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Abstract 

Cardiovascular disease (CVD) is the leading cause of non-communicable disease and 

pre-mature death worldwide. Waist circumference (WC) is a measure of abdominal adiposity 

that is strongly related to both CVD and all-cause mortality. However, WC is not routinely 

measured in clinical practice.  

Predicting which individuals will develop disease is a fundamental aspect to modern 

healthcare. To date, there is limited research examining whether adding WC to current risk 

prediction models will improve how well the model identifies individuals at risk for future 

disease. Therefore, the purpose of this thesis is to investigate whether the addition of WC 

improves CVD and all-cause mortality risk prediction compared to current models. 

We analyzed data from 34,377 men and 9,477 women who completed a baseline 

examination at the Cooper Clinic (Dallas, TX) during 1977 – 2003 and enrolled in the Aerobics 

Center Longitudinal Study (ACLS). Participants were followed until mortality or December 31st, 

2003. WC was measured at the level of the umbilicus and other health risk factors including 

blood pressure, blood lipids, smoking, and diabetes were collected using standardized methods.  

Our primary finding was that the addition of WC does not improve risk prediction for 

fatal CVD, non-fatal CVD and all-cause mortality. This observation remained consistent across 

several statistical strategies to assess model performance. However, WC was significantly 

associated with the outcomes beyond common clinical risk factors.  

The findings of this thesis demonstrate that although WC is significantly associated with 

pre-mature death, adding WC to established risk prediction models does not improve how well 

the model is able to identify which individuals are at increased risk for future disease.   
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Chapter 1. General Introduction 

Cardiovascular disease (CVD), including coronary heart disease (CHD) and stroke, is the 

leading cause of non-communicable morbidity and mortality worldwide.1 Moreover, it is well 

established that obesity increases the risk of morbidity and mortality.2,3 In particular, there is 

considerable evidence that demonstrates the independent association between waist 

circumference (WC), a measure of adipose tissue distribution, and both cardiovascular disease 

(CVD)4–6 and all-cause mortality,2,4,7 with or without the adjustment for BMI.2,8,9 Despite this 

evidence WC is not routinely measured in clinical practice.10–12 

The inclusion of risk markers, like WC, into clinical practice is grounded on their ability 

to improve patient management. A scientific statement published by the American Heart 

Association outlined the steps for adding new markers to established risk prediction models.13 At 

minimum, new risk markers must demonstrate an independent association with the outcome of 

interest in a multivariate model. However, many markers meet this criterion but fail to improve 

risk prediction, thus more stringent criteria like discrimination (the probability of a risk model to 

distinguish between a case and a control)14, calibration (the ability for a risk model to 

appropriately predict the proportion of subjects who will experience an event)15 and 

reclassification (the correct change in predicted risk for cases and controls)16 should be assessed.  

Despite the robust multivariate association, there is limited evidence evaluating whether 

the addition of WC to CVD risk models, like the Framingham Risk Score (FRS),17 improves risk 

prediction using more stringent statistical criteria. We are aware of only one study that has 

evaluated the addition of WC, alone or adjusted for BMI, to a CVD risk model using a number of 

model performance measures. The Emerging Risk Factors Collaboration evaluated a CVD risk 

model in ~145,000 adults and assessed whether the addition of WC would improve risk 
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prediction.18 They found that although WC was independently associated with CVD in a 

multivariate model, there was no improvement in risk prediction. However, it is important that 

further work evaluates the changes in risk prediction upon addition of WC to a standard risk 

model to generate additional and possibly confirmatory observations.  

The failure of a marker to improve risk prediction is not unexpected. Cook and others, 

have demonstrated the challenge for any biomarker to considerably improve prognostic 

performance.16,19–22 Pencina et al., estimate that age, sex and ethnicity account for 63-80% of a 

CVD risk model to appropriately classify individual who develop CVD and those who will not.23 

In addition to the challenges associated with adding new risk markers to prognostic models, WC 

faces an added impediment as a result of its mechanistic link with cardiometabolic risk factors.24 

In particular, it is possible that WC may fail to improve prognostic performance because its 

effect on CVD risk is mediated through downstream cardiometabolic risk factors (systolic blood 

pressure, total cholesterol, HDL, and diabetes) already included in the models.24,25  

Therefore, we hypothesise that WC, alone or adjusted for BMI, will not substantively 

improve the performance of prognostic risk models. The purpose of this thesis is to examine 

whether WC serves as a novel biomarker to improve the performance of the FRS for fatal CVD, 

non-fatal CVD and all-cause mortality risk prediction models.  
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Chapter 2. Literature Review 

2.1 Historical Perspective 

The health risks associated with body fat distribution, especially abdominal adiposity, 

have been recognized for several decades. The work of Dr. Jean Vague in 1947 was the first to 

suggest that the association between regional distribution of adiposity and the obesity-related 

health risks are more important that excess fatness.26 He described two types of obesity, 

“android” and “gynoid”, reflecting the different phenotypes of adipose tissue deposition. It was 

not until nearly two decades later that the simultaneous observations of Björntorp and Kissebah 

confirmed the notion that the distribution of adipose tissue was a driving factor of 

cardiometabolic abnormalities.27–29 Kissebah interpreted the “android” and “gynoid” phenotypes 

as upper versus lower body adipose tissue accumulation, as reflected by elevated waist to hip 

circumference ratio.27 These phenotypes were based on body morphology defined by 

anthropometric measures such as waist and hip circumferences. In particular, the waist-to-hip 

ratio (WHR) became increasingly prevalent as epidemiologists observed that an increased WHR 

is associated with increased risk of type 2 diabetes, CVD and mortality.28,30–32 Since this work 

three decades ago, numerous studies have confirmed the observation that a high proportion of 

abdominal adipose tissue is associated with cardiometabolic abnormalities and cardiovascular 

events beyond the risk associated with excess body fatness.33 Upon further investigation, it 

became evidence that WC alone was more strongly associated with the amount of visceral 

adipose tissue (VAT).34–36 Thus, the WHR was replaced by single threshold values of WC 

alone.37  
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2.2 WC and Associated Health Risks 

2.2.1 WC and Cardiometabolic Risk Factors  

The association between WC and cardiometabolic risk factors has been a longstanding 

area of interest for many researchers, with several decades of work investigating this question. 

The common cardiometabolic risk factors are typically defined as the components of the 

metabolic syndrome: triglycerides, high-density lipoprotein cholesterol (HDL), fasting glucose 

and blood pressure.38 The following presents a brief overview of the evidence examining the 

association between WC and cardiometabolic risk factors. 

The cross-sectional analysis of Janssen et al. demonstrated the consistent association 

between WC and common cardiometabolic risk factors.39 For example, per 1 centimeter (cm) 

increase in WC, there was a significant increase in blood pressure, serum lipid concentrations 

(inverse with HDL) and the metabolic syndrome. Canoy et al. conducted a cross-sectional 

analysis including 20,021 British men and women, and observed significant association between 

a 6 cm increase in WC with all serum lipid concentrations, independent of BMI.40 More recent 

evidence from the Emerging Risk Factors Collaboration confirms previous observations. In their 

collaborative analysis of 58 prospective cohort trials, including ~145,000 individuals, age and 

sex adjusted partial correlation coefficients were significant for all serum lipid markers in a dose-

response manner.18 For example, the association between WC and Loge triglyceride (mmol/L) 

had a partial correlation coefficient of 0.31 (95% CI 0.29-0.33). Similar observations were also 

made for blood pressure (mmHg) (r = 0.21; 95% CI 0.19-0.22) and fasting glucose measures 

(mmol/L) (r = 0.19; 95% CI 0.17-0.21).  
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Jayedi et al. conducted a meta-analysis of 14 prospective cohort studies including 

111,370 adults from North America, South America, Africa and Asia examining the association 

between abdominal adiposity and blood pressure.41 Per 10 cm increase in WC a RR of 1.27 (95% 

CI 1.15-1.39) for hypertension was observed. These findings have been confirmed by the recent 

meta-analysis of Zhou et al. who examined the association between WC and hypertension in 14 

prospective cohort studies including 94,953 adults from North America, Europe, Asia and 

Mauritius.42 They observed a RR of 1.25 (95% CI 1.19-1.32) for hypertension per 10 cm 

increase in WC.  

In summary, the evidence derived from cross-sectional and prospective cohort studies 

demonstrates that an elevated WC is associated with increased levels of common 

cardiometabolic risk factors (HDL is inversely associated). Specifically, serum lipid 

concentrations, blood pressure and fasting glucose concentrations.  

2.2.2 WC and Cardiovascular Disease Events 

There is a preponderance of evidence demonstrating the association between WC and 

cardiovascular disease events, both non-fatal and fatal in diverse populations. Rexrode et al. were 

one of the first to publish data demonstrating the association between increased abdominal 

adiposity and elevated risk of CVD.43 Using the Nurses’ Health Study population of 44,072 

American women followed for 8 years, it was observed that WC (>96 cm) increased the risk of 

coronary heart disease (CHD) (HR 3.51: 95% CI 2.19-5.62). Similar observations have also been 

observed in Chinese women. Zhang et al, observed an association between WC >80 cm and the 

risk of CHD in a population of 67,334 Chinese women followed for 2.5 years (HR 3.1; 95% CI 

1.4-7.2).44 Interestingly, the association between WC and CHD was attenuated slightly and lost 

statistical significance after adjusting for BMI (HR 2.5; 95% CI 0.9-7.1). 
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The apparent attenuation of the association between WC and CVD or all-cause mortality 

after adjusting for BMI is in contrast with other studies that have observed a strengthening of the 

association between WC  and all-cause mortality after adjusted for BMI.2,7,9,45,46 Cerhan et al. 

pooled 11 prospective cohort studies with 650,000 adults to investigate the independent 

association of WC on all-cause mortality across the range of BMI (Figure 1).7 The risk of 

mortality after accounting for age, BMI, smoking, alcohol consumption and physical activity per 

5 cm increased 7% and 9% in men and women respectfully, with the association being stronger 

for CVD than cancer.  

Figure 1. Hazard ratios for WC in 5 cm increments with all-cause mortality across categories of BMI. 

Adjusted for education, marital status, smoking status, alcohol consumption, physical activity and 

BMI. Figure from Cerhan et al., 2014.7 
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Yusuf et al. have made similar observation for CVD events. In their case-control study of 

27,000 adults from 52 countries, they observed an increased strength of the association between 

WC and myocardial infarction (MI) upon the adjustment of BMI (WC alone OR 1.19; 95% CI 

1.16-1.22, WC+BMI OR 1.25; 95% CI 1.21-1.30).47 Upon full adjustment for variables 

associated with MI, WC remained significantly associated with MI (P<0.0001). Similarly, Canoy 

et al. observed a strengthening of the association between WC and CHD upon adjustment for 

BMI in women (WC alone HR 1.29; 95% CI 1.20-1.38, WC & BMI HR 1.38; 95% CI 1.21-1.57) 

in the from the EPIC Norfolk study.48 Thus, most evidence suggests that when WC and BMI are 

considered continuously in the same model, for a given WC, the higher the BMI the lower the 

risk.  

