MESA 

committee comprising of vascular neurologists, cardiologists and epidemiologists.14  

Stroke was defined as a rapid onset of a documented focal neurological deficit lasting 24 

hours or until death, or if in < 24 hours there was a clinically relevant lesion on the brain 

imaging (typically CT or MRI). Transient Ischemic Attack (TIA) was defined as a 

documented focal neurological deficit lasting 30 seconds to 24 hours and without 

imaging evidence of a clinically relevant lesion or without imaging completed 

 

Statistical Analyses 

Comparison of participants who developed stroke/TIA to those that were event free was 

based on chi-square comparisons for categorical variables.  Student t-test comparison was 

made for continuous variables that did not violate the normality assumption. T-tests were 

determined conservatively by initially testing for equality of variance. Univariate analysis 

for model selection was based on survival analyses.  
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Model Building  

The MESA Stroke Score (MSS) was developed using the Wolf et al approach.3 The 

predictive function was developed using a Cox proportional hazards regression 

procedure. Model selection began with the Framingham model variables, plus variables 

that attained p< 0.1 in univariate survival analyses. Final model was determined through 

backwards elimination. Continuous variables such age, systolic blood pressure, and HDL 

that were significantly associated with outcome were transformed into categorical 

variables based on clinically and statistically meaningful subdivisions.  

Ten-year stroke risk prediction 

Probability of stroke was a function of a participant’s survival probability compared to 

the risk of stroke/TIA for a hypothetical individual whose risk factors are equal to the 

cohort mean for all significant risk factors. To generate a risk score, we assigned points to 

each significant risk factor proportional to its regression coefficient rounded and 

standardized to a whole number point score.24 All statistical analyses were completed 

using SAS version 9.2 (SAS institute, Inc., Cary, NC). 

 

Results 

We analyzed data from 5990 participants from the following racial/ethnic groups: non-

Hispanic White 2625 (43.8%), non-Hispanic Black 1880 (31.4%) and Hispanics 1485 

(24.8%). The cohort was fairly balanced by sex with women making up 53% of the study 

population. After a mean follow up of 7.6 +/- 1.8 years (maximum follow up of 10.5 

years) a total number of 187 first events were recorded, out of 139 strokes and 60 TIAs. 

Ischemic strokes made up 83% of the total strokes.   
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Participants who experienced stroke or TIA were on average significantly older (68.4 +/- 

9.5 years) than those who were event free (61.9 +/- 10.2 years). As shown in Table VII, 

cardiovascular risk factors such as elevated systolic blood pressure, presence of diabetes, 

incident atrial fibrillation and presence of coronary artery calcium was more prevalent 

among the stroke/TIA group.  

 

In univariate survival analyses traditional cardiovascular risk factors and subclinical 

markers such as c-reactive protein, common carotid intima media thickness and presence 

of coronary artery calcium were significantly associated with increased hazard ratio for 

events (Table VIII). Anthropometric measurements including body mass index and waist 

circumference were not associated with heightened event rate in univariate survival 

analyses.  

 

Table IX shows a 9-variable stroke risk profile that adjusts for race/ethnicity as well as 

sex. Age ≥ 65 years, SBP ≥120 mmHg, HDL ≤60 mg/dL, presence of diabetes, incident 

atrial fibrillation, current smoking and presence of coronary artery calcium were all 

significantly associated with heightened risk of stroke/TIA.  Table X shows the 

conversion of these predictors of stroke/TIA to a point-system based on the beta-

coefficients of the risk factors. Figure 3 shows the derived 12-point stroke score and 

predicted event probability associated with the scores. Predicted risk of stroke ranged 

from 1.64% (MSS = 0) to 99.1% (MSS=12). Figure 4a-e shows the boxplots of predicted 
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stroke probability for all participants (a), by sex (b), by race/ethnicity (c), by age category 

(d) and by systolic blood pressure category (e).  

 

Discussion 

We have derived a stroke prediction model from a multi-ethnic cohort that was 

asymptomatic at baseline. The factors identified are predominantly traditional 

cardiovascular risk factors such as elevated SBP, diabetes, and smoking status have been 

known to increase stroke risk for decades.3 These risk factors remain strong predictors of 

stroke in spite of the expected difference in the general state of health of the 

contemporary US population (MESA cohort) compared to the population from about 5 

decades prior (Framingham cohort).  

