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Introduction 

  
Despite significant declines in mortality in the U.S., cardiovascular disease (CVD) remains 

a considerable burden, both in terms of health and costs. In 2011, CVD accounted for the 

underlying cause of death of 31.3% of all deaths in the U.S. [1]. According to the American Heart 

Association, the annual direct and indirect cost of CVD in the United States is an estimated $320.1 

billion [1]. In particular, hypertension and obesity are 2 major health issues in the U.S., and risk 

factors of CVD. More than one-third (34.9% or 78.6 million) of U.S. adults are obese [2] and about 

a third (29% or 70 million) have hypertension [3, 4]. A growing social epidemiology literature is 

documenting that neighborhood and geographic context is associated with a range of adverse 

consequences on CVD [5-8]. A life course epidemiology literature has concurrently evolved by 

documenting the effects of early life exposures on cardiovascular health [7, 9-11]. However these 

areas of study have evolved separately. Incorporating both place and time for understanding 

causes of CVD is one of the key challenges for epidemiologic research. 

A neighborhood’s features can severely limit the choices and resources available to 

individuals. Recent research has shown how neighborhood factors (such as built environment or 

low NSES) are associated with the incidence and prevalence of CVD risk factors [7, 12-19]. The 

impact of area-level determinants of health has been considerably noticed, and policies have 

been proposed to make neighborhoods healthier places to live for everyone [20]. In fact, research 

has suggested that neighborhood interventions to increase access to recreation facilities would 

be cost-effective to improve health behavior [21]. Moreover, given the emerging recognition that 

CVD has childhood origins [10, 11, 22], an important question is whether neighborhood context 
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earlier in life exerts greater influence on CVD development. During the past two decades 

pathological data have shown that atherosclerosis, the leading cause of CVD, begins in childhood 

and that the extent of atherosclerotic change in children and young adults is associated with the 

presence of atherosclerotic risk in adults. It thus seems reasonable to consider whether initiating 

healthful lifestyle interventions in childhood could promote improved cardiovascular health in 

adult life. A life-course approach to chronic disease epidemiology recognizes the importance of 

time in understanding causal links between exposures and outcomes within an individual life-

course. [10] 

However, most of the research in neighborhood effects on health has been cross-

sectional and thus susceptible to reverse causation. The development of strategies that allow 

linkage of cohort data to meaningful historical neighborhood data is crucial for advancing this 

area of research [6]. Improving causal inference in studies of neighborhood health effects 

requires not only greater methodological sophistication but also much more attention to the 

theoretical models underlying the research questions [6]. Another important obstacle for causal 

inference in neighborhood research is selection bias. Selection bias can be due to the fact that 

individuals may select their place of residence based on their health or based on their 

predisposition to certain behaviors (e.g. people who are more inclined to be physically active may 

choose to live in areas with better physical activity resources) [6, 23].  

In the first two chapters of this project, we evaluate two theoretical models: the critical 

period model which states that exposures at a specific time have long-lasting effects on the 

function of the body (Figure 1) [24]; and the accumulation of risk model, which suggests that 

effects accumulate over the life course (Figure 2) [9, 24]. This is particularly important for diseases 
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that develop over a long period of time, as is the case for CVD. We evaluate neighborhood’s 

features in childhood, when participants were not likely to select their place of residence. To our 

knowledge, this study’s longitudinal design is the first to assess the association between 

objectively measured neighborhood characteristics from birth through adulthood, and CVD risk. 

 

 

Figure 1. Critical Period Model 

 

 

Figure 2. Cumulative Risk Model  

 

On the third chapter, we focus on obesity, a serious public health challenge and an 

important risk factor for multiple chronic diseases besides CVD, such as arthritis, diabetes, 

hypertension (HTN), and dyslipidemia. The prevalence and severity of obesity have been 

dramatically increasing throughout the United States during recent decades [25, 26]. Currently, 

guidelines, randomized trials and epidemiologic studies of obesity tend to consider obesity as a 

homogeneous entity. However, obesity may represent a heterogeneous condition with respect 

to demographic, behavioral and clinical factors. Previous studies suggest that the association 

between neighborhood deprivation and obesity is not direct [27] and that researchers must look 

into other individual determinants of obesity, like race, physical activity, and clinical factors that 
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may deviate among individuals. For instance, the concept of the metabolically healthy obese 

suggests variability in cardiovascular disease risk factors and mortality risk beyond what is 

captured by BMI alone [28, 29]. In addition, studies have revealed that obesity varies significantly 

according to race/ethnicity, independent of sociodemographic characteristics and neighborhood 

context [20]. Another study found that people that drink higher amounts of alcohol and live in 

deprived communities were significantly more likely to be overweight [30]. In addition, whilst 

studies generally agree that neighborhood walkability influences levels of physical activity and 

obesity [31, 32], there is evidence that walkability may differentially impact residents depending 

on their age and sex [33]. Consequently, it will become critical to clinicians, public health 

practitioners, and policymakers to distinguish obese individuals at high risk for obesity-related 

chronic diseases, from those at lower risk. Using comprehensive and detailed population level 

data in the United States, we seek to examine complex interaction of biological, behavioral, and 

social factors that intersect with obesity. To our knowledge, this is the first analysis of obesity 

patterns in adults in the U.S. that identifies subgroups among individuals categorized as obese. 

Results from this analysis will be key to best tailor effective future interventions and clinical trials 

in response to the high levels of obesity in the U.S.  

Overall, the goals of this project are to assess associations of neighborhood characteristics 

at birth, childhood and adulthood with blood pressure and obesity across the life course, and to 

evaluate groups of individuals classified as obese, by demographic factors, behavioral 

characteristics and clinical conditions. Individuals within different neighborhoods may be 

exposed to a variety of choices and resources available that subjects them to diverse risks of CVD; 

analogously, individuals classified as obese may have different demographic, clinical and 
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behavioral characteristics that may predispose them to distinctive risk of obesity. The 

contribution of the proposed research is expected to shed light on the interplay between (1) 

contextual neighborhood attributes across the lifespan, (2) clusters of individual characteristics, 

and cardio-metabolic disease development respectively. Results from the first two chapters of 

this project offer the potential to inform health professionals about modifiable features of 

neighborhoods at critical periods of susceptibility in life to target timely interventions of two 

major CVD risk factors in the United States: hypertension and obesity. These analyses may 

provide new evidence that greater access to neighborhood green space and higher NSES during 

specific periods in the life course may slow the development of CVD in middle-aged adults. 

Results from the third chapter of this project provides a basis for future studies to evaluate 

whether different strategies and goals may be needed in the clinical management of obesity. 

Finally, the addition of geographic data to the New England Family Study as a result of the first 

two chapters opened new opportunities for future research to understand the etiology of several 

diseases using spatial methods that is not available in most longitudinal observational studies. 
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Chapter 1: Longitudinal associations of life-course neighborhood 

deprivation with blood pressure and obesity 
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Abstract  

Neighborhood is increasingly investigated as a determinant of cardiovascular disease (CVD). 

However, longitudinal studies on neighborhood are rare, hampering the ability to address 

questions on causality and critical stages in the life-course. We aim to investigate if higher 

neighborhood socioeconomic status (NSES) during early childhood, as a susceptible period, may 

slow the development of CVD in adults. 

Using longitudinal data from the New England Family Study with a 48-year follow-up, we 

geocoded participants’ home addresses throughout their life-course and used multilevel models 

to evaluate how NSES is associated with systolic blood pressure (SBP), diastolic blood pressure 

(DBP) and body mass index (BMI). Results suggested that one standard deviation higher of NSES 

at birth was associated with a 2.7 mmHg lower SBP in adulthood (95% CI: -5.1, -0.3), and that one 

standard deviation higher of NSES at adulthood was associated with 2.2 mmHg lower SBP (95%CI: 

-4.2, -0.3), 1.4 mmHg lower DBP (95%CI: -2.8, -0.1), and 1.1 lower BMI (95%CI: -2.2, -0.1), which 

remain statistically significant after controlling for confounders.  

Results from this unique longitudinal study may provide insights into critical time periods during 

which individual and community actions can effectively improve public health and reduce 

neighborhood health disparities. 
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Introduction  

Despite significant declines in mortality in the U.S., cardiovascular disease (CVD) remains the 

leading cause of death with considerable burden on both health and costs. Hypertension and 

obesity, two major risk factors for adult CVD, are highly prevalent in the U.S. Specifically, an 

estimated 70 million (29%) of U.S. adults have hypertension [3, 4] and more than a third are 

classified as obese [2].  

Multiple studies have found a gradient in the incidence, morbidity and mortality of CVD 

across the spectrum of socioeconomic status [34]. However, the additional contribution of the 

neighborhood of residence to the risk of CVD, independent of individual socioeconomic 

indicators is increasingly investigated. For example, comparisons of obesity prevalence using 

geographic criteria indicate that low income areas are associated with higher rates of obesity [35] 

and higher incidence of coronary heart disease [13]. Neighborhood may play a critical role in the 

development of CVD risk factors and produce long-term effects through a range of mechanisms, 

both physical and social. Neighborhood socioeconomic status (NSES) may affect health through 

systematic blockage of opportunities, such as few employment opportunities, and poor schools 

[36]. Furthermore, deprived neighborhoods are likely to experience financial disinvestment and 

low collective efficacy, leading to deteriorating buildings and dirty streets [37]. Research suggests 

that these conditions may contribute to socioeconomic inequalities in CVD risk [38], heart failure 

risk [39] and improvements in prevention and treatment of CVD [40].  