A systematic review published in 2008 clearly demonstrates the association between WC 

and CVD morbdidity.49 A positive association between WC and CVD was observe for 96% of 

the studies evaluated (n=48), wherein 65% of the studies demonstrated a significant association 

between WC and CVD. Similarly, the association between WC and CVD mortality was 

examined in 25 samples, where the majority (92%) of the samples demonstrated a positive 

association. A significant association was observed for 76% of the samples.  

More recently, the Emerging Risk Factors Collaboration conducted a pooled analysis of 

58 prospective cohort trials, including ~145,000 individuals.18 They observed a significant 

association between WC and CVD in the fully adjustment model (age, sex, smoking, blood 

pressure, diabetes, TC and HDL) (HR 1.10 per 12.6 cm; 95% CI 1.05-1.14). Similarly, WC was 

significantly associated with CHD after adjustment for age, sex and smoking (HR 1.31; 95% CI 

1.24-1.37). Upon further adjustment for BMI, the association between WC and CHD was non-

significantly attenuated (HR 1.23; 95% CI 1.15-1.32). The evidence consistently demonstrates 
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that the association between WC and CVD persists across age, sex and ethnicity. However, the 

strength of the association may be attenuated in some subpopulations.18,47,49  

In summary, the weighted evidence suggests that WC is associated with an increased risk 

of CVD independent of common cardiometabolic risk factors across diverse populations. Further 

adjustment for BMI appears to strengthen this association.  

2.2.3 Mechanisms 

In addition to the epidemiological evidence demonstrating consistent associations 

between WC with cardiometabolic risk factors and CVD, there is a vast body of literature 

investigating some of the possible mechanisms to explain the observed associations.38,50–54 The 

mechanistic link between elevated WC and CVD remains unclear; however, there are several 

potential mechanisms that merit consideration. WC has been demonstrated to be strongly 

associated with visceral adipose tissue (VAT)24, the adipose depot that many consider to be the 

driving factor associated with increased health risk, including CVD.6,50 Kuk et al. observed an 

independent association between VAT and all-cause mortality.55 In a univariate analysis, WC 

was also associated with all-cause mortality, but upon adjusting for VAT, the association eroded, 

highlighting a plausible driving mechanism behind increased health risk with an elevated WC.  

Excess VAT is thought to be a marker of dysfunctional subcutaneous adipose tissue 

(SAT) not being able to expand during situations of energy surplus.50,53 Therefore, the failure of 

SAT to buffer the energy results in a lipid spillover and accumulation of lipids in undesired 

locations, like the viscera, producing harmful cardiometabolic consequences.50 The 

intraperitoneal adipose tissue, a subsection of VAT, is thought to be drained by the portal vein, 

the characteristic that several have hypothesized is responsible for metabolic complications.50,56 
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By increasing the mobilization of free fatty acids (FFA), the liver is exposed to elevated 

concentrations of FFA which is followed by an increased secretion of very low density 

lipoprotein (VLDL), increasing the circulating concentrations of VLDL, LDL and apo B-100.56 

Additionally, it is understood that portal FFA stimulate hepatic gluconeogenesis while inhibiting 

the hepatic uptake of insulin, increasing the circulating concentrations of glucose and insulin, 

resulting in an insulin resistant state.53 Others have suggested that glucose and lipid metabolism 

may be effected by altered adipokine secretion from VAT, induced by chronic low-grade 

inflammation which is more pronounced in abdominal obesity, contributing to the development 

of dyslipidemia and hypertension.53,57 These observations are strengthened by a recent review 

from Neeland et al. wherein they discuss the number of pathways linking obesity to 

cardiometabolic disease, primarily through the modulation of common risk factors.58 Thus, based 

on our current understanding of the mechanisms responsible for the increased health risk with 

elevated an WC, increased abdominal adipose tissue is a key driver of the modulation of 

traditional risk factors, resulting in elevated CVD risk.  

The mechanisms that explain why the association between WC and health risk is 

strengthened following adjustment for BMI are not well understood. A potential mechanism that 

may explain this observation is that for a given BMI, increasing WC reflects an increase in VAT, 

while for a given WC an increase in BMI represents an increase in lean mass or other adipose 

tissue depots, specifically lower body subcutaneous adipose tissue.38,45 Snijder et al. report that, 

after adjusting for abdominal adipose tissue, thigh adipose tissue is negatively associated with 

glucose intolerance and dyslipidemia.59 More recently, Brown et al., observed that WC adjusted 

for BMI predicts markers of glucose homeostasis, inflammation and lipid metabolism better than 

WC alone.60 It is suggested that the increased capacity to buffer energy and store lipids in the 
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gluteal-femoral subcutaneous adipocytes may protect against excess lipid deposition in visceral 

adipose tissue and in ectopic depots such as the liver, the heart and the skeletal muscle.38  

 

 

 

 

 

 

 

 

 

 

 

As previously described, VAT is an established marker of morbidity and mortality, thus it 

provides a plausible mechanism by which a lower BMI for a given WC or elevated WC for a 

given BMI would increase risk. Kuk et al., demonstrated that although BMI and hip 

circumference (HC) are associated with VAT before adjustment for WC, they are negatively 

associated with VAT after adjustment for WC.61 Thus, the combination of BMI and WC identify 

the higher-risk phenotype better than either measure alone. 

Figure 2. Graphical representation of the potential role of functional and dysfunctional 

adipose tissue contributing to cardiometabolic health risk. Adapted from Després and 

Lemieux. Nature. 2006.38 
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In summary, increased levels of WC are associated with increased levels of VAT. The 

mechanistic evidence suggests that increased abdominal adipose tissue is a key driver of the 

modulation of traditional risk factors, resulting in elevated CVD risk. 

2.3 Global Prevalence of Obesity 

The prevalence of obesity, as measured by BMI, has increased globally since the 1980’s, 

with no country demonstrating a successful decline in obesity rates.62 In Canada, the most recent 

data estimates 27% of Canadian adults have obesity, while 34 % of adults are overweight.63  

Despite a strong association between WC and BMI at the population level, emerging 

evidence suggests that WC may be increasing beyond what is expected according to BMI; in 

other words, the phenotype of obesity may be changing over time to one that reflects an increase 

in abdominal adiposity.64 Janssen et al., examined the changes in WC for a given BMI over a 30-

year period in a Canadian cohort.65 For a given BMI, Canadians had a larger WC in 2007 

compared to 1981. Specifically, they observed a WC that was greater by 1.1 cm in men and 4.9 

cm in women for a BMI of 25 kg/m2 between 1981 and 2007. Similarly, Albrecht et al., 

examined the secular changes in WC in the United States (1988-2007), England (1992-2008), 

China (1993-2011) and Mexico (1999-2012) and reported significantly increased WC values 

relative to BMI in all countries and most subpopulations.66 These observations are consistent 

with Visscher et al., who performed an extensive review and concluded that most of the evidence 

suggests a trend in which the relative increases in WC were larger than the relative increases in 

BMI (Figure 3).67 This observation appears to be independent of age, sex and ethnicity, as few 

groups failed to demonstrate the general trend of secular WC increasing for a given BMI. More 

recently Gearon et al, examined the changes in BMI and WC in Australian adults over a 20-year 

period using nationally representative, cross-sectional surveys.68 Compared to their age, sex and 
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BMI matched compatriots in 1989, women and men in 2012 demonstrated that WC increases of 

6.7 cm and 2.8 cm, respectively. The failure of BMI to detect such an increase in abdominal 

obesity highlights a limitation of BMI alone to identify the phenotype of obesity that conveys the 

greatest health risk.  
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2.4 Risk Prediction Modeling 

Assessment of cardiovascular and metabolic disease risk in individuals is an integral 

component of clinical decision making. Risk prediction is a commonly employed tool to assess 

the need for further healthcare intervention, such as recommending pharmacological therapy.69 

Furthermore, in the present healthcare landscape, it is important to ensure that resources are 

appropriately allocated to maximize the benefit to society. CVD risk prediction models have 

existed for several decades, with the first models developed from the Framingham Heart Study.  

The Framingham Heart Study began in 1948 in the town of town of Framingham 

Massachusetts in an effort to understand the common factors and characteristics that contribute 

to the development of CVD. To the best of our knowledge, the first CVD risk prediction model 

was first published in 1976 by Kannel et al. based on the data derived from the Framingham 

Heart Study, the first prospective cohort study of it’s kind.70 The first models were developed for 

clinical use to estimate the 8-year risk of CVD in person free of CVD at assessment. Two 

separate logistic regression models for men and women containing age, systolic blood pressure, 

cigarette smoking, glucose intolerance, serum cholesterol and left ventricular hypertrophy were 

developed. The only rationale provided for the covariates included in the risk model were based 

on epidemiological observations. Thus, there was no statistical procedure used to quantitatively 

assess the importance of the chosen risk markers for risk prediction. Since the original risk model 

was published, several revisions have been published to reflect advancements in 

understanding.17,71  

The current risk prediction model from the Framingham Heart Study, the Framingham 

Risk Score (FRS) was published in 2008.17 Similar to the original risk model, the FRS includes 

the covariates of age, sex, total cholesterol, HDL, nontreated SBP, treated SBP, cigarette 
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smoking, and diabetes, but no measure of adiposity is included. Additionally, a simple office-

based model was created including age, BMI, systolic blood pressure, antihypertensive 

medication use, cigarette smoking and diabetes. These models provide an estimated 10-year 

absolute risk of CVD.  

An absolute risk estimate evaluates a given individual’s likelihood of developing disease 

based on current characteristics. However, absolute risk can be easily misinterpreted.72 It is 

inappropriate to state that a 10-year risk of 9% means a given individual has a 9% risk of CVD in 

the next 10 years. Rather, the appropriate interpretation would be that given 100 similar 

individuals, it is predicted that 9 will develop CVD in the next 10 years. The current risk model 

can be used clinically in two similar ways. The first is using the Cox proportional hazard 

published in the literature, whereby a clinician would gather the necessary data and the input it 

into the model to calculate the 10-year predicted risk. Alternatively, D’Agostino et al. included a 

simplified scoring system that uses categories for each variable and assigns a specific number of 

points, which are then totalled to estimate 10-year CVD risk. The latter method provides similar 

results compared to the actual Cox model and does increase simplicity of use. However, with the 

increased use of computers in clinical settings, there are online platforms that automatically 

calculate the predicted risk based on the entered data using the original Cox proportional hazard 

models.  