 

In our study, as in others,15 we  identified incident Atrial fibrillation (Afib) as a strong 

predictor of stroke/TIA over 10 years of follow up. Atrial fibrillation was detected based 

on electrocardiograms (EKGs) as well as hospital data from CMS. Clinically, Atrial 

fibrillation is difficult to detect and may require ambulatory cardiac telemetry to increase 

detection rate.25 Presumably, Afib is under-detected in typical cohort studies. This means 

that the impact of Afib on stroke risk is likely to be underestimated in cohort studies. Our 

findings suggest that Afib detection and treatment should be an important factor in stroke 

prevention strategies. There remain areas of uncertainty regarding duration and intensity 

of monitoring needed in order to detect subclinical Afib.26 Additionally, no study has 

shown that there is benefit in pursuing Afib detection in primary stroke prevention. 

Admittedly, our study design does not allow us to clearly document that Afib 
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diagnosis/detection preceded all events. Establishing temporal precedence is challenging 

in cohort studies especially since strokes may be silent and Afib can be paroxysmal and 

difficult to detect.  Even so, our findings suggest that there is a clear role for Afib 

detection and treatment in primary stroke prevention.  

 

The protective effect of HDL on cardiovascular disease risk is well described.27 We have 

shown that HDL concentrations ≥60 mg/dL were significantly associated with a 

decreased risk of stroke/TIA compared with levels below 60 mg/dL. The first implication 

of our finding is that the current acceptable HDL level of 40-59 mg/dL may need to be 

re-assessed. We are aware that current literature has suggested that static measurements 

of HDL cholesterol levels may be suboptimal.28, 29 It has been proposed that HDL 

function as measured by cholesterol efflux capacity may be a better biomarker of the 

impact of HDL on CVD risk.28, 29 In our study we have shown that the static 

measurements of HDL levels are associated with stroke risk. Although no trial has shown 

clinical benefit in increasing HDL levels pharmacologically, 30-33 these trials were not 

powered to show the impact of these therapies on stroke risk exclusively. HDL levels are 

easy and affordable to measure and can be routinely obtained in health centers all over 

the US. Thus, it remains an efficient and effective tool for assessing risk, even in the 

absence of reliable therapeutic options.  

 

Coronary artery calcium (CAC) score is an emerging independent risk factor for stroke. 34 

Our findings are consistent with current literature regarding the impact of coronary artery 

calcium on risk of cerebrovascular events. Understandably, coronary artery calcium 
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assessment is not widely used in clinical practice. Ultimately, if coronary artery calcium 

gains widespread acceptance, our stroke score allows for the incorporation of the 

presence or absence of coronary calcium in risk assessment. We suspect that CAC may 

help to reclassify individuals who are at moderate risk of stroke into higher or lower 

strata of risk.35 

 

The overall risk of stroke in the MESA cohort is presumably lower than for the 

Framingham cohort because MESA, unlike Framingham, excluded people with overt 

cardiovascular disease from enrollment. Additionally, the current widespread use of 

statins, antiplatelets and antihypertensives likely lowers stroke risk. Even so, we found 

that traditional cardiovascular risk factors such as SBP, diabetes and smoking status 

remain strongly predictive of stroke in our contemporary cohort, suggesting that these 

risk factors are quite robust predictors of stroke/TIA. The mean SBP for the MESA 

population is 126 mm Hg (+/- 21.6), which is lower than the mean SBP of the 

Framingham cohort that was approximately 140mm Hg.3 The prevalence of diabetes has 

stayed relatively constant (12.7% in MESA and about 8-10% in the Framingham 

cohort).3 Prevalence of current smoking has decreased significantly to the current 

proportion among the MESA participants (14.2%) compared to about a third of the 

Framingham cohort identifying themselves as current smokers. Of note, participants who 

had smoked within the past year were designated as current smokers in the Framingham 

study while in MESA, current smokers were designated if they smoked in the last 30 

days. This difference in definition of current smoking likely contributed to the lower 

proportion of current smokers in the MESA population. Nevertheless, national trends 
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confirm that cigarette smoking has declined significantly in the US population over the 

past decades. Our findings suggest that we need to continue to target these risk factors in 

primary stroke prevention. Our analyses suggest that targeting these risk factors remain 

an important strategy for primary stroke prevention and perhaps even for primordial 

prevention. These 3 risk factors contribute a maximum of 4/12 points to the MSS. This 

suggests that the presence of these modifiable risk factors can increase the risk of stroke 

into a higher tertile of risk.   