However, most prior studies have only investigated cross-sectional associations between 

neighborhood deprivation and CVD risk factors, which are susceptible to reverse causation. As 



18 
 

the field moves to more detailed examination of life-course periods, researchers need to adopt 

methods that allow appropriate identification, including selection of covariates based on the 

hypothesized causal model, and specifying models so that the effects of each model might shed 

light for potential interventions targeted at life-course periods where they might be more 

effective [41]. The development of strategies that allow linkage of cohort data to meaningful 

historical neighborhood data is crucial for advancing this area of research [6]. In the present 

study, we compared the association between NSES at 3 different time points (birth, childhood 

and adulthood) and CVD risk factors, using multilevel models to appropriately account for within 

and between neighborhood variability. We hypothesize that participants living in economically 

deprived neighborhoods during early childhood are a high-risk subset of the population that 

should be prioritized.  

Data and Methods 

Data  

We used data from the New England Family Study (NEFS), a longitudinal investigation with up to 

48 years of follow-up of the offspring of pregnant women enrolled between 1959 and 1966 in 

the Collaborative Perinatal Project (CPP). The NEFS was initiated to locate and interview samples 

of the adult offspring at the Providence, Rhode Island, and Boston, Massachusetts sites 

(N=17,921 live births) [42]. Analyses for this project were achieved through the merging of data 

from 2 of the sub-samples that comprise NEFS: Longitudinal Effect on Aging Perinatal Project 

(LEAP) and Pathways Linking Education and Health in Middle Adulthood Project (Edhealth). 

Collectively, this yielded an analytical dataset of 931 participants. Participants were followed 
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since birth until adulthood in the metropolitan areas of Providence, RI and Boston, MA, two of 

the most densely inhabited areas in the Northeastern United States. Residential addresses for 

the participants were collected at 12 different occasions from birth (around 1960s) through 

childhood (around 1970s) and then again at adulthood (around 2000s); and were subsequently 

geocoded using Brown University Geocoding Service (96% of the total number of addresses) [43], 

and World Geocoding Services (3% of the total number of addresses, which did not report a street 

number) [44]. All spatial analysis was done using ArcGIS, Version 10.4.1 (Redlands, CA). The 

analytical sample included all NEFS subjects who resided in MA or RI at adulthood and who had 

complete data on systolic blood pressure (SBP), diastolic blood pressure (DBP) or body mass index 

(BMI) at adulthood respectively. Thus, our analyses are based on an analytic sample of 871 adults 

who lived in 255 census tracts at birth, 233 at childhood and 522 at adulthood (please refer to 

Figure 1 in the Supplementary Material).  

Measures 

The primary exposure was NSES measured at the census-tract (CT) level throughout the life-

course. Spatial data on NSES were drawn from the National Historical Geographic Information 

System [45], ICPSR, and the Bureau of the Census, the final variables were created by the staff of 

the American Communities Project at Brown University [46]. Defining neighborhoods based on 

CT is commonplace among studies in the US [47]. Because of changing CT borders over time, we 

homogenized CT boundaries from 1960 and 1970. We assigned census data to subjects by waves 

according to their CT of residence and the date of their study examination, selecting the Census 

closest to the examination date.  
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NSES at each time point was measured as a standardized (mean=0, standard deviation=1) 

score of: percent with less than a high school education, percent of unemployment, and median 

household income [7, 48]. Household income from 1960s and 1970s were adjusted for inflation 

rates to 2000 [49]. Lower scores indicate lower NSES. NSES was considered as a time-varying 

covariate. We also dichotomized the NSES score below and above the mean (zero), where 0 

indicates low NSES and 1 indicates high NSES. Finally, we constructed an indicator of NSES 

mobility as follows: (1) participants who remained categorized as low NSES throughout the life-

course, (2) participants who moved from low to high NSES, (3) participants who moved from high 

to low NSES and (4) participants who remained in high NSES throughout the life-course.  

Individual-level systolic blood pressure (SBP), diastolic blood pressure (DBP) and body 

mass index (BMI) were the outcome variables. SBP and DBP were clinically assessed, as the 

average of the mean of the second and third seated readings. Height and weight were measured 

by trained research technicians from participants wearing light clothing without shoes using a 

calibrated stadiometer and weighing scale. BMI was calculated as weight (kg) divided by height 

(m) squared. Individual-level covariates included the time-varying variable age, and time-

constant variables individual socioeconomic status (SES) assessed as adult attained education 

(less than high-school, high-school, more than high-school), parental SES assessed as mother’s 

education (less than high-school, high-school, more than high-school), and father’s education 

(less than high-school, high-school, more than high-school), and demographic characteristics 

gender (male, female), and race (White, African-American, other). All time-constant variables 

were assessed at adulthood, except for parental SES which was assessed at birth.  

Statistical Analysis  



21 
 

We fit two sets of models in the current analysis. The first set of models use a three-level 

multilevel model (MLM). As described in detail elsewhere [7–10], MLM assumes that 

observations are hierarchically nested, such that members of the lower level (i.e., level one) are 

nested in one and only one entity at the higher levels (i.e., levels two and three). We use three-

level models to account for individuals (level 1) nested within families (level 2) within 

neighborhoods (level 3) at different time points and assess between and within variances at each 

level. The outcome for the first set of models is SBP, DBP and BMI at adulthood. These models 

are stratified by time, thus we have 3 models (one for birth, one for childhood and one for 

adulthood) to compare effect size across models and evaluate the critical period. All 3 models 

control for the following confounders:  age, gender, race, individual SES, and parental SES. In 

addition, the childhood model was further adjusted for birth NSES, and the adulthood model was 

further adjusted for birth NSES and childhood NSES (for more detail please see the Directed 

Acyclic Graph in Supplementary Figure 3). 

The second set of models evaluates the accumulation of risk model, where the main 

exposure is NSES mobility throughout the life-course. The outcome for the second set of models 

is time-varying SBP and BMI throughout the life-course (DBP was only measured at adulthood 

and thus was not included as outcome in these models). Since participants moved frequently, 

there was no clear nested hierarchy. Consequently, we used Cross-Classified Multilevel Models 

(CCMM) using Markov Chain Monte Carlo (MCMC) re-estimation to incorporate non-hierarchical 

nesting structures and account for these repeated measures with changing neighborhood 

membership over time [50]. MCMC is a simulation-based method estimating the parameters by 

re-sampling the data to produce more accurate estimates of the unknown parameters.  
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Observation occasion served as level 1, and individual and neighborhood were separate cross-

classified levels for level 2 (Supplementary Figure 2) [50]. All models control for the following 

confounders:  age, gender, race, individual SES, and parental SES.  

Finally, since the data are unbalanced (individuals vary in their number of measurements 

by design or attrition),  the first set of models was restricted to individuals who had complete 

data on all variables at all time-points to be able to compare effects across models (N=459). For 

the second set of models, we assume that the missing data are missing at random. Thus, within 

the likelihood framework of MLM, complete-case bias is eliminated by incorporating all available 

information [51].  Furthermore, we also conducted multiple imputation procedures with chained 

equations (MICE) as a sensitivity analysis (Supplementary Table 1). Statistical significance was 

assessed at 0.05 level. Data management was performed in SAS version 9.4 and statistical 

analyses were performed using R version 3.4.1 and MLWin 2.34.  

Results 

The analytical sample included 871 individuals, of which 58% were female. The mean age was 

44.5 years. Among included participants, 74.5% were White, 18.9% were African-American and 

6.2% were categorized as other. About 15% of the sample had less than high-school education, 

and paternal education level was less than high-school for more than half of the sample (Table 

1). The average values for the outcomes were: SBP 117.5 mmHg, DBP 76.3 mmHg and BMI 30 

kg/m2 (Table 1).  Descriptive statistics of the NSES variables indicate that household income 

increased across time, while percentage of unemployment remained somewhat stable and 

percentage with less than high-school education decreased (Table 2). Indicators of neighborhood 
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socio-economic mobility showed that 25% of the participants lived in neighborhoods with low 

NSES at all time-points, while almost 30% lived in neighborhoods with high NSES throughout the 

life-course (Table 3).  

Results for the first set of models for SBP indicated that one standard deviation higher of 

NSES at birth was significantly associated with a 2.7 mmHg lower SBP in adulthood (95%CI: -5.1, 

-0.3), after adjusting for confounders (Table 4). Higher NSES at adulthood was also significantly 

associated with 2.2 mmHg lower SBP in adulthood (95%CI: -4.2, -0.3), after adjustment for 

confounders. The intra-class correlation coefficient for SBP was 12.6% at birth, 9.7% at childhood 

and 4.7% at adulthood (Figure 1). Results for DBP indicated that one standard deviation higher 

of NSES at birth was associated with -1.59 mmHg of DBP (95%CI: -3.2, 0.04), however this 

association did not approach statistical significance. On the contrary, higher NSES at adulthood 

was significantly associated with 1.4 mmHg lower DBP (95%CI: -2.8, -0.1), after controlling for 

confounders (Table 4). The intra-class correlation coefficient for DBP was 8.9% at birth, 0.46% at 

childhood and 1.1% at adulthood (Figure 1). Results for BMI indicated that NSES at birth and 

childhood were not statistically associated with BMI at adulthood after controlling for 

confounders. However, one standard deviation higher of NSES at adulthood was significantly 

associated with 1.1 kg/m2 lower BMI (95%CI: -2.2, -0.1) at adulthood after controlling for 

confounders (Table 4). The intra-class correlation coefficient for BMI was 7.9% at birth, 3.6% at 

childhood and 10.3% at adulthood (Figure 1). 