In addition to the FRS, several other groups have published CVD risk models. For 

example, the Systematic Coronary Risk Evaluation (SCORE)73 project developed a CVD risk 

model that has been adopted by the European guidelines on CVD prevention.74 The rationale for 

using the FRS in the proposed research is based on the population of the prospective cohort data 

being investigated and the variables measured within the dataset. The Aerobics Center 
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Longitudinal Study (ACLS) dataset, which is a prospective cohort study based out of Dallas, TX 

in the United States of America was used for the current study. Thus, it is most appropriate to use 

a CVD risk score that has been developed on a similar population of Americans and one in 

which we have the necessary variables to conduct appropriate comparisons.  

2.4.1 Assessing Novel Risk Markers  

 Evaluation of the utility of new biomarkers for risk prediction necessitates a thorough 

understanding of the epidemiological evidence, in addition to assessment of the new biomarkers 

using statistical benchmarks to determine improvement beyond traditional measures. The 

American Heart Association (AHA) has published a scientific statement on the required criteria 

for evaluation of novel risk markers of cardiovascular disease.13 At the very least, novel 

biomarkers must demonstrate an independent statistical association with risk of CVD after 

accounting for established risk factors in a multivariable epidemiological model.  

 

 

 

 

 

In the case of WC, the literature has observed an independent association with CVD in 

several populations from around the world.18,47,48 However, the demonstration of these 

associations alone is insufficient as many novel biomarkers meet these minimum criteria but fail 

to meaningfully improve the performance of prognostic models. For example, a genetic 

1. Univariate 
association

2. Multivariate 
association

3. Risk prediction 
models

Figure 4. Flow chart of the different levels of statistical association between novel risk markers and 

outcome of interested in the process of refining model performance according to the American heart 

Association scientific statement.13 
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polymorphism on the 9p21 gene was independently associated with increased CVD risk but 

provided no improvement in risk prediction performance.75 Thus, more rigorous benchmarks 

have been developed to assess the utility of novel biomarkers in prognostic models, including 

measures of calibration (how closely does the predicted risk agree with the observed risk), 

discrimination (how well does the model separate cases and controls), and more recently net 

reclassification (NRI, relative increase in the predicted probabilities of cases and the decrease in 

predicted probabilities for controls).19  

2.4.2 Risk Prediction Statistics 

The goal in the evaluation of a new risk marker is therefore to answer the question, “Does the 

new marker add significant predictive information beyond that provided by established risk 

factors?” As no single statistical measure provides all the information necessary to assess a novel 

marker, several different measures should be reported to provide the appropriate information.20,76 

The following section will discuss several statistical measures that are suggested for evaluating 

the usefulness of novel markers. 

Hosmer-Lemeshow 

The Hosmer-Lemeshow goodness-of-fit test is a classic measure of model calibration.77,78 

This test provides information of how well the predicted probabilities agree with the actual 

observed risk. As with all goodness-of-fit tests, the power of this test is strongly dependent on 

the sample size of the study; thus calibration assessment should be supplemented by plotting the 

predicted risk versus the observed event rates.79 Decile categories are commonly used to 

compare the observed risk and the average predicted risk within each decile using a chi-square 

statistic. Alternatively, categories based on estimated risk itself may be used, as demonstrated by 
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Cook et al.80 The Hosmer-Lemeshow statistic is computed independently for each model and 

direct comparison are not typically performed.78 In 2008, Cook developed a variation of this 

statistic called the “reclassification calibration” statistic.78,81 This test compares the observed risk 

to the average estimated risk within each of the pre-determined categories with at least 20 

individuals, providing information about the model calibration within categories of interest. A 

principal limitation with the Hosmer-Lemeshow goodness-of-fit test is its low power to detected 

omission and addition of covariates78. However, this statistic or similar variations remain the 

primary method to assess the calibration of risk prediction models.  

C-statistic 

The classic statistical measure of risk prediction model performance is the area under the 

operating curve (AUC), also known as concordance index or the C-statistic.72,82 The C-statistic is 

a measure of model discrimination, providing information on how well the model is able to 

separate those who experience an event (case) and those who do not experience an event 

(control). It is a function of sensitivity (probability of a positive result among cases) and one 

minus specificity (probability of a negative test result among controls) for all possible cutoffs.20 

This measure compares the predicted risk of a randomly selected case to that of a control. If the 

predicted risk of the case is higher than the control, a score of 1 is given, as the result is said to 

be concordant. If the opposite is true, a score of 0 is given. The predicted probabilities of all 

cases are compared to all controls and a final mean value is derived. This mean value will fall 

between the values 0.5 and 1. A model with a C-statistic of 0.5 is said to have no discrimination, 

while a model with a score of 1 is said to provide perfect discrimination between the cases and 

controls since this will only occur when the predicted probability of all cases exceeds the 

predicted probability of every control .20  
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The C-statistic is a useful measure of model performance, although some important 

limitations deserve attention. The statistic describes rank ordering of cases and controls, but does 

not provide information about the probabilities between cases and controls.20 Furthermore, the C-

statistic does not consider the population risk distribution, which is typically low in population 

based-cohorts. For example, a case with a probability of 1.4% versus a control with a probability 

of 1.3% has the same effect on the C-statistic as a case with a 20% probability versus a control 

with 1.3%. The largest critique of the C-statistic is that it is insensitive to the addition of new 

markers.16,19,20 Cook demonstrated that a baseline model that only included age had a C-statistic 

of 0.70.20 Upon the addition of low-density lipoprotein cholesterol (LDL), C-statistic increased 

to 0.71. The baseline model demonstrated that the average probability that a case has a higher 

predicted risk compared to a control is 70%. The addition of LDL moved the probability to 71%, 

suggesting only a trivial added value of LDL measure. However, LDL is observed to have a 

strong independent association with CVD, and trial evidence demonstrates the importance of 

reducing LDL to reduce CVD risk.83 Recently, Pencina et al. published work highlighting some 

of the underlying challenges associated with improving risk prediction models.23 Like Cook, they 

observed that 63-80% of the prognostic performance of a cardiovascular risk model was captured 

by age, sex and ethnicity. Upon the addition of systolic blood pressure, non-HDL-C, diabetes and 

smoking, the model performance increased marginally (∆C-statistic: 0.004-0.013). Although the 

individual risk factors were independently associated in a proportional hazards model, they 

provided little improvement in risk stratification of individuals. The addition of novel markers to 

established risk models rarely yield a meaningful improvement in the performance of prognostic 

models as measured by the C-statistic alone. Thus, relying solely on the C-statistic does not 

provide sufficient information to assess the importance of risk markers in clinical settings.  
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NRI  

In response to the limitations associated with the C-statistic, several biostatisticians have 

worked to develop novel statistical techniques to quantify improvements in model performance 

with the addition of novel risk markers. Cook et al., were among the first to propose the idea of 

quantifying reclassification of individuals to assess model improvement.80 Upon the addition of 

high-sensitivity C-reactive protein (hsCRP) to the base Framingham model, they quantified the 

reclassification of individuals between Adult Treatment Panel III risk categories using 

reclassification tables. This new analysis provided unique information on re-stratification of 

individuals but failed to assess whether the reclassification was appropriate. In other words, upon 

the addition of a novel marker, how many individuals were re-classified into a risk category that 

was closer to their observed risk and how many were reclassified incorrectly.  

Pencina et al., developed the net reclassification index (NRI) to address this issue of 

evaluating reclassification.16 The NRI provides an assessment of the proportion of individuals 

that are properly reclassified upon the addition of a new variables to a risk model. As the NRI 

measures reclassification between risk categories, it is recommended that the categories selected 

are associated with clinical relevance.79 In CVD risk prediction modeling, the generally accepted 

10-year CVD risk thresholds are <5%, 5% to 10%, 10% to <20% and ≤20%.16,21 A case that 

moves up a category is considered to improve reclassification, whereas a downward shift 

indicates inferior reclassification. The opposite is true for controls, such that downward 

movement is good, and upward movement is inferior. Thus, the net reclassification can be 

quantified as the sum of the differences in the proportion of cases moving up minus those 

moving down, and the proportion of controls moving down minus those moving up. A simple 

asymptotic test for the null hypothesis of NRI = 0 can be used to determine significance. 
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The NRI provides a novel method to assess the addition of new risk factors to prognostic 

models, however there are some limitations to consider. The NRI  ignores the magnitude of 

reclassification, such that a case who is reclassified from low to medium affects the NRI the 

same as a case that is reclassified from low to high.84 An additional critique of the NRI is that it 

weights the collection of cases equal to the collection controls regardless of their relative 

frequency and does not indicate the specific net reclassification within cases or controls. For this 

reason, it is important to supplement the overall NRI with the case specific and control specific 

net reclassification components. The number of categories used for the NRI analysis impacts the 

findings, such that fewer categories results in a smaller NRI.78 This observation highlights the 

importance of using categories associated with clinical thresholds to maximize the relevance of 

the findings and treating the observations within the context of the data. However, the continuous 

net-reclassification index (C-NRI) does provide the opportunity to pragmatically evaluate the 

change in predicted risk for cases compared to controls. As there is no inclusion of relevant 

thresholds, the clinical meaningfulness of changes in this metric warrant cautious interpretation. 

Furthermore, the C-NRI, like all other model performance metrics should be evaluated in 

conjunction with the use of other statistics to provide a global approach to assessing prognostic 

performance.  

IDI 

The integrated discrimination improvement (IDI) is a measure of discrimination between 

two models by quantifying the improvement in specificity and for a given sensitivity.16 This 

statistic was developed in parallel to the NRI in an effort to provide different methods to analyze 

model improvement. The IDI is the difference between the discrimination slopes of the models 

NRI = (Pup, cases – Pdown, cases) + (Pdown, controls – Pup, controls) 

where Pup, cases = (# events moving up / # events). 
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being compared. More specifically, the discrimination slope is the slope between the average 

predicted risk for cases and controls in a given model. In other words, it is the difference in 

means of predicted risk for cases and controls; a measure of separation in predicted probabilities. 

The IDI provides a method to assess the change in the magnitude of discriminatory capacity 

between the two models. In other words, the IDI assesses the extent an enhanced model increases 

risk in cases and decreases risk in controls. This feature is important as it provides information 

regarding the magnitude of average movement along the continuum of predicted risk. For 

example, if a new model has a net-reclassification of 10%, but a small IDI (0.0001), this would 

suggest that improvement in discrimination is limited and thus is occurring primarily around the 

risk thresholds and may not be clinically meaningful.72 Such information can help quantify the 

importance of reclassification. Similar to the NRI, a simple null hypothesis of IDI = 0 can be 

used to assess statistical significance. Moreover, the relative IDI (rIDI) can be calculated as the 

IDI divided by the discrimination slope of the base model.85 This transformation of the IDI helps 

to provide some perspective for meaningfulness of the measure. Small rIDI may suggest that the 

new marker does not provide additional information for which the model can discriminate.  