 

We have developed a stroke risk prediction tool that is generalizable to multi-

racial/ethnic populations. The risk score adjusts for race/ethnicity and sex, and 

incorporates traditional cardiovascular risk factors (Age, SBP, smoking status, diabetes, 

HDL), incident Afib, as well as a subclinical marker (CAC) of increased stroke risk. This 

model had good discriminant ability with a concordance (or c) statistic for a maximum 

event date of 9.1 years of 0.78. All of these risk factors, except for coronary artery 

calcium, can be easily ascertained in clinical practice and thus can be incorporated into 

routine clinical assessment.  

 

Conclusion 

The MESA Stroke Score (MSS) is a convenient tool for assessing stroke risk. The 

advantages of our stroke score include being derived from a contemporary cohort with a 

source population that more closely mirrors current US demographics that utilized 

traditional and nontraditional cardiovascular risk factors. Future directions include testing 

the validity of this tool by evaluating the MSS’s ability to discriminate among levels of 
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stroke risk in different cohorts. Ultimately, this stroke risk profile can help to direct the 

intensity and content of effective primary and primordial stroke preventive strategies. 

 

Table VII. Cohort Characteristics  

Variable Stroke/TIA 

(N=187)  

No Stroke/TIA 

(N=5790) 

P-value 

Age (years) 68.4 (+/-9.5) 61.9 (+/- 10.2) <0.0001 

Sex (%)   0.636 

      Female 96 (3.03) 3074  

      Male 91 (3.24) 2716  

Race/Ethnicity   0.908 

      White 80 2532  

      Black 58 1822  

      Hispanic 49 1436  

Systolic Blood Pressure (mm Hg) 140.7 (+/- 23.5) 126.4 (+/-21.2) <0.0001 

Antihypertensive Therapy   <0.0001 

      Yes 100 (4.36) 2196  

      No 86 (2.34) 3592  

Diabetes Mellitus   <0.0001 

      No 116 (2.63) 4296  

      Impaired Fasting Glucose 26 (3.26) 771  

      Yes (Treated and untreated) 44 (5.90) 702  



32 

 

Atrial Fibrillation (%)   <0.0001 

      Yes 27 (9.18) 267  

      No 157 (2.79) 5474  

Cigarette Smoking Status   0.377 

      Never 88 (3.15) 2710  

      Former 66 (2.84) 2256  

      Current 32 (3.82) 806  

Pack-years of cigarette smoking 15.3 (+/-23) 12.1(+/-21) 0.0478 

Left Ventricular Hypertrophy   0.0073 

      Yes 11 (6.40) 161  

      No 157 (2.87) 5318  

Low Density Lipoprotein 118.0 (+/-32) 117.5 (+/- 32) 0.806 

High Density Lipoprotein (mg/dL)* 46.1 (+/- 1.3) 49.4 (+/- 1.3) 0.0003 

Body Mass Index (Kg/m2) 28.7 (+/- 4.9) 28.9 (+/- 5.5) 0.662 

Coronary Artery Calcium Present   <0.0001 

      Yes 136 (4.57) 2842  

      No 51 (1.70) 2948  

*HDL was Log transformed due to violation of normality assumption prior to t-test; 

values shown are back transformed for ease of interpretation. 