In the CCMM analysis for SBP, results showed that after controlling for confounders, living 

in a neighborhood with low NSES across the life-course, compared to living in a neighborhood 

with high NSES across the life-course, was associated with a 1.6 mmHg increase of SBP (95%CI: -
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0.3, 3.5), approaching significance. Results for BMI showed a consistent pattern suggesting that 

having stayed in low NSES or having experienced instability of NSES (fluctuated from low to high 

NSES or vice versa) was associated with a 0.5 kg/m2 increase in BMI (95%CI: -0.04, 1.14), 

compared to having stayed in high NSES across the life-course, after adjusting for confounders. 

These effects were not statistically significant (Table 5). 

Discussion  

We used data from a longitudinal cohort of 871 participants in Boston MA and Providence RI to 

investigate the association between NSES across the life-course and CVD risk factors. This paper 

adds to prior literature by directly testing NSES measures across 3 life-course stages and using 

multilevel models to control for the dependency of observations within a neighborhood. To our 

knowledge, this is the first study with objective measurements of neighborhood characteristics 

with a 48-year follow-up from birth through adulthood with clinical individual data necessary for 

this type of work. We found evidence that neighborhood socioeconomic disadvantage 

throughout the life-course is, in addition to and regardless of individual socioeconomic 

characteristics, related to increased risk of CVD. Our results provide critical evidence to suggest 

that neighborhood socioeconomic deprivation starting in early childhood may have severe life-

long consequences on SBP and DBP, while neighborhood socioeconomic deprivation during 

adulthood may have a higher impact on BMI. In addition, our results suggest that cumulative 

exposure to low NSES, compared to cumulative exposure to high NSES was associated with a 

higher trend of SBP. Neighborhood at birth accounted for a larger proportion of variation in SBP 

and DBP than neighborhood at childhood or adulthood; while neighborhood at adulthood 
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accounted for a larger proportion of variation for BMI. Results from this study have important 

implications for preventive strategies that aim to reduce the burden of hypertension and obesity.  

 Prior evidence about the life-course associations between neighborhood and CVD risk 

factors is limited as most studies have reported cross-sectional results. The first set of models of 

the present study, tested the critical period model.  Our results suggest that each of the 3 life-

course measures of NSES contributed to an increased risk of hypertension or obesity later in life, 

although not all associations were statistically significant after accounting for confounders. We 

initially hypothesized childhood as a critical period and surprisingly found that critical periods 

may differ based on the outcome of interest. This observation is in accord with evidence from a 

study looking at major CHD risk factors present during childhood and adolescence, which 

concluded that the relative importance, of early and later-life exposures will differ by health 

outcome [10]. For instance, we found evidence that NSES at birth had a bigger effect on SBP and 

DBP, compared to NSES at childhood or adulthood; while NSES at adulthood had a bigger effect 

on BMI compared to NSES at birth and childhood. A reason for this finding might be that the 

participant’s addresses at birth were collected since the third trimester of pregnancy through the 

first year of age; thus, the effect of NSES at birth on blood pressure might be picking up pre-natal 

and early growth exposure to adverse geographic factors, which have been found to increase the 

risk of hypertension [52]. Observations in animals show that the environment during 

development permanently changes the body’s structure and function as well as its responses to 

environmental influences encountered in later life [53]. However, our study adds new evidence 

that exposure to low NSES at or around birth may be more detrimental than exposure to low 

NSES at other time point in life, for blood pressure. On the other hand, adulthood as a sensitive 
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period may be a result of a series of interactions occurring at different stages of development, 

such as exposure to neighborhood deprivation and biological changes over the life-course. 

Studies looking at child growth and socio-economic circumstances, suggest that the pathogenesis 

of CVD may be a product of branching paths of development that are triggered by the 

environment [52, 54]. Our results show a negative association of NSES and BMI at each time 

point, which may suggest that the pathway to obesity may originate in early life but that adverse 

exposure to NSES at different stages of life add to each other having a culmination point effect 

at adulthood. The latter might be explained by longer-term consequences of the complex 

accumulation and interaction, across generations, of early and later-life exposures [10].  

The second set of models tested the accumulation of risk model, which is particularly 

important for diseases that develop over a long period of time, as is the case of CVD. Application 

of a CCMM enabled us simultaneously examine the fixed and random effects corresponding to 

time and neighborhood settings. Simultaneous examination of time and neighborhoods, is 

important because both settings can influence health behaviors through multiple pathways, 

including policies, normative behaviors, and access to resources [47]. Our results suggested that 

cumulative exposure to low NSES was associated with higher SBP but evidence for the association 

of NSES with BMI trend was less evident, suggesting that not only cumulative exposure to low 

NSES, but also the instability of NSES may impact BMI. For example, we found evidence that 

participants that moved from high NSEs to low NSES had a 0.54 kg/m2 increase of BMI (95%CI: -

0.04, 1,1). However, we also found evidence that suggested that upward NSES mobility did not 

offset the effects of low NSES earlier in life. Participants who moved from low NSES to high NSES 

also had a 0.49 kg/m2 increase of BMI (95%CI: -0.07, 1.07). Neighborhood disadvantage has been 
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found to be associated with co-occurrence of poor health behaviors over and above individual’s 

own socioeconomic status [48]. Thus, participants living in low NSES in early childhood may have 

been exposed to structural shortcomings (like access to healthy food) which may increase the 

likelihood of co-occurrence of poor health behaviors since early life and continue through 

adulthood even after moving to neighborhoods with higher NSES. The observed neighborhood 

effects, and the various possible reasons for them, suggest there are many issues policy makers 

could take into account when aiming at reducing neighborhood health disparities [48]. 

This study’s longitudinal design relating NSES at birth, childhood and adulthood to CVD 

risk factors is among the few observational studies with detailed neighborhood- and individual- 

level data necessary for this work. Our analysis approach allows us to evaluate if causal processes 

operate at more than one level and describe the variability and heterogeneity in the population, 

rather than average values. Results suggested that a larger proportion of variation of blood 

pressure was accounted by neighborhoods at birth which may indicate that interventions at birth 

at the neighborhood level may be more effective than at other time point. However, improving 

causal inference in studies of neighborhood health effects requires not only greater 

methodological sophistication but a deeper examination of the theoretical models underlying 

the research question [6]. In this project, we evaluated 2 theoretical models: the critical period 

model which states that exposures at a specific time has long-lasting effects on the function of 

the body; and the accumulation of risk model, which suggests that effects accumulate over the 

life course. Finally, another important obstacle for causal inference in neighborhood research is 

selection bias due to the fact that individuals may select their place of residence based on their 

predisposition to certain health behaviors (e.g. people who are more inclined to be physically 



28 
 

active may choose to live in areas with better physical activity resources) [6, 23]. In this analysis, 

we evaluate neighborhood’s features at birth and childhood, when participants were not able to 

select their place of residence. 

Finally, there are several limitations to our research. First, we have missing data due to 

loss to follow-up that may result in lack of exchangeability between sampled and not sampled. 

However, MLM use maximum likelihood to estimate the parameters allowing for unbalanced 

data and thus, in the ignorable situation, this eliminate complete-case bias by incorporating all 

available information [51]. Moreover, we used MICE to account for the missing data as a 

sensitivity analysis and the results were similar. Future research should examine the model 

specifications more closely. Second, the results from any multilevel analyses are inherently 

sensitive to omitted units/scales. For instance, our definition of neighborhoods as CT may not be 

accurate and thus bias our results. Still, a strength of using CTs is that they can be appended to 

any database with addresses, and provide data for determining contextual as well as 

compositional neighborhood effects on health. Further studies should look at other definitions 

of neighborhood. Third, we might be missing to include relevant variables into our measurement 

of NSES, and thus the results can be biased. We looked into adding other socioeconomic 

variables, however unfortunately not all variables were measured consistently throughout time 

since 1960 and thus we were only able to include the 3 variables in the NSES score. Fourth, the 

analysis includes only participants who remained in MA or RI which limits generalizability of the 

study and may potentially induce selection bias. However, this limitation in generalizability also 

strengthens the plausibility of the association’s being causal by removing confounding by design. 

Because all of the subjects were living in MA or RI, neighborhoods were more similar than those 
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of diffuse areas, and neighborhoods primarily differed with regard to the exposure rather than 

other, unobserved factors. Further analysis is needed to establish whether these findings 

generalize to states other than MA or RI, and to non-urban areas.  

In conclusion, we found that NSES at birth had the strongest impact on SBP and DBP, 

whereas NSES at adulthood more strongly predicted BMI. In addition, we showed evidence that 

cumulative exposure to low NSES was associated with higher trend of SBP. This suggests that 

interventions in early life focused on NSES or its downstream consequences—such as health 

behaviors—have the potential to slow hypertension risk in adulthood; and that interventions in 

late life focused on NSES or its downstream consequences may reduce the burden of obesity. 