 

 

The IDI provides an additional method to assess model improvement, but several 

limitations should be noted. The average differences in slopes may be too modest to seem 

important in low-risk populations.81 Additionally, as a result of its more recent development 

compared to the C-statistic, some find it challenging to interpret, especially when comparing 

between studies. Kerr et al., have noted issues with respect to the hypothesis testing of the IDI, 

suggesting a 2-sided test is inappropriate and a 1-sided test should be conducted.86 They also 

IDI = (Pnew, cases – Pold, cases) + (Pnew, controls – Pold, controls) 

where P = the average predicted risk according to the model 
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make the suggestion of using a bootstrapping technique to obtain confidence interval as a means 

for inference. Like the NRI, the IDI is unable to handle censored data and thus requires a dataset 

with complete follow-up. This can pose challenges in datasets with incomplete follow-up and 

necessitates alternative methods to appropriately manage censoring.  

FNI 

The fraction of new information (FNI) is a simple statistic that is derived from the result 

of the -2 Log Likelihood ratio. According to Harrell, taking the difference between two C-

statistics to compare model performance is a low power statistical test.87 Accordingly, the use of 

the likelihood ratio x2 test provides a more statistically powerful comparison between models. 

The likelihood ratio x2 test can be used to assess model fit.87 The goal of a statistical model is to 

define coefficient values for the included variables to make the data most likely. By comparing 

the likelihood ratio of one model to another, we can calculate the adequacy index. This is derived 

by dividing the base model by the enhanced model. The adequacy index provides information 

about the base model’s ability to perform without the new variables. By performing a simple 

subtraction of the adequacy index from 1, we calculate the fraction of new information. This 

statistic provides helps to quantify the new prognostic information that a given variable adds 

beyond the base model. As opposed to quantifying the model ability to predict cases and 

controls, the FNI provides information regarding changes in model fit with addition of a new 

marker. The larger the FNI, the greater the magnitude of new information that the given marker 

provides to the model. For example, an FNI of 0.15 may be interpreted as a risk factor adding a 

fraction of 0.15 of new prognostic information to the base model being used as a comparator.  

Similar to all other statistical metrics, there are limitations of FNI that deserve 

consideration. The likelihood ratio is same size dependent and the values doubles when the 
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sample size doubles, all else remaining unchanged.87 However, this is not an issue when 

comparing likelihood ratio’s and thus deriving the FNI as long as the same sample is used for the 

model development and evaluation process. There is limited work evaluating the meaningfulness 

of changes in FNI, especially with respect to clinical importance. Quantifying the clinical 

relevance of changes in statistical metrics is not a unique issue the FNI. Future work should 

investigate the clinical value of changes in a variety of statistical markers.  

2.4.3 WC and Risk Prediction Models 

We are aware of a few studies that have examined the addition of WC to risk prediction 

models (Table 1). The Emerging Risk Factors Collaboration is the only study that has evaluated 

the effect of adding WC, alone or adjusted for BMI, to an established risk model using several 

analytical strategies.18 Upon the addition of WC, they observed no improvement in the C-

statistic, NRI or IDI. More recently, Cameron et al. investigated whether WC would improve a 

CVD risk model in a population of South Asian and African Mauritian adults.88 In their 

population, WC was not significantly associated with CVD or all-cause mortality when adjusted 

for cardiometabolic risk factors. However, with further adjustment for hip circumference, the 

association between WC and both CVD and all-cause mortality became significant. They 

assessed the number of cases and controls that increased or decreased risk, reporting a substantial 

increase in predictive power. As they failed to include traditional prediction statistics like the C-

statistic, it is challenging to interpret their conclusion.  

There are few studies that have examined model performance upon the addition of WC, 

with only one study assessing the addition of WC, alone or adjusted for BMI, using both 

traditional (C-statistic) and more recent measures of risk prediction (NRI and IDI). Therefore, 

despite overwhelming evidence of an independent multivariate association between WC and 
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CVD, it has yet to be firmly established whether the addition of WC improves established risk 

prediction models.  

 

2.5 Summary  

In summary, the weighted epidemiological evidence demonstrates that WC is tightly 

associated with traditional cardiometabolic risk factors (blood pressure, plasma lipids and fasting 

glucose). Additionally, WC has been demonstrated to be independently associated with CVD 

events in multivariate epidemiological models. However, there is limited evidence exploring the 

addition of WC to risk prediction models. In consideration of the postulated mechanisms linking 

WC to CVD and the challenges of adding new risk factors to prediction models, we hypothesize 

that WC will not substantively improve CVD risk prediction beyond the traditional risk factors. 

Therefore, the purpose of this thesis is to evaluate the addition of WC, alone or adjusted for BMI, 

to prognostic CVD risk prediction models using a variety of analytical strategies. 
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Table 1. Waist Circumference and Risk Prediction Models 

Reference Year Population Risk Association Model Prediction Statistics Key Findings 

   Adjusted for  

covariates 

Adjusted for 

BMI  

 

ERFC - Separate and 

combined associations 

of body-mass index and 

abdominal adiposity 

with cardiovascular 

disease: Collaborative 

analysis of 58 

prospective studies 18 

 

2011 221,934 adults 

(mean 58  9) 

from 58 

prospective 

studies followed 

for mean 8 years 

WC CVD 

Per 12.6 cm  

HR 1.10; 

95% CI 1.05-

1.14  

 

WC CAD 

Per 12.6 cm 

HR 1.31 

(95% CI 

1.24-1.37) 
 

Adjusted for age, 

sex, study, SBP, 

diabetes, TC, HDL 

 

N/A 

 

 

 

 

 

WC+BMI 

Per 12.6 cm 

HR 1.23 

(95% CI 

1.15-1.32) 

 

∆C-statistic:  

 

WC -0.0001 

(95% CI             

-0.0006-

0.0005) 

 

WC+BMI 

0.0000 (95% 

CI -0.0005-

0.0006) 

 

NRI: 

 

WC -0.05% 

(95% CI -0.69-

0.58) 

 

 

WC+BMI          

-0.19% (95% 

CI -0.83-0.45)  

IDI: 

 

WC 0.0004 

(95% CI 0.0000-

0.0007) 

 

 

WC+BMI 

0.00005 (95%CI 

0.0001-0.0008) 

 • WC is significantly associated with 

CVD in univariate and multi-variate 

adjusted models 

• Adjustment of WC for BMI attenuates 

the association with CHD 

 

• BMI, WC and WHR assessed 

independently or in combination did not 

improve risk prediction, measured by C-

statistic, NRI or IDI 

 

• Clinician measured and self-reported 

anthropometry 

 

Cameron - The 

influence of hip 

circumference on the 

relationship between 

abdominal obesity and 

mortality 88 

 

2012 7,978 adults 

from South Asia 

and Africa 

Mauritians 

(mean 40  10) 

followed for 

median 15 years 

 

WC  

HR 1.16 

(95% CI 

N/A) 

 
Adjusted for age, 

sex, smoking 

 

WC SD N/A 

WC + HC 

HR 1.52 (95% 

CI N/A) 

 

 
Adjusted for age, 

sex, smoking 

 

WC + HC 

HR 1.31 (95% 

CI N/A) 

 
Adjusted for age, 

sex, SBP, TC, 

smoking, diabetes 

 

 

 

 

Change in risk 

>20% reduction 

0-20% reduction 

0-25% increase 

>25% increase 

 

                  Risk 

       All-cause        

.       mortality 

 Censored   Dead 

 17.2           7.0 

 41.9         33.2   

35.3          28.6 

 29.1        15.7   

Reclassification 

               CVD                         

…..       mortality 

Censored 

14.8 

36.3 

33.2 

15.7 

 

 

 

 

 

Dead 

4.5 

31.7 

40.1 

23.7 

 

 

 

 

 

• WC was associated with CHD in a 

univariate model 

• WC was not associated with CVD in a 

multi-variate adjusted model 

• WC adjusted for hip was significantly 

associated with CVD in a multi-variate 

model 

• No model with WC+BMI 

 

• No use of conventional risk prediction 

stats 

 

• Clinician measured anthropometry 

 

WC, waist circumference; HR, hazard ratio; HC, hip circumference; CVD, cardiovascular disease; CHD, coronary heart disease; BMI, body mass index; WHR, waist-to-hip ratio; NRI, net 

reclassification index; IDI, integrated discrimination improvement; TC, total cholesterol; SBP, systolic blood pressure; HDL, high density lipoprotein 
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Chapter 3. Examining the Influence of Waist Circumference in Cardiovascular Disease 

Risk Prediction Modeling 

3.1 Abstract 

Background: Despite considerable evidence demonstrating that waist circumference (WC), alone 

or adjusted for the body mass index (BMI), is independently associated with cardiovascular 

disease (CVD) and/or all-cause mortality, it has yet to be firmly established whether the addition 

of WC, alone or adjusted for BMI, improves established risk prediction models. 

Objective: To evaluate the improvements in risk prediction with the addition of WC, alone or 

adjusted for BMI, to the Framingham General CVD Risk Score (FRS) prediction model using 

several measures of model performance (C-statistic, NRI, IDI, C-NRI and FNI).  

Population: 34,377 men and 9,477 women age 20 to 79 years who completed a baseline 

examination at the Cooper Clinic (Dallas, TX) during 1977 – 2003 and voluntarily enrolled in 

the Aerobics Center Longitudinal Study (ACLS). WC was measured at the level of the umbilicus 

and expressed as a continuous variable. Deaths among participants were identified using the 

National Center for Health Statistics National Death Index in the United States. 

Main Outcome Measures: Fatal CVD, non-fatal CVD, and all-cause mortality. 

Results: A total of 728 fatal CVD events occurred over a mean follow-up period of 13.1 ± 7.5 

years, for a total of 573,961 person-years of observation. The mean WC in CVD decedents was 

significantly higher compared survivors (p< 0.005). The FRS for fatal CVD had a C-statistic of 

0.8425 and improved by 0.0002 to 0.0027 with the addition of WC, alone or adjusted for BMI. 

The net-reclassification with the addition of WC, alone or adjusted for BMI, was -0.0158 to 

0.0043 with an IDI of 0.0001 to 0.0007 across outcomes. 
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Conclusions: The addition of WC alone, or adjusted for BMI, did not substantively improve risk 

prediction for fatal CVD, non-fatal CVD and all-cause mortality across several measures of 

model performance compared to the Framingham General CVD Risk Score.  