 

Table VIII. Unadjusted Proportional Hazards of risk factors 

Risk Factor Hazard Ratio P-value 
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Age 1.97 <0.0001 

Age Category   

     55-64 2.00 0.012 

     65-74 3.48 <0.0001 

     75-84 7.28 <0.0001 

Male 1.09 0.560 

Race/Ethnicity   

      Black 1.06 0.721 

      Hispanic 1.14 0.468 

Systolic Blood Pressure 1.31 (per 

10mmHg rise) 

<0.0001 

Systolic Blood Pressure Category   

      120-139 2.44 <0.0001 

      140-159 4.09 <0.0001 

      ≥160 7.38 <0.0001 

Hypertension Medication 1.95 <0.0001 

Diabetes  2.35 <0.0001 

Oral Hypoglycemic Agent 2.54 <0.0001 

Fasting Glucose (per 10 unit rise) 1.08 <0.0001 

Current Smoker       1.32 0.155 

LDL (per 10 unit rise) 1.00 0.840 

HDL (per 10 unit rise) 0.817 0.0004 
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HDL category   

       40-59 0.820 0.247 

       ≥60 0.552 0.008 

Any Lipid Lowering Medication  1.14 0.491 

Aspirin ever used on regular basis 1.51 0.005 

Incident Atrial Fibrillation 3.72 <0.0001 

Body Mass Index 0.99 0.654 

Waist Circumference (cm) 1.01 0.265 

C-reactive protein 1.02 0.062 

Common carotid intimal-medial thickness 4.87 <0.0001 

Coronary Artery Calcium Present 2.85 <0.0001 

 

Table IX. Stroke Risk Prediction Model 

Risk Factor Parameter 

Estimate 

Hazard Ratio P-value 

Age category    

       55-64 0.366 1.44 0.196 

       65-74 0.725 2.07 0.008 

       75-84 1.277 3.59 <0.0001 

Male -0.126 0.44 0.882 

Race/Ethnicity    

       Black -0.144 0.87 0.436 
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       Hispanic 0.0735 1.08 0.697 

SBP Categories (mm Hg)    

       120-139 0.665 1.94 0.003 

       140-159 1.020 2.77 <0.0001 

       ≥160 1.464 4.32 <0.0001 

Diabetes 0.573 1.77 0.002 

Current Smoker 0.612 1.84 0.003 

Incident Atrial Fibrillation 0.732 2.08 0.0007 

High Density Lipoprotein (mg/dL)    

        40-59 -0.152 0.86 0.400 

       ≥60 -0.506 0.60 0.04 

Coronary Artery Calcium present 0.496 1.64 0.007 

 

Table X. 10-year Stroke Risk Score 

Risk Factor Score 

Age category  

       45-54 0 

       55-64 1 

       65-74 2 

       75-84 3 

Sex 0 

Race/Ethnicity  
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       White 0 

       Black 0 

       Hispanic 0 

SBP Categories (mm Hg)  

       <120 0 

       120-139 1 

       140-159 2 

       ≥160 3 

Diabetes 1 

Current Smoker 1 

Incident Atrial Fibrillation 2 

High Density Lipoprotein  

        <40 1 

        40-59 1 

       ≥60 0 

Coronary Artery Calcium 

present 

1 
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Figure 3. MESA Stroke Score and 10-year probability of stroke 

 

 

 

Fig 4a-e. Box plots of 10-year probability of Stroke/TIA 

 Figure 4a. 
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Figure 4b; 0= female, 1= male 

 

Figure 4c; 1= non-Hispanic White, 3= non-Hispanic Black, 4= Hispanic 
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1=

 

Figure 4d; Age in years 1= 45-54, 2= 55-64, 3 = 65-74, 4=75-84 

 

 

Figure 4e. SBP at baseline in mmHg; 1= <120, 2=120-139, 3= 140-159, 4 ≥160 
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CHAPTER 3 

Exploring the Potential Impact of Behavioral and Social Factors on Stroke Risk 

 

Introduction 

Stroke occurs as a result of multiple risk factors that include micro, meso and macro level 

factors. The ideal stroke risk prediction model must reflect the complex relationships 

between antecedent, independent, moderating, and mediating variables as well as the 

dependent variable (Figure 4). In this section we explore more domains that can be 

incorporated into the Mesa Stroke Score (MSS) to improve the discrimination and 

validity of the tool. We propose that further studies explore incorporating a behavioral 

and social dimension to risk modeling in order to develop a more comprehensive stroke 

risk prediction model.   