Future studies should attempt to more rigorously evaluate causality, tease out the potential 

mechanisms driving these associations, and assess whether these relationships differ by 

race/ethnicity, or sex. 
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Table 1. Descriptive Characteristics of NEFS participants 

  N Mean or %  SD 

Age  871 44.46 2.91 

Female (%) 509 58.37  

Race (%)     

   White 650 74.5  

   African-American  165 18.9  

   Other  54 6.2  

Education level (%)    

   Less than High-school  130 14.9  

   High-school  366 42.0  

   More than High-school  376 43.1  

Mother's Education level     

   Less than High-school  461 52.9  

   High-school  275 31.5  

   More than High-school  136 15.6  

Father's Education level     

   Less than High-school  492 56.4  

   High-school  251 28.8  

   More than High-school  129 14.8  

Systolic Blood Pressure  871 117.51 15.83 

Diastolic Blood Pressure 871 76.27 15.84 

Body Mass Index 871 30.02 7.76 
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Table 2. Neighborhood socioeconomic characteristics  

 Birth  Childhood  Adulthood 

  Mean  SD  Mean  SD  Mean  SD  

Median Household Income*  26,095 8,350 39,534 9,300 47,620 21,136 
% Unemployed 5.9 2.7 4.2 1.7 5.3 3.6 
% With High-school degree 
or less 

87.3 14.0 83.7 10.7 48.6 16.3 

 

*Income from 1960s and 1970s were adjusted for inflation rates to 2000.   
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Table 3. Neighborhood socioeconomic mobility of NEFS participants across the life-course 

  N % 

Stayed in low NSES  220 25.3 

Moved from low to high NSES  182 20.9 

Moved from high to low NSES  151 17.3 

Stayed in high NSES  249 28.6 
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Figure 1.  Intra Class Correlation across the life-course 
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Table 4. Three-level Models for Adjusted Associations of Neighborhood Socioeconomic Status (NSES) and Adult Systolic Blood Pressure (SBP), Diastolic Blood Pressure (DBP) and 
Body Mass Index (BMI) stratified by wave (N=459) 

  SBP   DBP   BMI 

  Estimate 
95% Confidence 

Limits   Estimate 
95% Confidence 

Limits   Estimate 
95% Confidence 

Limits   

NSES z-score at Birth ¹ -2.68 -5.10 -0.26 * -1.59 -3.22 0.04 + -0.78 -2.05 0.50  
NSES z-score  at Childhood ² -1.47 -3.57 0.62 

 
-0.88 -2.24 0.49  -0.48 -1.56 0.60  

NSES z-score at Adulthood ³ -2.22 -4.18 -0.26 * -1.45 -2.76 -0.13 * -1.14 -2.19 -0.08 * 

              
¹ Adjusted for age, gender, race, individual and parental SES   
² Adjusted for age, gender, race, individual SES, parental SES , and birth NSES   
³ Adjusted for age, gender, race, individual SES, parental SES , birth and childhood NSES   
Signif. codes:  * <0.05 , + <0.1              
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Table 5. Cross-classified Multilevel Models. Adjusted Associations of Cumulative Neighborhood Deprivation across the life-course and Systolic Blood Pressure (SBP) and Body Mass 
index (BMI) (N=871) 

  SBP  BMI  

Models  Estimate 
95% Confidence 

Limits   Estimate 
95% Confidence 

Limits   

NSES Mobility (ref: stayed in high NSES)          

   Stayed in low NSES  1.60 -0.26 3.526 + 0.54 -0.04 1.14 + 

   Moved from low to high NSES  1.10 -0.81 3.024  0.49 -0.07 1.07 + 

   Moved from high to low NSES  0.09 -1.85 2.04   0.54 -0.04 1.12 + 

Adjusting for age, sex, race, individual SES and parental SES       
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Supplemental Figure 1. Flow Chart 
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Supplemental Figure 2. Cross-classified Models 
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Supplemental Figure 3. Directed Acyclic Graph (DAG) 
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Supplemental Table 1. Three-level Models for Adjusted Associations of Neighborhood Socioeconomic Status (NSES) and Adult 
Systolic Blood Pressure (SBP), Diastolic Blood Pressure (DBP) and Body Mass Index (BMI) stratified by wave using Multiple 
Imputation with Chained Equations (MICE) 

 SBP  DBP  BMI 

 Estim
ate 

95% Confidence 
Limits 

 Estim
ate 

95% Confidence 
Limits 

 Estim
ate 

95% Confidence 
Limits 

 

NSES z-score at 
Birth ¹ 

-1.98 -3.55 -0.41 * -0.87 -1.98 0.24  -0.22 -1.06 0.62  

NSES z-score  at 
Childhood ² 

-0.52 -1.91 0.87  -0.43 -1.40 0.53  -0.42 -1.09 0.24  

NSES z-score at 
Adulthood ³ 

-1.14 -2.55 0.26  -2.45 -1.19 0.70  -0.82 -1.51 -0.13 * 

             

¹ Adjusted for age, gender, race, individual and parental SES  

² Adjusted for age, gender, race, individual SES, parental SES , and birth NSES  

³ Adjusted for age, gender, race, individual SES, parental SES , birth and childhood NSES  

Signif. codes:  * p<0.05             
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Chapter 2: Longitudinal associations between neighborhood access to 

green space in different periods in life, and blood pressure and body 

mass index 
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Abstract 

Background: Neighborhood access to green space is increasingly investigated as a determinant 

of cardiovascular disease (CVD). However, longitudinal studies on the effects of neighborhoods 

are rare, hampering the ability of researchers to address questions on causality and critical stages 

in the life-course. This research aims to evaluate the life course association between green space 

and systolic blood pressure (SBP) and body mass index (BMI), two major CVD risk factors, and 

assess vulnerable periods of life in which individuals might be more susceptible to their 

surroundings.  

Methods: We used longitudinal data from the New England Family Study with a 48-year follow-

up to evaluate how access to green space at birth, childhood and adulthood is associated with 

SBP and BMI growth across the life course. Access to green space at each time point was 

evaluated using three measures: distance to the closest green space, average area of green 

space, and green space density in the neighborhood. Growth Curve Models were used to examine 

the longitudinal association between time-varying markers of neighborhood accessibility to 

green space, and SBP and BMI. 

Results: Findings suggest that living one mile farther away from a green space at childhood, is 

associated with a 3.4 mmHg increased rate of growth in SBP across the life-course (95% CI: 

0.3,6.6), adjusting for age, race, sex, individual and parental socioeconomic status, and 

neighborhood socioeconomic status. Higher green space density at birth was also statistically 

associated with a decreased rate of growth of SBP, but at a lower extent (-0.2 mmHg, 95%CI:-0.3, 
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-0.02). Finally, green space did not show statistically significant associations with BMI growth 

rate.  

Conclusion: Results suggest that childhood may be a critical time period where closer proximity 

to green space can reduce the burden of hypertension, a risk factor of CVD. Studies across diverse 

populations are needed to confirm or refute these novel findings.  
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Introduction  

The crucial role of green space on health has been considerably noticed, and policies have been 

proposed to make neighborhoods healthier places to live for everyone[55, 56]. Research shows 

that green space is linked to a remarkable breadth of positive health outcomes, such as improved 

mental health,[57] reduced blood pressure[58], improved self-perceived general health[59], and 

lower overall and cardiovascular mortality[60]. However, evidence on how to improve health 

outcomes with exposure to green space currently remains limited[57]; knowledge is lacking on 

physical attributes of green space such as size, as well as vulnerable periods of life in which 

individuals might be more susceptible to their natural surroundings.   

  Urbanization is emerging as a central global health challenge of the 21st century[61], with 

cities becoming epicenters for chronic diseases in adults[62]. In particular, in the United States, 

high blood pressure (BP) and obesity are two major public health burdens and major risk factors 

of chronic diseases such as arthritis, diabetes, dyslipidemia, and cardiovascular disease 

(CVD)[63]. Green space may influence CVD risk factors through a range of mechanistic pathways. 

For example, higher accessibility to green space may be linked to lower blood pressure through 

providing an aesthetic environment that can lead to relaxation and reduction in stress, or by 

encouraging interaction with nature and time spent outdoors that can lead to increased physical 

activity (Supplementary Figure 1)[8]. A recent study from Australia showed that people who 

made long visits to green spaces had lower rates of high blood pressure[57]. An experimental 

study concluded that, for coronary artery disease patients, restorative walking in a park 

significantly reduced stress and blood pressure compared to walking in an urban street 
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environment[64]. In addition, greenness has been shown to be associated with lower levels of 

obesity in adults[65-67] and children[68, 69]. 

 However, most of the current research on green space and health has been cross-

sectional and therefore susceptible to reverse causation. In addition, most studies have used a 

single or an aggregate measure of green space (e.g. percentage of green space within 1km radius 

of residence)[67], which may mask the effect of other features, such as type and quality of the 

green space[70]. Finally, although research into the influence of green space on adult health is 

increasing, evidence for children remains less developed. We used longitudinal data to evaluate 

the critical period model which states that exposures at a specific time have long-lasting effects 

on the function of the body[24]. To our knowledge, this innovative study is the first to 

longitudinally investigate critical stages of exposure to green space measured quantitatively, 

across the life-course. Our working hypothesis is that CVD risk in adulthood will be greater for 

participants who lived in neighborhoods with lower accessibility to green space during childhood. 