Key words: waist circumference, cardiovascular disease, all-cause mortality, risk 

prediction 
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3.2 Introduction 

Considerable evidence has established that waist circumference (WC) is independently 

associated with cardiovascular disease (CVD)4–6 and all-cause mortality,2,4,7,9 with the full 

strength of the association realized only upon adjustment for BMI.7,45,47 Despite this evidence, 

the measurement of WC is not routinely obtained in clinical practice.10–12 One plausible 

explanation for the resistance to measure WC is the lack of evidence evaluating the changes in 

risk prediction beyond common clinical risk factors.  

New risk markers must demonstrate an independent association with the outcome of 

interest in a multivariate epidemiological model.13 Such an association however, is insufficient as 

many markers meet this criterion but fail to improve risk prediction. Thus, several statistical 

measures like discrimination, calibration and reclassification must be assessed to provide a 

global evaluation of risk prediction with the new marker, as no one measure provides a 

comprehensive assessment.13,20   

Notwithstanding the robust independent association between WC and both CVD and all-

cause mortality, it has yet to be firmly established whether the addition of WC, alone or adjusted 

for BMI, improves established risk prediction models. We are aware of only one study that has 

evaluated whether the addition of WC, alone or adjusted for BMI, improves risk prediction using 

several measures of model performance. The Emerging Risk Factors Collaboration evaluated a 

CVD risk model in ~145,000 adults and assessed whether the addition of WC would improve 

risk prediction.18 Although WC was independently associated with CVD, there was no 

improvement in risk prediction. 

The failure of a marker to improve risk prediction is not unexpected. Cook and others, 
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have demonstrated the challenge for any biomarker to considerably improve prognostic 

performance.16,19–22 Pencina et al., estimate that age, sex and ethnicity accounted for 63-80% of 

the prognostic value of CVD risk prediction models.23 Furthermore, WC may fail to improve the 

prognostic performance of risk prediction models, because its effect on CVD risk may be 

mediated through its effect on cardiometabolic risk factors which are already included in the 

models.24,25  

We hypothesise that WC, alone or adjusted for BMI, will not improve risk prediction for 

fatal CVD, non-fatal CVD and all-cause mortality. The purpose of this study is to examine 

whether WC serves as a biomarker to improve risk prediction.  

 

3.3 Methods 

3.3.1 Study population 

Participants were 34,377 men and 9,477 women age 20 to 79 years who completed a 

baseline examination at the Cooper Clinic (Dallas, TX) during 1977 – 2003 and voluntarily 

enrolled in the Aerobics Center Longitudinal Study (ACLS). The study population is 

predominantly white, well-educated, United States residents from all 50 states and from middle 

to upper socioeconomic stratum.89 At baseline, participants were free of known CVD and cancer, 

had normal resting electrocardiograms. All participants were aware of the purpose of the study 

and provided written consent prior to study participation. The ACLS protocol was subject to 

annual review by the Cooper Institute’s Institutional review board. 
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3.3.2 Clinical examination 

Upon completion of written consent (Appendix B), patients underwent a full preventative 

medical examination including assessment by a physician, fasted blood chemistry, personal and 

family health history, anthropometry, resting blood pressure and electrocardiography 

measurement. All examinations were conducted by trained technicians following standardized 

measurement protocols, as previously reported.90  

Cigarette smoking (current smoker or not), was obtained from a standardized 

questionnaire. Blood pressure was measured using standard auscultatory methods after the 

participant has been seated for 5 minutes. Serum samples were analyzed for lipids and glucose 

using standardized automated bioassays.90 Presence of diabetes was defined as fasting glucose 

>126 mg/dL, previous physician diagnosis of diabetes, or reported insulin use. Participants with 

self-reported high blood pressure were categorized as receiving treatment systolic blood 

pressure. Height and weight were measured using a stadiometer and a physician’s scale. BMI 

was calculated according to the formula: Mass (kg) / Height (m2).  

WC was measured at the level of the umbilicus to the nearest 0.5 cm.90  

3.3.3 Assessment of outcomes 

Fatal CVD and all-cause mortality were ascertained through linking the ACLS cohort 

with the National Center for Health Statistic’s National Death Index. Mortality follow-up 

occurred from the date of baseline examination until the date of death, or December 31, 2003 for 

survivors. Participants who passed away with less than one year of follow-up were excluded 

from analysis. Cause of death was identified using the International Classification of Diseases, 

Ninth Revision codes 390.0 to 458.9 or equivalent from the Tenth Revision for CVD.91 Non-fatal 
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CVD events were ascertained from responses to mail-back health surveys in 1982, 1986, 1990, 

1995, 1999 and 2004. The aggregate survey response rate across all survey periods in the ACLS 

is ≈ 65 percent.92 Non-fatal CVD endpoints were defined as a physician diagnosis of myocardial 

infarction (MI) or stroke or a coronary revascularization procedure (coronary artery bypass graft 

or percutaneous coronary intervention). In participants reporting multiple non-fatal events, the 

first event was used for analysis.  

3.3.4 Application of the Framingham Risk Score 

A general CVD risk score was generated for each participant using Framingham Risk 

Score (FRS) variables, including age, sex, systolic blood pressure, treated systolic blood 

pressure, total cholesterol, HDL-cholesterol, diabetes and smoking.17 CVD risk was denoted 

using the following categories <5%, 5% to <10%, 10% to <20% and ≥20%.18 

3.3.5 Statistical analysis 

Baseline characteristics were compared within sex between survivors and decedents. 

Continuous variables were described by means and standard deviations and compared by 

Welch’s two-sample t-test.  Binary variables (smoking and diabetes) were described as counts 

and percentages and compared between groups by the Chi-Squared test. 

Separate Cox proportional hazard models were used to model: 1) time to fatal CVD, 2) 

non-fatal CVD and 3) all-cause mortality. The hazard ratios (HRs) with 95% confidence 

intervals (CIs) were estimated per 1SD increase in baseline value for WC and BMI. Separate 

models were estimated to adjust for: 1) age, smoking and sex; 2) FRS variables, including total 

cholesterol, high-density lipoprotein (HDL), cholesterol, systolic blood pressure, and 

dichotomous variables for smoking and diabetes mellitus; and 3) FRS variables plus WC plus 
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BMI. A model with FRS variables only served as the base model representing the FRS refit to 

the ACLS data and to which the enhanced models (including WC, BMI and both) were 

compared.  

Harrell’s C-statistic was used to measure model discrimination in censored time-to-event 

data of the Cox proportional hazard models.82,93 The model likelihood ratio X2 tests were 

performed, with subsequent calculation of the Adequacy Index (AQI) and the Fraction of New 

Information (FNI).87 

We also fit 10-year binary logistic regression models among men who enrolled on or 

before December 31, 1993.91 Due to the low number of events among females during the 10 year 

follow-up, they were removed from the analyses. The net-reclassification index (NRI)94 and the 

integrated discrimination improvement (IDI)16 were calculated using previously suggested 

threshold values for 10-year CVD risk categories (<5%, 5% to <10%, 10% to <20% and 

≤20%).16,18 The continuous NRI (C-NRI) which uses no categories was also assessed. The 

relative IDI was calculated as the IDI divided by the discrimination slope of the base model.85 

The C-statistic was calculated as a measure of model discrimination. The Hosmer-Lemeshow 

test was used to assess model calibration. 

A canonical correlation was computed to measure the association between WC and the 

collection of cardiometabolic risk factors (total cholesterol, HDL, systolic blood pressure, 

triglycerides and fasting blood glucose).  

All statistical analyses were performed using SAS for Windows (9.4; SAS Institute, Inc., 

Cary, NC). Two-sided p values and 95% CIs are presented. 
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3.4 Results 

There were 728 fatal CVD events among 43,854 individuals followed for an average of 

13.1 ± 7.5 years with a range of 1 to 26.4 years, for a total of 573,961 person-years of 

observation. Table 1 displays the baseline characteristics of the total population according to sex 

and CVD mortality status. Mean age at baseline was 45.5 ± 10.9 years for women and 44.9 ± 9.9 

years for men. In both men and women, decedents were older, had higher total cholesterol, lower 

HDL cholesterol, higher triglycerides, higher blood pressure and higher WC (p < 0.005). 

Decedents were more likely to self-report high blood pressure and to have diabetes (p < 0.005). 

In men only, decedents had higher BMI and were more likely to smoke (p < 0.005).   

Table 1. Baseline characteristics of study population according to CVD mortality and sex 

 Women Men 

 Survivors 

n = 9,394 

Decedents  

n = 83 

Survivors 

n = 33,732 

Decedents  

n = 645 
     

Age, mean (SD), y  45.4 (10.8) 61.1 (11.3) * 44.6 (9.7) 55.7 (10.5) * 

Total Cholesterol, mean (SD), mmol/L  5.2 (0.9) 5.9 (1.1) * 5.4 (1.0) 5.8 (1.0) * 

HDL Cholesterol, mean (SD), mmol/L 1.6 (0.4) 1.5 (0.4) * 1.2 (0.3) 1.1 (0.3) * 

Triglycerides, mean (SD), mmol/L 1.1 (0.7) 1.5 (0.9) *  1.5 (1.1) 1.8 (1.2) * 

Systolic BP, mean (SD), mm Hg 114.3 (15.1) 128.2 (20.3) * 121.2 (13.3) 129.8 (16.6) * 

Treated systolic BPa, n (%) 1,060 (11.3) 18 (21.7) * 4,896 (14.5) 211 (32.7) * 

Smoking, n (%) 829 (8.8) 7 (8.4) 5,692 (16.9) 168 (26.1) * 

Diabetesb, n (%) 396 (4.2) 11 (13.3) * 1,548 (4.6) 84 (13.0) * 

Waist circumference, mean (SD), cm 74.6 (11.1) 78.9 (11.9) * 94.0 (10.9) 97.7 (13.2) * 

Body mass index, mean (SD), kg/m2 23.8 (4.4) 24.7 (4.2)  26.7 (3.9) 27.2 (4.2) * 

 

BP, blood pressure; CVD, cardiovascular disease; SD, standard deviation; y, years. a Defined as self-reported high blood 

pressure. b Defined as a history of physician diagnosed diabetes, use of insulin, or measured fasting glucose level ≥ 7.0 mmol/L. 

* Indicates a significant difference between survivors and decedents (p < 0.005).  
 

 

Associations between WC and events 1127.5931 

In Cox proportional hazard models adjusted for age, smoking and sex, WC was 

significantly related to fatal CVD, non-fatal CVD and all-cause mortality (Table 1s, Appendix 
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C). Upon adjustment for the FRS variables, the associations between WC and BMI with fatal 

CVD and all-cause mortality remained significant, while the associations with non-fatal CVD 

lost significance (Table 1s, Appendix C).  