 

An emerging area of research is precision medicine. The promise of the future will be to 

incorporate genetic tests as part of stroke risk assessment. Ongoing studies must continue 

to explore the impact of genes on stroke risk. Genetic endowment can be thought of as an 

antecedent variable since a person’s genetic makeup precedes the accumulation of 

cardiovascular risk factors as well as the outcome of interest, stroke. Although, there may 

be genetic and epigenetic phenomena that predispose patients to cardiovascular risk 

factors such as hypertension (HTN), diabetes (DM) and hyperlipidemia (HLD) the causal 

pathway for these relationships have not been convincingly elucidated. Additionally, 

there are genetic conditions that can lead to hypercoagulability or arteriopathies that in 

turn cause stroke without being mediated through established cardiovascular risk 
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markers. Genetic assessment can improve stroke modeling but the tools to parse out the 

complex relationship from genome to phenotype is beyond the scope of this work but 

remains an important and promising goal for ongoing research. Thus, behavioral and 

environmental risk factors appear to be low-hanging fruit that can be incorporated 

immediately in stroke-risk modeling to improve prediction precision.  

 

Our immediate goal is to explore the moderating effect of adherence to protective 

behavior and medication therapy, as well as community/environmental risk, for example 

social capital, socio-cultural endowment and geography. 

 

 

 

Figure 5. Comprehensive Stroke Model 
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Personal/Behavior Risk 

The impact of personal choices on stroke risk may be explored through the elements of 

the health belief model.36 There are many studies that have shown the proven efficacy of 

stroke prevention.37 Thus, chronic management of stroke risk factors such as 

hypertension, hyperlipidemia, and diabetes is critical to successful stroke prevention. 

Nonetheless, one of the biggest challenges of stroke prevention is medication non-

adherence, which is a significant cause of morbidity and mortality in patients with 

cardiovascular disease.38-43 Unfortunately, up to 80% of patients do not adhere to 

prescribed medications.39, 44-50 As a case in point, only about 50% of patients with known 

hypertension have adequately controlled blood pressure (BP).51 In addition to increasing 

the burden of cardiovascular diseases, medication non-adherence results in a significant 

increase in health care costs.44 The health belief model (HBM) is a theory of individual-

level behavior that informs health decision making and may potentially be leveraged to 

improve risk prediction modeling.  

 

Medication non-adherence has been studied extensively but the fundamental reasons for 

this health care challenge remains to be fully elucidated. For instance, many studies have 

noted that medication non-adherence is higher in minority populations, 52 however, the 

cause of medication non-adherence in racial minorities is likely secondary to factors that 

go beyond cost or access to care.53 Establishing risk factors for medication adherence is 

challenging because in addition to the influence of patient-provider interactions that may 

influence adherence, there are diverse patient-specific factors that probably impact 

adherence. Consequently, the HBM is a promising framework that can be drawn on 
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patient-centered and patient-oriented factors  to improve risk prediction rather than 

relying solely on external modifying factors such as ethnicity and socioeconomic status.   

 

Perceived Susceptibility 

Some adults may not be cognizant of their personal susceptibility to stroke. Since a 

person’s perceived susceptibility to disease likely influences their adherence behavior and 

lifestyle, incorporating a variable that ascertains an individual’s impression of their 

susceptibility to stroke may improve stroke risk assessment.  

 

Perceived Barriers and Perceived Self-efficacy 

Assessment of perceived barriers and self-efficacy are important issues that likely 

influence an individual’s level of motivation to persist in healthy behavior. A stroke risk 

model that incorporates such information can personalize and thereby improve predictive 

power.  

 

Environmental/Community Risk 

Social Capital  

The impact of community level risk factors on the occurrence of stroke is currently 

under-explored. Typically, the nature of a person’s social interactions influences their 

lifestyle and health choices in ways that affect their predisposition to cardiovascular 

disease and stroke. The interconnectedness of stroke and community suggests that the 

accuracy of a predictive model hinges on a good understanding of a theory of 

community/social influences.  
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Social Capital may be defined as social networks (and the associated norms of reciprocity 

and trust) that can have powerful effects on the level and efficiency of production and 

well-being.54 Social capital can be measured at the individual, organizational or 

community level. But, regardless of the level of analysis it appears that high social capital 

is associated with higher levels of well-being. Consequently, stroke prediction can be 

optimized if social capital can be ascertained and leveraged to help improve the accuracy 

of the risk profile regardless of the extent of individual’s baseline cardiovascular health. 