Our rationale is that childhood would be a sensitive period in the life course where healthy 

behaviors, such as increased levels of physical activity, are established and could extend into 

adulthood.  

Results from this study provide new evidence that during critical periods of susceptibility 

in life, greater access to neighborhood green space may slow the development of CVD. Given the 

urgency brought about by global urban health challenges, studies like this are needed to directly 

inform city planning and design[71]. 
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Data and Methods  

Data  

We used data from the New England Family Study (NEFS), a follow-up study to the National 

Collaborative Perinatal Project (NCPP), which was conducted from 1959-1966 in twelve cities 

throughout the United States. Twelve university-affiliated medical centers participated in this 

national study, two of which were in New England (Harvard Medical School and Brown 

University). The Project enrolled over 50,000 pregnancies, approximately 18,000 in New England, 

between 1959 and 1966, and evaluated offspring on 12 occasions prenatally through age 8 years. 

Hypothesized social, behavioral, and biological pathways leading to adult obesity were 

assessed when offspring were interviewed as adults between 2005 and 2011. Analyses for this 

study was achieved through the merging of data from two of the sub-samples that comprise 

NEFS: Longitudinal Effects of Aging Perinatal Project (LEAP) and Pathways Linking Education and 

Health in Middle Adulthood (EdHealth). Collectively, this yields an analytical dataset of 931 

participants who were followed from birth through adulthood. Participants’ complete addresses 

were extracted from the interview files, as reported by their parents, from birth and age 7 and 

subsequently later geocoded (assigned latitude and longitude) at each time point using ArcGIS 

version 10.4.1. A detailed description of the geocoding process has been previously 

published[72]. We restricted the analytical sample to participants with a residential address in 

MA or RI throughout the life-course (n=803) and participants with complete address information 

available for all three time-points (n=421). Participants missing additional pertinent covariates 
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including education (n=2), were also excluded. The final analytic sample included 419 participants 

(see supplementary figure 3).  

The primary exposure is accessibility to green space at birth (around 1960s), childhood 

(around 1970s), and adulthood (around 2000s). We define green space as “land that is partly or 

completely covered with grass, trees, shrubs, or other vegetation”[73], which can include parks, 

community gardens and cemeteries[70], and that is larger than 1 hectare[74]. A one-mile buffer 

was built around the geocoded NEFS participants at each time point and the accessibility to green 

space was estimated within the buffer areas[70, 75]. Although no common standard exists for 

proximity to parks, this one-mile buffer was thought to be a reasonable walking distance and has 

been used in several past studies of green space[75]. In addition, a national study recently 

showed that a one-mile buffer area is desirable to measure potential walkability within a 

neighborhood[76]. We created a historical database of green space in 1960 and 1970 within the 

buffer areas, by comparing historical topographic maps from the United States Geological Survey 

[77] to current recreational open space data layers from the Massachusetts GIS Department [78] 

and the Rhode Island Conservation Lands Public Access [79], and assessing whether existing 

green areas were available formerly. We further classified green space as follows: (1) Parks, (2) 

Playgrounds, (3) Blue Spaces and Beaches, (4) Swamps, (5) Golf-courses, country clubs, and zoos, 

and (6) Cemeteries. Our main analyses include green space from all categories except for blue 

spaces and swamps. The geographic databases used to classify the exposure in this study focused 

primarily on green space, and as such were an unreliable measure of blue spaces. Moreover, 

researchers have shown potential benefits of blue spaces on human health independent of green 

spaces[80]. Areas such as swamps were likely not readily accessible to participants, and therefore 
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not conducive to the types of activity that are hypothesized to improve cardiovascular health. At 

all time-points, access to green space was evaluated by using three objective measures obtained 

through GIS methodology: distance to the closest green space, the average area of green space 

within the neighborhood (or buffer area) and green space density. The distance from the 

participant’s address to the closest park was calculated in miles using the street network 

distance[81], which has been shown to be more appropriate in simulating walking behavior than 

Euclidean distance[75]. Average area was assessed in hectares and green space density was 

evaluated as the number of green spaces within the buffer areas. Thus, access to green areas will 

be operationalized at the individual level by virtue of the fact that it is derived from both an 

individual level and a neighborhood environment measure. 

The primary outcome variables are (a) systolic blood pressure (SBP), and (b) body mass 

index (BMI) assessed at the three time points birth, childhood and adulthood. The mean of the 

second and third seated readings on the non-dominant arm were averaged to calculate SBP. If 

the last two blood pressure readings varied by >5 mmHg, additional measures were taken at 5-

minute intervals until two consecutive readings were within 5 mmHg, or a maximum of six resting 

measures were taken. Height and weight were directly assessed by trained research technicians, 

weight was measured using calibrated scales in participants in light clothing without shoes; 

height was assessed using calibrated stadiometers. BMI was calculated as weight (kg) divided by 

the square of the height (m2).  

Individual-level covariates included age, gender (male, female), and race (White, African-

American, other). In addition, individual socioeconomic status (SES) was assessed as adult 

attained education (less than high-school, high-school, more than high-school), parental SES was 
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assessed as mother’s education (less than high-school, high-school, more than high-school), and 

father’s education (less than high-school, high-school, more than high-school). All individual-level 

covariates were assessed at adulthood, except for parental SES which was assessed at birth. 

Finally, neighborhood level covariates included neighborhood socio-economic status (NSES) 

measured at each time point as a standardized mean score of: percent with less than a high 

school education, percent of unemployment, and median household income[7, 48]. A detailed 

description of this measure can be found in Jimenez et al.[72]. 

Statistical Analysis  

We used growth curve analysis to examine the longitudinal association between access to green 

space and the CVD risk factors: SBP and BMI. Growth curve analysis estimates mean growth 

trajectories based on the repeated measures of SBP and BMI over time and allows individual 

growth trajectories to randomly vary around the mean. This approach accounts for changes in 

scale and variance of growth measures over time and uses all available data for each individual 

[82]. Since we were interested in evaluating the critical time period where access to green space 

may have a stronger effect on CVD risk, the models were stratified by time; thus we have three 

models (one for birth, one for childhood and one for adulthood) per green space measure. 

Accordingly, row 1 in Table 3 evaluates the association between proximity to green space at birth 

and SBP, the second row in Table 3 evaluates the association between proximity to green space 

at childhood and SBP, and so on. All models controlled for the following confounders: age, 

gender, race, individual socioeconomic status, and parental socioeconomic status. Furthermore, 

to help account for neighborhood selection, wherein affluent neighborhoods may have higher 
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access to green space, we further adjusted for NSES at each time point. We ran the models 

sequentially, starting with individual covariates and adding neighborhood level covariates.  

A critically important step in any growth model is the identification of the optimal 

functional form of the trajectory over time; that is, it must be established exactly how the 

repeated measures change as a function of time [83]. We evaluated distinct functional forms for 

time and compared Akaike’s and Bayesian Information Criteria (AIC and BIC). Growth modeling 

is highly flexible in terms of the inclusion of a variety of complexities including partially missing 

data, unequally spaced time points, non-normally distributed or discretely scaled repeated 

measures, complex nonlinear or compound-shaped trajectories, time-varying covariates, and 

multivariate growth processes [83]. However, we further used multiple imputation by chained 

equations (MICE) to account for missing data as a sensitivity analysis. MICE operates under the 

assumption that given the variables used in the imputation procedure, the missing data are 

missing at random (MAR). We used subject-matter knowledge and the hypothesized DAG 

(Supplementary Figure 2), to maximize the number of predictors to be used in the multiple 

imputation procedure and have minimal bias and maximal certainty. Including as many 

predictors as possible tends to make the MAR assumption more plausible, thus reducing the need 

to make special adjustments for NMAR mechanisms[84]. Statistical significance was assessed at 

the 0.05 level. Spatial analysis was done using ArcGIS software version 10.4.1., data management 

was conducted in SAS version 9.4, and statistical analysis was performed in R software version 

3.4.0.  
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Results 

The analytical sample included 419 individuals, out of which 58% were female. The mean age was 

43.5 years. Among included participants, 75.7% were White, 17.9% were African-American and 

6.4% were categorized as other. About 12% of the sample had less than a high-school education, 

and paternal education level was less than high-school for more than half of the sample (Table 

1). The average values for the outcomes at each time point are presented in Table 2. SBP at 

adulthood was on average 117.8 mmHg (SD =16.5) and BMI was 30.1 (SD =8.0). Descriptive 

characteristics of the green space measures at the three time points showed that, on average, 

participants had six to seven green spaces in their neighborhoods. The average area of green 

space seemed to fluctuate, and the standard deviation for childhood and adulthood was large 

due to state parks included in our analysis. Finally, participants lived about 0.5 miles, on average, 

away from a green space at birth, childhood and adulthood (Table 2).  

Table 3 shows the association between the SBP growth trajectories and access to green 

space at critical time periods. Results for proximity to green space suggested that living one mile 

farther from a green space at childhood was associated with an increase in growth rate of SBP of 

3.2 mmHg (95%CI: 0.1, 6.3).  This association was significant after controlling for confounders. 