Does WC improve risk prediction: Model discrimination 

Table 2 reports the changes in model discrimination with the addition of WC to the FRS 

model across outcomes. Upon addition of WC, independently or adjusted for BMI, the 

improvement in the models’ discriminatory ability was minimal for fatal CVD (∆C-statistic 

0.0027), non-fatal CVD (∆C-statistic 0.0003) and all-cause mortality (0.0011-0.0012). Results 

were not different between sexes (data not shown). The fraction of new information (FNI) 

provided by the addition of WC ranged from 0.0011-0.0161. In men with 10 years of 

observation, similar changes in the C-statistic and FNI were reported with the addition of WC to 

the FRS model (Table 2s, Appendix C).  

Table 2. Changes in model discrimination with the addition of WC and BMI 

 C-statistic ∆ C-statistic Likelihood 

Ratio 

AQI FNI 

 

Fatal CVD events (43,854 participants, 728 events) 

FRS 0.8425 / 1404.2839 / / 

FRS + WC 0.8452 0.0027 1427.2570 0.9839 0.0161 

FRS + BMI 0.8442 0.0017 1416.2882 0.9915 0.0085 

FRS + WC + BMI 0.8452 0.0027 1428.4852 0.9831 0.0169 
      

Non-fatal CVD events (23,451 participants, 825 events) 

FRS 0.7696 / 775.6499 / / 

FRS + WC 0.7699 0.0003 776.8163 0.9985 0.0015 

FRS + BMI 0.7698 0.0002 776.4659 0.9989 0.0011 

FRS + WC + BMI 0.7699 0.0003 776.8167 0.9985 0.0015 
      

All-cause mortality (43,854 participants, 2,111 events) 

FRS 0.7729 / 2442.2369 / / 

FRS + WC 0.7741 0.0012 2460.2744 0.9927 0.0073 

FRS + BMI 0.7737 0.0008 2452.0536 0.9960 0.0040 

FRS + WC + BMI 0.7740 0.0011 2460.9702 0.9924 0.0076 
      

Analyses were restricted to participants with complete information on all adjusted variables. FRS (Framingham 

Risk Score) = age, sex, systolic blood pressure, treated systolic blood pressure, total cholesterol, HDL cholesterol, 

smoking, diabetes. AQI, adequacy index; FNI, fraction of new information.  
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Does WC improve risk prediction: Reclassification indices 

Reclassification analysis requires binary outcomes; thus, men with at least 10 years of 

follow-up were used (n = 22,915). Table 3 reports the reclassification statistics upon the addition 

of WC to the FRS model across outcomes. The addition of WC, independently or adjusted for 

BMI, resulted in minimal net-reclassification (NRI) for fatal CVD (-1.6% to -0.6%), non-fatal 

CVD (-1.1% to 0.4%) and all-cause mortality (-0.7% to 0.0%). Similar reclassification was 

observed when risk threshold values of 0-6%, 6-20% and >20% were used (data not shown). 

Generally, the addition of WC to the FRS model inappropriately reclassified cases and controls.  

However, with the addition of WC, independently or adjusted for BMI, the continuous 

NRI (C-NRI) reported substantial positive reclassification for fatal CVD (21.0 to 21.7%). In 

contrast, the C-NRI for was attenuated for all-cause mortality (8.5% to 11.8%), and non-fatal 

CVD (-6% to 1.3%). Although the C-NRI reports model improvement, the integrated 

discrimination improvement (IDI) was small across outcomes (fatal CVD 0.0002-0.0005, non-

fatal CVD 0.0001-0.0005, all-cause mortality 0.0003-0.0007). Similarly, the relative IDI (rIDI) 

demonstrated minimal change in model discrimination, 0.4-1.3 for fatal CVD, 0.3-1.3 for non-

fatal CVD and 1.5-5.5 for all-cause mortality.  

Table 3. Reclassification of 10-year risk with the addition of WC and BMI  

 NRI Continuous NRI IDI rIDI 

 Cases Controls Net-change    
       

Fatal CVD (22,915 participants, 198 events)  

FRS + WC -0.0152 -0.0007 -0.0158 0.21 0.0002 0.44 

FRS + BMI -0.0152 -0.0011 -0.0162 0.27 -0.0002 -0.49 

FRS + WC + BMI -0.0051 -0.0006 -0.0056 0.22 0.0005 1.32 
       

Non-fatal CVD (14,885 participants, 372 events)  

FRS + WC -0.0108 0.0002 -0.0105 -0.07 0.0001 0.31 

FRS + BMI 0.0000 0.0000 0.0000 0.08 0.0000 0.00 

FRS + WC + BMI 0.0027 0.0017 0.0043 0.01 0.0005 1.32 
       

All-cause mortality (22,915 participants, 534 events)  
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FRS + WC -0.0056 -0.0009 -0.0066 0.12 0.0003 5.52 

FRS + BMI 0.0000 -0.0004 -0.0004 0.10 0.0000 -0.02 

FRS + WC + BMI -0.0037 0.0000 -0.0038 0.09 0.0007 1.50 
       

Analyses were restricted to male participants who could have been followed for at least 10 years and those with complete 

information on all adjusted variables. FRS (Framingham Risk Score) = age, systolic blood pressure, treated systolic 

blood pressure, total cholesterol, HDL cholesterol, smoking, and diabetes. BMI, body mass index; WC, waist 

circumference; NRI, net-reclassification index; IDI, integrated discrimination improvement; rIDI, relative integrated 

discrimination improvement.  
       

 

Association between WC and intermediate risk factors 

The results here suggest that addition of WC to the FRS does not substantively improve 

risk prediction compared to the FRS. We posited that this is partially explained by the 

association between WC and several cardiometabolic risk factors (total cholesterol, HDL, 

systolic blood pressure, triglycerides and fasting blood glucose). Indeed, the canonical 

correlation demonstrated that WC explained 36% of the variance in the cardiometabolic risk 

factors, and 19% of the variance after adjustment for age and sex. The variance explained did not 

change with further adjustment for BMI.  
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3.5 Discussion 

The primary finding of this study is that the addition of WC, alone or adjusted for BMI, 

did not substantively improve the performance of the Framingham Risk Score for predicting fatal 

CVD, non-fatal CVD and all-cause mortality. This observation remained consistent across both 

traditional measures of model performance (C-statistic, Likelihood ratio test) and more novel 

measures (NRI, IDI), apart from the C-NRI demonstrating improved net-reclassification for fatal 

CVD and all-cause mortality.  

That the addition of WC does not improve prognostic performance is consistent with 

previous observations. The Emerging Risk Factors Collaboration published the only other study 

evaluating the addition of WC, alone or adjusted for BMI, to a CVD risk prediction model using 

several measures of model performance. Similar to our findings, they observed a significant 

association between WC and CVD independent of the risk factors included within the FRS.18 

Nonetheless, they observed no improvement in model discrimination (∆C-statistic -0.0001) or 

reclassification (NRI -0.05%, IDI 0.0004) with the addition of WC.  

We considered additional measures of model performance, the FNI, the C-NRI and the 

rIDI. The FNI measures changes in model performance using the Likelihood Ratio test, 

comparing model goodness of fit.87 The addition of WC provided little additional prognostic 

information to the model as measured by the FNI, confirming the findings from previously 

reported performance measures. The continuous NRI (C-NRI) evaluates the change in 

reclassification without the use of pre-specified risk thresholds.85 Interestingly, with the addition 

of WC to the base FRS model, the C-NRI demonstrated a sizeable net-reclassification for fatal 

CVD, and smaller net-reclassification for non-fatal CVD and all-cause mortality. The clinical 

importance of changes in C-NRI are not fully understood.85 Improvement in the C-NRI suggests 
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that with the addition of WC to the FRS, individuals who experience an event have a higher risk 

compared to the FRS alone. The rIDI is a ratio of the enhanced model and the base model, 

quantifying the change in discrimination between cases and controls.85 Across outcomes, the 

rIDI was relatively small suggesting minimal changes in the FRS model’s ability to separate 

cases and controls with the addition of WC.  

There are likely several factors contributing to the failure of WC to improve risk 

prediction. The non-modifiable risk factors age, sex and ethnicity account for much of the 

prognostic performance.23 In fact, the addition of systolic blood pressure, non-HDL-cholesterol, 

diabetes or smoking to a model with the other risk factors including, age, sex and ethnicity 

improved the C-statistic by only 0.004-0.013.23 We observed similar changes in the C-statistic 

and observed that age and sex alone accounted for 90-93% of the FRS performance (data not 

shown). Moreover, the distribution of the risk factor of interest between cases and controls must 

be sufficiently separated to effectively discriminate between the groups with a high sensitivity 

and specificity.95 Ware estimated the mean risk factor value must be 2.12 standard deviations 

higher in the cases to achieve 0.80 sensitivity and 0.90 specificity.95 Therefore, improving 

prognostic performance beyond non-modifiable factors is immensely challenging, even for 

traditional risk factors using current methods.  

The findings from our secondary investigation confirm that WC is associated with 

metabolic health risk.24,25 It is well established that WC is a measure of both subcutaneous (SAT) 

and visceral adipose tissue (VAT). VAT is a strong predictor of cardiometabolic risk,50,58,59 and 

thus is likely a central mechanism by which an elevated WC contributes to increased morbidity 

and mortality.55,96,97 Therefore, not only is there a substantial challenge for adding novel risk 

markers to established risk scores, but any additive value of WC is likely overwhelmed by more 
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proximal, causative cardiometabolic risk factors, such as abnormal blood glucose and elevated 

blood pressure.  

As others have demonstrated, although there is limited improvement in risk prediction 

beyond non-modifiable factors, the reduction of cardiometabolic risk factors significantly 

decreases the risk of CVD.23 Thus, evaluating a novel biomarker solely by its ability to improve 

risk prediction may be short sighted. Considerable evidence demonstrates that reductions in WC 

through lifestyle-based interventions is associated with corresponding improvements in 

cardiometabolic health risk, highlighting its clinical value as a target for risk reduction.98–101 

Thus, WC remains a simple treatment target that can easily be implemented into clinical practice, 

providing the clinician an opportunity to counsel the patient on lifestyle changes to improve their 

health.  

Strengths of the current study include a large, well described cohort89,92,102 with sizable 

follow-up, providing a large number of events. Both anthropometric and metabolic variables 

were collected using standardized techniques, reducing measurement error and strengthening the 

validity of our observations.92 Furthermore, the exclusion of individuals with pre-existing CVD 

or cancer at baseline and those with less than one year of follow-up decreased the likelihood of 

other factors influencing our findings. The use of continuous analyses as opposed to categorical 

analyses strengths the study design by reducing information loss.103,104  

The cohort is comprised primarily of Non-Hispanic White individuals who are well 

educated and from middle to upper socioeconomic stratum. While the sociodemographic 

homogeneity of the sample may limit the generalizability (external validity), it enhances the 

internal validity of our findings by reducing possible confounding from these factors. There was 

incomplete information on medication use in our population which may have contributed to 
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confounding. However, it is unlikely that the primary findings would change substantially with 

inclusion of such information. There were relatively few events during the first 10 years of 

follow-up in females thus they were removed from the reclassification analyses. Future studies 

should include a larger number of events in females to ensure appropriate generalizability. 