 

Social capital and Disease Free individuals 

Primordial prevention involves utilizing community wide strategies to minimize future 

risk of disease for a population of people. Some examples of primordial preventive 

strategies in cardiovascular health may include laws that ban smoking in public places. 

These measures while potentially effective in cardiovascular disease prevention can be 

controversial and stand a small chance of being effected in communities that lack 

cohesiveness. However, in communities that have high social capital the existing 

networks of social interactions can be used as an effective avenue to facilitate discussions 

about the pros and cons of laws that affect the entire community. Typically, communities 

with high social capital can invest time and resources in public health advocacy that can 

lead to the creation of policies that improve the general health of the entire community. 

Thus, we expect that disease free individuals who live in areas of high social capital 

likely have access to community resources and ordinances that promote healthy 

behavior.55 
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Social Capital and First Stroke 

Primary stroke prevention involves individuals taking steps to decrease their risk of 

developing the disease. These measures may include lifestyle modification such as a 

healthy diet or regular physical activity that an individual engages in to prevent the 

development of cardiovascular disease. Social capital at the individual or community 

level can facilitate such behavior. Individuals who are in close relationships with other 

members of their community tend to adopt good behavior. Presumably, if a person has a 

strong social connection with neighbors that exercise regularly they will be more likely to 

start exercising themselves.  

 

In their study Kawachi et al showed that the effects of income inequality may be 

mediated through disinvestment in social capital.56 Social capital is an ideal public good 

because of its property of non-exclusivity.56 Thus, when adequately measured, it captures 

a property that affects all members of the entire community. Social capital is an important 

theory that helps to explain the discrepancies that exist in community health among 

different communities.  

 

A Comprehensive Stroke Risk Model 

The proposed comprehensive approach to stroke risk modeling affords the opportunity to 

develop a risk profile that identifies individuals at high risk even if their risk is under-

predicted by the established risk factors. Another important advantage of this model is 

that it includes subclinical risk markers. These markers are ideal risk prediction factors 
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because they provide early evidence of the existence of vascular disease. Since these 

factors are typically mediators of vascular outcomes, a risk model that incorporates them 

can optimize risk prediction models.  

 

The main weakness of the proposed comprehensive model is the issue of reliability of 

measurement. The model suggested includes community level factors like social capital, 

which does have an impact on cardiovascular health but may also be difficult to measure. 

If these markers cannot be reproducibly measured, the model will predict stroke risk 

unreliably. The usefulness of the model does depend on the ability to accurately measure 

the presence and severity of the relevant factors. Another weakness of a comprehensive 

stroke risk model is that many of the risk factors may be considered to be esoteric by 

providers. Thus, the incorporation of behavioral and social risk factors into the model 

may become a barrier to adoption. The ideal risk prediction model must be easily 

transmittable to clinical practice.  

 

Ultimately, the attractiveness of a comprehensive stroke risk model that incorporates 

neighborhood and personal characteristics as well as clinical cardiovascular risk factors is 

that it can enhance stroke risk assessment far above current models. The economic and 

social impact of making tools available that can help to decrease the burden of strokes in 

the US makes this a worthy endeavor. Importantly, the increasing availability of smart 

tools embedded in electronic health records can help to put a comprehensive stroke risk 

assessment of any patient at the fingertips of providers to enhance and  enrich clinical 

decision making.  
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Conclusion 

Understandably, there are some recognized drawbacks to the proposed areas for further 

studies. However, a comprehensive stroke risk model provides an opportunity to 

understand the determinants of stroke taking into account physiologic, personal and 

community level factors. A stroke risk prediction model that preserves its discriminative 

ability regardless of ethnicity or community level factors has the potential to improve our 

assessment of risk in diverse patient populations. This new approach can revolutionize 

stroke preventive strategies.  
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