Results for density of green space showed that having one more green space at birth was 

associated with a decrease in growth rate of SBP of -0.2 mmHg (95%CI: -0.4, -0.02). This 

association was significant after controlling for confounders. Results for average area of green 

space showed no significant associations with growth rates of SBP. After adjusting for NSES 

(Model 2, Table 3), the associations of green space density were attenuated by 1-18%, with 

greater attenuation for the association of green space density at adulthood. However, the 
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association of proximity to green space at childhood and SBP intensified to 3.5 mmHg (95%CI: 

0.4, 6.7), after adjustment of NSES. The patterns of association were not substantially changed, 

where the effect size of proximity to green space was higher than the effect sizes of average area 

and green space density. Furthermore, childhood proximity to green space seemed to have the 

strongest association with SBP growth rates across all models.  

Finally, Table 4 shows the association between BMI growth trajectories and access to 

green space at each time point.  The results for proximity to green space suggested that living 

one mile farther from a green space at adulthood was associated with an increase in growth rate 

of BMI of 0.25 kg/m2 (95%CI: -0.03, 0.53, p<0.1), after controlling for confounders. However, this 

result did not reach significance. Results for green space average area and green space density 

within the neighborhood did not show any significant associations with BMI growth trajectories. 

After adjusting for NSES (Model 2, Table 4), the association between proximity to green space in 

adulthood and BMI was attenuated by 2%, however this association was not significant. 

Associations of average area of green space and density of green space with BMI were not 

statistically significant after adjustment for NSES. Stronger associations were shown between 

proximity to green space and BMI, compared to average area or density, suggested by the effect 

sizes, however, none reached statistical significance. Lastly, AIC and BIC values for distinct 

functional forms of time (linear, quadratic and cubic) indicated that a linear association best fit 

the random intercept-only model. 
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Discussion 

We conducted a longitudinal analysis to evaluate the association between life-course 

accessibility to green space and the growth rate of CVD risk factors. Our analysis suggested that 

childhood proximity to green space had the strongest association with SBP, such that living one 

mile farther from a green space at childhood was associated with an increase of 3.5 mmHg 

(95%CI: 0.3, 6.6) rate of change in SBP. In addition, results suggested that proximity to green 

space had the sharpest impact on the slope of SBP across the life-course, compared to average 

area or density of green space within the neighborhood. Density of green space seemed to have 

the second largest impact, where having one more green space at birth was associated with a 

significant decrease of 0.2 mmHg in SBP slope across the life-course (95%CI: -0.4, -0.02) after 

adjusting for individual and neighborhood level confounders. However, the pattern of 

associations of green space across the life-course differed for SBP and BMI gain trajectories. For 

BMI, proximity to green space also seemed to have the sharpest impact on the slope, yet the 

effect size was considerably smaller and in some cases in the opposite direction to what was 

expected, although not statistically significant. For instance, living one mile farther away from a 

green space in childhood was associated with a decrease in the BMI trajectory of -0.4 kg/m2 

(95%CI: -0.9, 0.1). After controlling for NSES (Model 2, Table 4), results suggested that living one 

mile farther away from a green space at adulthood was associated with an increase of 0.2 (95%CI: 

-0.04, 0.5) in BMI trajectory (p<0.1). Results for the association of average area and density of 

green space in the neighborhood with BMI were not statistically significant.  

Our finding that access to green space is distinctly associated with SBP and BMI has 

potentially important implications for the design of health interventions, and also reveals new 
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hypotheses that warrant further attention. Previous studies have also found diverse associations 

of green space with different outcomes. For instance, one recent study looking at the associations 

between the duration of exposure to nature and health outcomes, found that people who made 

long visits to green spaces had lower rates of depression and high blood pressure, but not greater 

social cohesion[57]. The null effect of green space on BMI found in this study might be due to 

low power or due to unmeasured mechanisms like physical activity. A recent U.S. based study 

looking at proximity to parks and physical activity among adults did not find a significant 

association either[75]. The relationship between green space and health may be mediated 

through a number of possible mechanisms including air quality, physical activity, social contacts, 

stress, and restoration. These mechanisms have a number of possible modifiers, such as distance 

to green space, accessibility factors, perceived safety in the green space, societal context, cultural 

context, gender, age, and socioeconomic status[70]. In addition, there is some indication in the 

literature that some groups of the population may benefit more than others, such as people with 

lower socio-economic positions and women, including pregnant women. Roe et al. (2013) found 

that greater percentages of green space had positive effects on cortisol levels in women, but not 

in men[85]. Perhaps the association between proximity to green space and BMI would be more 

accentuated in other populations. Future research should evaluate vulnerable groups of the 

population and the magnitude of the contribution of various mechanisms of the benefits of green 

space to health. 

The prospective cohort design and long follow-up period from birth to adulthood (48-year 

follow-up), in addition to the distinctive measures of access to green space are strengths of this 

study. Only four studies since 2001 investigating the impact of green space on health have been 
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longitudinal[71]. In addition, our examination of the theoretical model of critical periods and the 

advanced methodology used to evaluate our research question is an improvement on the 

approaches used in previous studies[6]. These methods allowed us to identify critical life stages  

during which higher access to green space may lower the risk of CVD, and to assess which  aspects 

of accessibility to green space are best suited to improve and/or sustain long-term health 

benefits[70]. Our analytical approach also enabled us to estimate between-person differences in 

within-person trajectories and their associations with differences in access to green space at 

three different time points. 

 Some limitations in our study also require discussion. First, although we adjusted for 

individual and neighborhood level characteristics, residual confounding cannot be excluded. 

Parental history of hypertension, a predictor of blood pressure of the offspring [86], for example, 

may also affect access to green space as a recent prospective study showed that health problems 

at baseline (high blood pressure among others) predicted subsequent neighborhood poverty[23], 

and thus likely lower access to green space. Second, some exposure misclassification is possible 

and thus results may be biased. However, any misclassification would be non-differential since 

the measurement errors for the outcome and the exposure would be independent as they come 

from different data sources. Classification of green space was an interesting challenge that we 

faced and our team is working on further analysis to evaluate the differential impact of types of 

green space on health. Third, we do not have information of workplace proximity to green space 

in adulthood (or school proximity in childhood) a possible source of unmeasured confounding. 

Fourth, we lack data on actual use of the greenspace. Fourth, we restricted the analysis to 

participants who remained in MA or RI with complete data which limits the internal 
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generalizability of our results and may potentially induce selection bias. However, we ran 

sensitivity analysis using MICE to account for hierarchy of the data and results were similar 

(please refer to Supplementary Tables 1 and 2). Finally, we need to consider issues of multiple 

statistical testing. In this study we evaluated 36 different models (18 versions of model 1 

considering 3 different green space measurements at 3 different time points for 2 outcomes; and 

18 versions for model 2 - model 1+ NSES), out of which we found 4 significant associations (11%), 

and thus it may be possible that we are incorrectly rejecting the null hypothesis. Future studies 

should consider the false discovery rate (expected proportion of type I errors) to account for 

multiple testing.  

Our results shed light on the importance of proximity to green space which should be 

taken into consideration in the future planning of green spaces in urban areas. While we do not 

have data on type of green space, our analysis included distinct measures of access of green 

space that suggested that living closer to a green space may be more influential in reducing the 

burden of CVD risk than the size or the density of green space in a neighborhood. This type of 

study is vital to ensuring that investment in green space provision can be used effectively to meet 

current public health challenges. In the US alone, cities invested over $6 billion in 2015 for the 

provision, management, and enhancement of public green spaces[57]; and although research 

has suggested that neighborhood interventions to increase access to recreation facilities are a  

cost-effective means to improve health behavior, more information on the necessary features is 

fundamental as public parks and shaded areas may become even more important with ongoing 

climate change, further urban sprawl, and increasing obesity prevalence[87]. 
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Table 1.Characteristics of the Analytic Sample 

 
Mean (SD) 

Demographic Variables    

Age 43.5 (2.7) 

Sex - % Female  58.2 

Race 
 

   % White 75.7 

   % African American 17.9 

   % Hispanic  2.9 

Education  
 

   % Less than High-school 12.4 

   % High-school education 35.1 

   % More than High-school 52.5 

Mother's Education  
 

   % Less than High-school 50.4 

Father's Education  
 

   % Less than High-school 55.1 
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Table 2. Blood pressure, body mass index, and green space characteristics across the life-course  

  Birth Childhood Adulthood 

  Mean SD Mean SD Mean SD 

Health Variables  
      

   Systolic Blood Pressure (mmHg)  70.1 15.8 103.8 11.4 117.8 16.5 

   Body Mass Index (kg/m2) 12.7 1.6 16.3 2.1 30.1 8.0 

Green Space Variables 
      

   Green Space Density (n)  6.4 5.4 6.6 5.2 7.1 5.6 

   Green Space Area (Ha)  9.3 14.8 31.1 319.1 16.5 81.2 

   Closest Distance (mi)  0.5 0.3 0.5 0.3 0.5 0.5 
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Table 3. Conditional Growth Models for Adjusted Associations of Access to Green Space and Systolic Blood Pressure  