Generalization of these findings to other populations merits appropriate caution. The mail-in 

survey response rate for non-fatal CVD events was ~ 65%. Nonresponse bias has been 

previously investigated in the ACLS dataset, wherein it was no difference in baseline health was 

observed between those individuals who responded to mail in surveys and those who did not.105 

In conclusion, the addition of WC, alone or adjusted for BMI, did not substantively 

improve risk prediction. However, WC was associated with fatal CVD and all-cause mortality 

independent of traditional cardiometabolic risk factors. Moreover, WC was associated with the 

collection of the cardiometabolic risk factors included within the Framingham Risk Score.  
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Chapter 4. General Discussion 

4.1 Summary of Key Findings  

The principal observation of this thesis is that the addition of WC, alone or adjusted for 

BMI, does not substantively improve risk prediction model performance for fatal CVD, non-fatal 

CVD and all-cause mortality. This observation remained consistent across both traditional 

measures of model performance (C-statistic, Likelihood ratio) and more novel measures (NRI, 

IDI), apart from the C-NRI demonstrating reclassification for fatal CVD and all-cause mortality. 

This study adds to the body of literature examining the addition of biomarkers into prognostic 

risk models. More specifically, the observations from this thesis confirm previous work 

evaluating the addition of adiposity markers into risk prediction models. 

A secondary finding from this work is the tight association between WC and the 

collection of cardiometabolic risk factors. This observation confirms the work of many others 

who have suggested that WC is an important factor of metabolic health risk. According to 

Canadian epidemiological data from 2009, approximately 60% of Canadian adults have elevated 

an WC (≥ 80 cm and 94 cm for women and men, respectively).106 While 37% of Canadian adults 

are classified as abdominally obese (WC ≥ 88 cm and 102 cm for women and men, respectively). 

This observation underscores the importance of using pragmatic targets for treatment of 

individuals who are at an increased risk of developing diminished cardiometabolic health, even 

though the addition of WC to prognostic models does not improve risk prediction performance. 
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4.2 Key Strengths and Limitations 

 The primary strengths of this thesis are the use of a large, well described cohort, with 

sizable follow-up and a large number of events. In epidemiological research, it is important that 

the population being investigated is of appropriate size to ensure sufficient statistical power for 

the question of interest. Moreover, the use of the ACLS dataset is a unique opportunity that 

provided a well described cohort that used standardized techniques to collect the variables of 

interest. This is of great importance as it reduces the likelihood for measurement error 

strengthens the validity of the observations. In addition, as the cohort was well characterized, we 

were able to exclude all individuals who presented with pre-existing CVD or cancer at baseline, 

while also removing those who had less than one year of follow-up. The possibility of reverse 

causality is a limitation to all prospective observational research and thus the ability to eliminate 

these individuals from the analyses provides increased confidence in the findings.  

There are several key limitations to this work that merit consideration Although the 

ACLS cohort is well characterized, it is comprised primarily of Non-Hispanic White individuals 

who are well educated and from middle to upper socioeconomic stratum. It is well understood 

that social determinants, like ethnicity and socioeconomic status, have a profound impact on 

health.107 While the sociodemographic homogeneity of the sample could limit the 

generalizability of the findings it will increase the internal validity. In other words, by using a 

more homogenous population we have been able to control for some of the potential 

confounding components associated with sociodemographic characteristics. There was 

incomplete information on medication use in our population which may have contributed to 

confounding. In an effort to address this limitation, we assumed that all individuals with self-

reported high blood pressure at baseline were using medication to help control their blood 
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pressure. There were relatively few events during the first 10 years of follow-up in women thus 

they were removed from the reclassification analyses. This limits our ability to draw strong 

conclusions about the addition of WC to prognostic models with respect to reclassification. 

However, there were no substantial differences between men and women in the time-to-event 

analyses and thus it is unlikely there would be major differences in the 10-year data. 

Nonetheless, generalization of the reclassification observations deserves appropriate caution.  

The response rate for mail-in surveys used to track non-fatal CVD events was ~65%, 

which could contribute to potential bias in the findings. Non-response bias is a concern in 

epidemiological research as there may be significant differences between the population of 

individuals who respond to the survey and those who do not, limiting the generalizability of the 

findings. However, previous work has investigated potential non-response bias in the ACLS 

dataset and observed no difference in baseline health status between survey responders and those 

who did not respond.  

 

4.3 Contribution to the Field of Study 

Our study adds to the growing body of literature that has shown the association between 

abdominal adiposity, CVD and all-cause mortality. As others have previously observed, both 

WC and BMI are significantly associated with CVD and all-cause mortality independent of 

cardiometabolic risk factors when individually added to a model. Upon mutual adjustment the 

strength of the association for WC becomes stronger, while the association for BMI inverts, 

although it is not significant. This observation provides additional evidence to support the notion 

of using both BMI and WC together as opposed to one measure or the other as they provide 
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complementary information. Moreover, the observation that WC does not substantively improve 

risk prediction confirms previous work demonstrating similar findings. In science, it is important 

that observations are replicated by independent researchers using different populations. This 

work provides the scientific community with additional evidence for the question of interest. 

Additionally, the incorporation of different methodology serves as an opportunity to provide 

some novel insight to further support the observations present within the literature. In this thesis, 

the use of additional analytical strategies provided the opportunity to examine the question from 

a slightly different perspective.  

This work provides evidence that simple anthropometric measures do not meaningfully 

improve patient risk stratification when other traditional cardiometabolic risk factors are 

available. Nonetheless, it highlights an important point for consideration when evaluating novel 

risk markers. Patient management may be broken down into two broad categories: risk 

identification and risk reduction. Depending on the question of interest, the methodology 

necessary to appropriately evaluate will differ. This work adds to the conversation regarding the 

identification of risk markers to improve patient health. As a future medical doctor, this is an 

area of personal interest. As opposed to treating only individuals who present with classical signs 

and symptoms of disease, I hope to contribute to our advancement of preventive care. The 

development of novel strategies and tools to effectively identify and treat individuals who are at 

an increased risk for common chronic lifestyle diseases, like obesity and type 2 diabetes, is an 

exciting area for future research. 
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4.4 Directions for Future Research 

A clinician’s decision to include a novel measure in clinical practice should driven by its 

ability to improve patient management. This concept can be broadly divided into two questions, 

the first being whether the marker improves risk prediction and the second centering on whether 

an improvement in the novel marker is associated with a corresponding reduction in risk. 

Therefore, the question of interest is of considerable importance when evaluating novel risk 

markers. In the current work, we sought to evaluate the first question by asking whether WC 

could improve risk prediction of current prognostic models. A future area for research is the 

evaluation of WC as a target for risk reduction. This is an important area to investigate as other 

risk factors that have demonstrated minimal changes in terms of risk prediction are strongly 

associated with risk reduction. Moreover, as WC is a pragmatic and inexpensive measure, it 

could serve as a tool in which the general public can use to track progress through lifestyle 

changes. Nonetheless, it is critical that system level changes are made to improve the health of 

the population more broadly.107 

Assessing the barriers for including novel risk markers like WC or cardiorespiratory 

fitness into clinical settings is an area of personal interest. Although we demonstrated that WC 

did not improve risk prediction, there is consistent literature suggesting that cardiorespiratory 

fitness does improve risk prediction.108 However, the inclusion of cardiorespiratory fitness into 

clinical practice remains limited.  

 Another area for future research includes the investigation of changes in abdominal 

adiposity through lifestyle modification and the associated CVD risk changes. There is 

substantial evidence that demonstrates the benefit of reducing WC through lifestyle changes and 

cardiometabolic risk factors. However, there is very little literature examining changes in 
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abdominal adiposity, specifically reductions, and the associated CVD and all-cause mortality 

outcomes. Similarly, is there a difference in risk of CVD and all-cause mortality between 

individuals who maintain a healthy waistline as compared to those individuals who reduce their 

abdominal adiposity to a healthy level? Does the duration of abdominal obesity effect the 

association of health outcomes? Is there novel information that can be derived from measuring 

WC for predicting lifetime risk of CVD? This work is of great importance because of the high 

prevalence of obesity within our current population and thus highlights the need to develop 

effective solutions to reduce health risk are strongly warranted.  

 Finally, there has been a great interest in identifying novel biomarkers to improve risk 

prediction. To date, there has been limited success in improving risk prediction models using 

traditional techniques based on identifying potential biomarkers through established 

mechanisms. Over the last several years, there has been an explosion of interest in applying 

advances from artificial intelligence, deep learning and machine learning to healthcare.109 As 

previously discussed, risk prediction and risk reduction are two related but distinct components 

to patient management. Thus, using advances in computer science may help to create new 

prognostic models to better stratify patient risk. There has been some success in this area, 

however it is too early to make conclusions about the impact this technology will have on risk 

prediction.109,110 Future research investigating the development of novel risk prediction models 

based on high quality and expansive datasets may serve as an opportunity to greatly improve our 

ability to predict future events, allowing early intervention to reduce risk.   
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4.5 Summary and Conclusions 

 In summary, we observed that the addition of WC, alone or adjusted for BMI, does not 

substantively improve performance of prognostic risk models for fatal CVD, non-fatal CVD and 

all-cause mortality. This observation remained consistent across several indices of model 

performance. Nonetheless, WC was associated with fatal CVD and all-cause mortality 

independent of traditional cardiometabolic risk factors. Moreover, WC was tightly associated 

with the clustering of the cardiometabolic risk factors.  

 

References for Figure 3 

Li, 2007111; Ogden, 2006112; Lahti-Koski113; Ford, 2014114; Ogden, 2014115; Ford, 2011116; Liese, 

2001117; Czernichow, 2009118; Ford, 2003119; Gearon, 201868; Xi, 2012120; Okosun, 2004121 
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Appendix C: Supplementary Results 

Table 1s. Associations between WC and BMI with CVD and all-cause mortality: Time-to-event analysis 

 HR (95% CI) 

 Age, smoking & sex FRS+ FRS++ 
 

Fatal CVD events (43,854 participants, 728 events) 

WC 1.50 (1.39-1.62) 1.26 (1.15-1.38) 1.36 (1.15-1.61) 

BMI 1.38 (1.29-1.49) 1.16 (1.07-1.25) 0.92 (0.79-1.07) 
 

Non-fatal CVD events (23,451 participants, 825 events) 

WC 1.13 (1.03-1.23) 0.95 (0.86-1.04) 0.95 (0.81-1.13) 

BMI 1.12 (1.03-1.21) 0.96 (0.88-1.05) 1.00 (0.86-1.17) 
    

All-cause mortality (43,854 participants, 2,111 events) 

WC 1.26 (1.20-1.33) 1.13 (1.07-1.20) 1.18 (1.06-1.31) 

BMI 1.20 (1.15-1.26) 1.09 (1.03-1.14) 0.96 (0.87-1.05) 
    

Analyses were restricted to participants with complete information on all adjusted variables. HRs are presented 

per 1 SD of baseline value: 4.16 kg/m2 higher BMI, and 13.6 cm higher WC). FRS (Framingham Risk Score) = 

age, sex, systolic blood pressure, treated systolic blood pressure, total cholesterol, HDL cholesterol, smoking, 

diabetes. BMI, body mass index; CVD, cardiovascular disease; WC, waist circumference. + Indicates the 

inclusion of either WC or BMI, ++ indicates the inclusion of both WC and BMI in the model.  
 