Greenspace 

Measure  
Time  

Model 1   Model 2 
 

β  95% Confidence Limits   β  95% Confidence Limits 
 

Distance (mi)  Birth  1.73 -1.22 4.69   1.71 -1.25 4.66 
 

  Childhood  3.23 0.16 6.30 * 3.49 0.36 6.62 * 

  Adulthood 1.27 -0.61 3.14   1.22 -0.65 3.09   

Average Area 

(Ha) 

Birth  
-0.04 -0.10 0.01 

  
-0.04 -0.10 0.01 

 
  Childhood  0.00 -0.01 0.00   0.00 -0.01 0.00 

 
  Adulthood 0.00 -0.01 0.01   0.00 -0.01 0.02   

Density (n) Birth  -0.21 -0.39 -0.02 * -0.20 -0.39 -0.02 * 

  Childhood  -0.14 -0.32 0.04   -0.16 -0.34 0.02 + 

  Adulthood -0.12 -0.27 0.03   -0.10 -0.25 0.06   

Model 1: Adjusted for age, sex, race, individual SES and parental SES  

Model 2: Model 1 + Neighborhood Socioeconomic status 

* p<0.05 

+ p<0.1 
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Table 4. Conditional Growth Models for Adjusted Associations of Access to Green Space and Body Mass Index  

Greenspace 

Measure  
Time  

Model 1   Model 2 
 

β  95% Confidence Limits   β  95% Confidence Limits   

Distance (mi)  Birth  0.02 -0.46 0.50   0.02 -0.46 0.49 

 

  Childhood  -0.35 -0.84 0.15   -0.43 -0.93 0.07 + 

  Adulthood 0.25 -0.03 0.53 + 0.24 -0.04 0.52 + 

Average Area 

(Ha) 

Birth  
-0.01 -0.02 0.00 

  
-0.01 -0.02 0.00 

 

  Childhood  0.00 0.00 0.00   0.00 0.00 0.00 

 

  Adulthood 0.00 0.00 0.00   0.00 0.00 0.00   

Density (n) Birth  0.00 -0.03 0.03   0.00 -0.03 0.03 

 

  Childhood  0.00 -0.03 0.03   0.01 -0.02 0.03 

 

  Adulthood -0.01 -0.03 0.01   -0.01 -0.03 0.02   

Model 1: Adjusted for age, sex, race, individual SES and parental SES  

Model 2: Model 1 + Neighborhood Socioeconomic status 

+ p<0.1 
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Supplemental Figure 1. Pathways through which access to green space may affect blood pressure and obesity 
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Supplemental Figure 2. Directed Acyclic Graph  
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Supplemental Figure 3. Flow Chart 
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Supplementary Table 1. Conditional Growth Models for Adjusted Associations of Access to Green Space and SBP using MICE 

Supplementary Table 1. Conditional Growth Models for Adjusted Associations of Access to Green Space and 
Systolic Blood Pressure (SBP) using Multiple Imputation with Chained Equations 

Greenspace 
Measure  

Time  
Model 1 

 
Model 2 

 

β  95% Confidence Limits  β  95% Confidence Limits  
Distance (mi)  Birth  1.07 -1.04 3.18   0.90 -1.22 3.01  

 Childhood  2.01 -0.89 4.91   2.37 -0.55 5.29  
 Adulthood 1.23 -0.21 2.66   1.26 -0.19 2.70  
Average Area (Ha) Birth  -0.02 -0.06 0.02   -0.02 -0.06 0.02  

 Childhood  0.00 0.00 0.00   0.00 0.00 0.00  
 Adulthood 0.00 -0.01 0.01   0.00 -0.01 0.01   

Density (n) Birth  -0.19 -0.32 -0.06 ** -0.18 -0.31 -0.04 ** 
 Childhood  -0.07 -0.22 0.09   0.12 -0.29 0.04  
 Adulthood -0.15 -0.28 -0.02 * -0.13 -0.27 0.00 ** 

Model 1: Adjusted for age, sex, race, individual SES and parental SES   

Model 2: Model 1 + Neighborhood Socioeconomic status 

* p<0.05, ** p<0.01          
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Supplementary Table 2. . Conditional Growth Models for Adjusted Associations of Access to Green Space and BMI using MICE 

Supplementary Table 2. Conditional Growth Models for Adjusted Associations of Access to Green Space and 
Body Mass Index (BMI) using Multiple Imputation with Chained Equations  

Greenspace 
Measure  

Time  
Model 1 

 
Model 2 

 

β  95% Confidence Limits  β  95% Confidence Limits  
Distance (mi)  Birth  -0.03 -0.38 0.32  -0.05 -0.40 0.30  

 Childhood  -0.08 -0.49 0.32  -0.38 -0.84 0.08  
 Adulthood 0.02 -0.19 0.24  0.02 -0.19 0.24  
Average Area (Ha) Birth  -0.01 -0.01 0.00  -0.01 -0.01 0.00  

 Childhood  0.00 0.00 0.00  0.00 0.00 0.00  
 Adulthood 0.00 0.00 0.00  0.00 0.00 0.00  

Density (n) Birth  0.01 -0.01 0.03  0.01 -0.01 0.03  
 Childhood  -0.01 -0.03 0.02  0.00 -0.02 0.03  

 Adulthood -0.01 -0.02 0.01  0.00 -0.02 0.02  
Model 1: Adjusted for age, sex, race, individual SES and parental SES   

Model 2: Model 1 + Neighborhood Socioeconomic status 
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Chapter 3: A demographic, clinical and behavioral typology of obesity in 

the United States: an analysis of NHANES 2011-2012 
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Abstract  
 

Purpose: Public health reporting, randomized trials and epidemiologic studies of obesity tend to 

consider it as a homogeneous entity. However, obesity may represent a heterogeneous condition 

according to demographic, clinical and behavioral factors. We assessed the heterogeneity of 

individuals with obesity in the United States.  

Methods: We analyzed data from the 2011-2012 wave of the National Health and Nutrition 

Examination Survey, a nationally representative sample of adults in the U.S. with detailed 

physical examination and clinical data (N=1 380). We used cluster analysis to identify sub-groups 

classified as obese according to demographic factors, clinical conditions and behavioral 

characteristics.  

Results: We found significant heterogeneity among participants with obesity according to 6 

distinct clusters (p<0.001): Affluent men with sleep disorders (16% of sample); Elderly smokers 

with CVD (16%); Older women with poor mental health (20%); Healthy White women (13%); 

Healthy Non-White women (14%); and Active men who drink higher amounts of alcohol (21%). 

Conclusions: Obesity in the U.S. is not a homogeneous condition. Current research and treatment 

may fail to account for complex and inter-related factors, with implications for prevention 

strategies and diverse risks of obesity. 

 

Keywords: Obesity; Body mass index; Cluster Analysis; Population Heterogeneity.  
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Introduction 

 

Obesity (body mass index - BMI ≥30 kg/m2) is a serious public health challenge and an important 

risk factor for chronic diseases such as arthritis, diabetes, hypertension (HTN), dyslipidemia, 

cardiovascular disease (CVD) and cancer [63]. The American Medical Association recently 

classified obesity as a disease [88]. However, a conceptualization of individuals with obesity as 

defined solely by BMI, may not reflect the true heterogeneity encountered in clinical practice 

[28]. A better understanding of the heterogeneity of individuals with obesity may help public 

health practitioners, researchers and policymakers to establish tailored and appropriate goals for 

obesity treatment, and better design interventions and clinical trials around prevention and 

treatment.  

There is an increasing recognition of obesity as a heterogeneous disease and the implications on 

chronic disease risk. For instance, the concept of the metabolically healthy obese suggests 

variability in cardiovascular disease risk factors and mortality risk beyond what is captured by 

BMI alone. Results from this type of research suggest that only obese and unfit individuals, but 

not obese and fit individuals, are at higher mortality risk than normal weight and fit individuals 

[28, 29]. One study of weight loss maintenance identified four clusters that differed in terms of 

demographic characteristics, weight and health history, as well as weight-loss and weight-

maintenance strategies and attitudes [89]. A recent study examined the existence of subgroups 

of individuals with obesity in the Yorkshire region of England and found six distinct groups 

according to demographic, health and behavioral factors [28]. Finally, recent studies also found  
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obesogenic cluster patterns in children and adolescents with mixed physicial activity/sedentary 

behaviors differing according to age, gender and socio-economic status [90, 91]. The importance 

of modifiable factors in obesity etiology such as physical activity, diet, smoking and alcohol 

consumption is undeniable. However, there is evidence to suggest that many individuals do not 

meet recommendations from health providers, with multiple obesity risk behaviors often 

occurring together [90]. The clustering of individuals with similar characteristics is a concept that 

has been applied to understanding the association among different health behaviors [90, 92, 93]. 

However, there has been no previous investigation of the population level existence of clusters 

of health behaviors, demographic characteristics and clinical factors among adults classified as 

obese in the United States (U.S.). We employ this explorative research method to better 

understand dissimilarities among adults with obesity. The objective of this study is to use data-

driven methodologies to discover and develop an understanding of the types of adult individuals 

classified as obese according to demographic, clinical and behavioral factors that have been 

demonstrated across a wide range of literature in multiple fields to be associated to and with 

obesity. To our knowledge, this is the first study to use the most comprehensive available dataset 

to look at heterogeneity in obesity at the population level in the U.S. using detailed clinical 

objective variables as well as self-reported characteristics.  