 

 

Table 2s. Changes in model performance with the addition of WC and BMI: 10-year data 

 C-statistic ∆ C-statistic Likelihood 

Ratio 

AQI FNI HL test 

 

Fatal CVD events (22,915 participants, 198 events) 

FRS 0.8421 / 374.7072 / / 6.1762 

FRS + WC 0.8428 0.0007 377.6980 0.9921 0.0079 3.8994 

FRS + BMI 0.8429 0.0008 376.0743 0.9964 0.0036 3.6842 

FRS + WC + BMI 0.8424 0.0003 378.0122 0.9913 0.0087 4.6211 
       

Non-fatal CVD events (14,885 participants, 372 events) 

FRS 0.7807 / 391.2817 / / 16.1677 * 

FRS + WC 0.7811 0.0004 391.8958 0.9984 0.0016 17.6636 * 

FRS + BMI 0.7807 0.0000 391.3322 0.9999 0.0001 15.4556 

FRS + WC + BMI 0.7817 0.0010 394.2526 0.9925 0.0075 14.9322 
       

All-cause mortality (22,915 participants, 534 events) 

FRS 0.7808 / 624.1435 / / 24.3789 * 

FRS + WC 0.7810 0.0002 626.6112 0.9961 0.0039 27.5611 * 

FRS + BMI 0.7809 0.0001 624.5443 0.9994 0.0006 26.1341 * 

FRS + WC + BMI 0.7809 0.0001 628.3130 0.9934 0.0066 24.5535 * 
       

Analyses were restricted to male participants with complete information on all adjusted variables who had baseline 

measures at least 10 years before December 31, 1993. FRS (Framingham Risk Score) = age, sex, systolic blood 

pressure, treated systolic blood pressure, total cholesterol, HDL cholesterol, smoking, diabetes. AQI, adequacy index; 

BMI, body mass index; FNI, fraction of new information; WC, waist circumference. * Indicates significance (p < 

0.05) 
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Appendix D: Example Statistical Code  

%let path=C:\Users\mattn; 

/*************************************************************************** 

PART A: PREPARE DATA FOR ANALYSIS 

****************************************************************************/ 

libname in "&path"; 

/* 

proc compare base=in.wc compare=in.wc2; 

run; 

*/ 

* verify that IDNUMBER is a primary key; 

proc sort data=in.wc2 out=wc NODUPKEY; 

by IDNUMBER; 

*where IDNUMBER ne ''; 

run; 

data wc; 

 set wc; 

 * get 10 year status - missing means we don't know 10 year status; 

 if (deceased and FollowMortalYr<=10) then Deceased10=1; 

 else if FollowMortalYr>10 then Deceased10=0;  

 

 if (CVD and FollowMortalYr<=10) then CVDdeath10=1; 

 else if Deceased or FollowMortalYr>10 then CVDdeath10=0; 

 

if (CVD and FollowMortalYr<=10) or (caseCVD  and followCVDyr<10) then AnyCVD10=1;  *CVD 

death or event wihtin 10 years; 

 else if FollowMortalYr>=10 and followCVDyr>=10 then AnyCVD10=0; 

 

 if (caseCVD  and followCVDyr<10) then NonFatalCVD10=1;  *non-fatal event wihtin 10 years; 

 else if followCVDyr>=10 then NonFatalCVD10=0; 

 

 ln_age=log(age); 

 ln_CHOLSTRL=log(CHOLSTRL); 

 ln_HDL=log(HDL); 

 ln_RSTSYSBP=log(RSTSYSBP); 

 * this is to match Diagastino model using srHbp as surrogate for treated BP; 

 ln_RSTSYSBP_Treated=ln_RSTSYSBP*srHbp; 

 ln_RSTSYSBP_NotTreated=ln_RSTSYSBP*(1-srHbp); 

  

 

 ln_WASTGIRF=log(WASTGIRF); 

 ln_BMI=log(BMI); 

 

 MyYears= ('31DEC2003'D-examdate)/365.25; * this is always the same as FollowMotalYr except for 

decedents; 

 MyCVDYears=(caseCVDdate-examdate)/365.25; 

 

 * combine fatal and non-fatal CVD events; 

 AnyCVD=(CVD or caseCVD); 

 AnyCVDtime=FollowMortalYr><followCVDyr; * takes min which will be missing if either are missing; 

run; 
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/*************************************************************************** 

PART C: TIME TO FATAL AND NON-FATAL CVD 

****************************************************************************/ 

%macro phreg(model, where=1=1); 

proc sort data=wc out=sortedBySex; 

 by female; 

run; 

 

proc phreg data=sortedBySex CONCORDANCE ; 

 model &model / RISKLIMITS; 

 by female; 

 where &where; 

run; 

%mend phreg; 

 

*** Fatal CVD; 

title 'FRS: fatal CVD time-to-event analysis'; 

%phreg(FollowMortalYr*CVD(0)=&Dagostino); 

title 'FRS + WC: fatal CVD time-to-event analysis'; 

%phreg(FollowMortalYr*CVD(0)=&Dagostino WASTGIRF); 

title 'FRS + BMI: fatal CVD time-to-event analysis'; 

%phreg(FollowMortalYr*CVD(0)=&Dagostino BMI); 

title 'FRS + WC + BMI: fatal CVD time-to-event analysis'; 

%phreg(FollowMortalYr*CVD(0)=&Dagostino WASTGIRF BMI); 

 

%let depvar=AnyCVD10; 

%let where=female=1; 

%let indVarStandard=&Dagostino; 

%let indVarEnhanced=&Dagostino WASTGIRF ;  

%macro nri(depvar,indVarEnhanced, indVarStandard=&Dagostino, where=female=1); 

 

title 'Standard Model'; 

 ods output association=CstatStandard(where=(label2='c') keep=label2 nValue2 

rename=(nValue2=C_Standard)); 

 proc logistic data=wc; 

 model &depvar(event='1')=&indVarStandard / lackfit; 

 where (.z<examdate <'31DEC2003'D - 365.25*10); 

 where also &where; 

 output out=StandardModel prob=pStandard; 

run; 

 

title 'Enhanced Model'; 

 ods output association=CstatEnhanced(where=(label2='c') keep=label2 nValue2 

rename=(nValue2=C_Enhanced)); 

 proc logistic data=wc; 

 model &depvar(event='1')=&indVarEnhanced / lackfit; 

 where (.z<examdate <'31DEC2003'D - 365.25*10); 

 where also &where; 

 output out=EnhancedModel prob=pEnhanced; 

run; 

 

proc sql; 

 create table merged as 

 select A.IDNUMBER, A.&depvar, pStandard, pEnhanced from StandardModel as A, EnhancedModel as B 

where A.IDNUMBER=B.IDNUMBER; 

quit; 
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data merged; 

 set merged; 

  diff=pEnhanced-pStandard; 

 

 if &depvar=1 then do; 

  if diff>0 then Improve=1; 

  else if diff<0 then Improve=-1; 

  else if diff=0 then Improve=0; 

 end; 

 else if &depvar=0 then do; 

  if diff>0 then Improve=-1; 

  else if diff<0 then Improve=1; 

  else if diff=0 then Improve=0; 

 end; 

 

 if pEnhanced<.05 then pEnhancedCat=1; 

 else if pEnhanced<.1 then pEnhancedCat=2; 

 else if pEnhanced<.2 then pEnhancedCat=3; 

 else pEnhancedCat=4; 

 

 if pStandard<.05 then pStandardCat=1; 

 else if pStandard<.1 then pStandardCat=2; 

 else if pStandard<.2 then pStandardCat=3; 

 else pStandardCat=4; 

 

 diffCat=pEnhancedCat-pStandardCat; 

 

 if &depvar=1 then do; 

  if diffCat>0 then ImproveCat=1; 

  else if diffCat<0 then ImproveCat=-1; 

  else if diffCat=0 then ImproveCat=0; 

 end; 

 else if &depvar=0 then do; 

  if diffCat>0 then ImproveCat=-1; 

  else if diffCat<0 then ImproveCat=1; 

  else if diffCat=0 then ImproveCat=0; 

 end; 

 

 label Improve='Continuous NRI' ImproveCat='Cat NRI'; 

run; 

 

footnote "Outcome=&depvar"; 

footnote2 "Model=&indvar"; 

footnote3 "Subgroup=&where"; 

 

proc means data=merged nway noprint; 

 var pStandard pEnhanced; 

 class &depvar; 

 output out=idi mean=; 

run; 

 

title 'IDI components'; 

proc sql; 

 select  event.pEnhanced-control.pEnhanced as SlopeEnhanced, event.pStandard-control.pStandard as 

SlopeStandard, 
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 event.pEnhanced-control.pEnhanced-(event.pStandard-control.pStandard) as IDI 

 from idi event, idi control where event.&depvar=1 and control.&depvar=0; 

quit; 

 

title 'NRI components'; 

proc means data=merged mean nway; 

 var Improve ImproveCat; 

 class &depvar; 

 output out=NRI mean=; 

run; 

 

title 'Total NRI'; 

proc means data=NRI sum nway; 

 var Improve ImproveCat; 

run; 

 

title 'C-statistic'; 

proc sql; 

 select  C_Enhanced, C_Standard, C_Enhanced-C_Standard as Diff_C_Stat from 

CstatStandard,CstatEnhanced ; 

quit; 

 

title; 

footnote; 

%mend nri; 

 

*Fatal CVD 10 year; 

title 'WC: Fatal CVD 10-year'; 

%nri(CVDdeath10, &Dagostino WASTGIRF female); 

title 'BMI: Fatal CVD 10-year'; 

%nri(CVDdeath10, &Dagostino BMI); 

title 'WC+BMI: Fatal CVD 10-year'; 

%nri(CVDdeath10, &Dagostino WASTGIRF BMI); 
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Appendix E: Example Statistical Output 
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