Data and Methods 
 

Participants 

We use data from the National Health and Nutrition Examination Survey (NHANES) from 2011-

2012. NHANES uses a stratified multistage sampling design to produce data representative of the 
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U.S. civilian noninstitutionalized population [94]. A detailed description of the methodology and 

procedures used in the survey has been previously published [95]. A unique feature of NHANES 

is the collection of objective physical examination data for each respondent in the sample, which 

is carried out in mobile examination centers for standardization purposes. The 2011-2012 wave 

of NHANES collected data on 9 756 individuals, and we restricted our analysis to the 2 081 (21% 

of full sample) who were classified as obese using World Health Organization cut-offs for BMI 

(i.e. ≥30 kg/m2). BMI values are calculated for NHANES participants using measured height and 

weight [96, 97]. The analyses presented in this report included adult participants >=20 years of 

age with obesity to ensure comparability to prior studies [25], giving a sample size of 1 873 (90% 

of participants classified as obese). Due to missing data in the covariates, the final analytical 

sample size was 1 380 (74% of intended sample, Supplementary Material).  

Measures 

The selection of the input variables was based on subject-matter knowledge and prior work 

focused on identifying types of individuals with obesity [28], to explore whether this approach is 

useful in the U.S. Specifically, we include: demographic indicators to assess the vulnerability of 

being obese among minority and low-socioeconomic-status groups. For example, we theorize  

that race/ethnicity plays a role in obesity typology through individual factors such as socio-

economic status, as well as community-level characteristics such as the accessibility to 

recreational facilities. Behavioral factors we also added to evaluate how health behaviors cluster 

across individuals diagnosed with obesity; and respiratory, heart, circulatory and mental health 

variables to study individuals with certain biological predispositions. Prevalence of chronic 

conditions examined included asthma, arthritis, congestive heart failure, coronary heart disease, 
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angina, heart attack, stroke, emphysema, cancer, pain score, anxiety score, diabetes, HTN, 

dyslipidemia, sleep disorder and depression score. Most chronic conditions were identified 

through self-report of previous diagnosis by a health care provider, except for dyslipidemia, HTN 

and diabetes, which were defined as either self-reported diagnosis or currently taking medication 

[98, 99]. Well-being measures included anxiety, depression and pain. Anxiety was assessed based 

on how many days did the participant report feeling anxious during the past 30 days. Depression 

was assessed through the Patient Health Questionnaire (PHQ-9), a nine-item screening 

instrument that asked questions about the frequency of symptoms of depression over the past 

2 weeks [100]. Pain was assessed by the question “During the past 30 days, for about how many 

days did pain make it hard for you to do your usual activities, such as self-care, work, or 

recreation?”. Sleep disorder was also included as potential comorbidity of obesity [101]. Finally, 

behavioral characteristics such as physical activity, diet, alcohol consumption and smoking were 

included. Physical activity was measured based on the Global Physical Activity Questionnaire as 

recommended by the World Health Organization (WHO), which incorporates person's overall 

energy expenditure in moderate activities and in vigorous activities, where a higher score 

indicates higher level of physical activity  [102]. Diet was measured according to the Healthy 

Eating Index (HEI) which has been validated using NHANES data and has been shown to strongly 

predict risk of chronic disease [103]. Alcohol consumption was split into 4 categories 

(nondrinkers, <1 drink per day, 1-2 drinks per day, and >2 drinks per day) [104]. Smoking was 

assessed by reporting having smoked >100 cigarettes in life [105]. A further detailed description 

of the variables used in this analysis is included in the Supplementary Material (SM).   
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We replicated the analysis in the prior wave of NHANES data from 2009-2010 to test for the 

robustness of our results. A detailed description of the replication analysis can be found in the 

SM (pp.7-10). 

Statistical Analysis  

Cluster analysis approaches have been useful in previous research at identifying groupings within 

data when there is no known structure to the data [28, 92, 93, 106]. The approach takes 

individual-level data and groups individuals based on their similarities across multiple factors (as 

well as dissimilarities to the other groups).  

Since our data contained a mixture of binary, categorical and continuous variables, conventional 

unsupervised classification methods were not applicable as they can only deal with a single data 

type within a model [106]. To account for these multiple data types, we used a two-step cluster 

analysis approach [107]. The approach first scans the entire data and merges cases that share 

similar values across their variables. The process reduces the data into a smaller set of ‘dense’ 

regions (known as ‘cluster features’) which reflect the main patterns. These cluster features are 

then used as the inputs to be clustered using an agglomerative hierarchical algorithm. The 

algorithm operates through first identifying the two most similar cluster features and joining 

them together into a single group. It then iteratively repeats this process until all cluster features 

or groups have been merged together into a single group. The different combination of groupings 

can then be evaluated to see which best describes the data. As the algorithm is only analysing 

the cluster features rather than the original data, it makes the algorithm efficient at processing 

large data sets.The log-likelihood is used to measure ‘distance’ (i.e. the similarity of variables) 
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between cases to account for the different data types [107]. Continuous variables were 

standardized using z-scores due to their differing scales [106].  

To determine the number of clusters, we calculated two measures: the Schwartz’s Bayesian 

Information Criterion (BIC) which is a measure of model fit, and the Silhouette measure which is 

a measure of cluster cohesion and separation. Figure 1 presents the change in BIC across a range 

of cluster solutions from 2 to 15. As the gradient of the change in BIC begins to level off at a 5 or 

6 cluster solution, the plot suggests that subsequent solutions offer less relative information 

while increasing the complexity in the number of clusters. From Figure 1, it is clear that a five or 

six cluster solution would be most appropriate. 

The silhouette measure (SM Figure S2) suggested similar findings. . We selected a six cluster 

solution since it marginally performed better and the additional cluster adds detail. We have 

included the results of the five cluster solution in the supplement (SM Table S1) as well as a 

comparison table between both solutions (SM Table S2).  

We used the dietary day one sample weights to ensure that our analyses remained nationally 

representative, as recommended by NHANES methodology [108]. As our analytical approach 

does not deal directly with sample weights, we propagated our data set to represent the sample 

weights, which altered our sample size from 9,756 to 2,239,682; with a sample of 560,928 cases 

defined as obese and with no missing data (further explanation of the use of sample weights in 

cluster analysis is provided in the SM page 6).  All analyses were conducted in SPSS v.22. 

Results 
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Table 1 presents the weighted sample characteristics of individuals who were obese . The 

analytical database consisted of 560,928 men and women aged 20 years and older who were 

obese and had complete data for all variables (more detailed information can be found in the 

data flow chart in the SM).  

Table 2 presents the results from the cluster analysis for the six cluster solution for the weighted 

sample, where cells in red represent values higher than the population mean, and cells in green 

represent values that are lower than the average within the same row. We performed statistical 

tests (ANOVA and Chi2 tests) on the characteristics of individuals in the clusters in both the 

propagated and original data (using sample weights), and the results demonstrated that the 

clusters were significantly different for each variable (Table 2).  

Mixed-sex cluster:  

“Elderly individuals who smoke with CVD ” (16.3% of the population with obesity). The cluster is 

characterized by the complex list of comorbidities with the highest prevalence of the heart-

related conditions, emphysema, diabetes and cancer. This cluster has the highest prevalence of 

smoking and the second lowest mean of HEI. 

Female-Dominant Clusters:  

The cluster “Older women with poor mental health” (20.4%) is characterized by the lowest score 

for physical activity but the highest mean HEI. Health conditions are clustered around pain, 

anxiety, depression, hypertension, stroke, asthma and arthritis. The mean age of the participants 

in this cluster is the second highest and the mean BMI is the highest, compared to other clusters. 
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The cluster “Healthy White Women” (12.9%) consists mostly of females (90.8%) and has the 

highest prevalence of Whites compared to other female-dominant clusters. This cluster is 

characterized by its low prevalence of health conditions compared to the other clusters 

(particularly heart and circulatory related conditions), healthy behaviors (non-drinkers) and has 

a high mean HEI.  

The cluster “Healthy Non-White Women” is the second smallest cluster (13.9%) and also consists 

mostly of  females (77.5%). The individuals in this cluster are mostly Non-White, and have the 

lowest income. This cluster is characterized by good cardiovascular and respiratory health The 

mean age of the participants in this cluster suggest that they are the youngest, compared to other 

clusters. 

Male-Dominant Clusters:  

The cluster “Affluent men with sleep disorder” (15.6%) has the highest income. The demographic 

profile of the cluster is mostly White and middle-aged. They have low levels of anxiety and 

depression, and the highest burden of sleep disorder. About two thirds (59.9%) of the individuals 

in this cluster reported smoking. The individuals in this cluster had the second lowest score for 

physical activity.  

Finally, “Active men who drink higher amounts of alcohol” (20.9%) has the highest prevalence of 

Mexican-Americans, low prevalence of all health conditions, low mean BMI, but highest 

prevalence of alcohol intake. The individuals in this cluster have the highest score for physical 

activity and the mean age suggest that they are the youngest, compared to other individuals in 

other clusters. It is important to note that the younger clusters also had the widest range of ages. 
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The replication analysis in the 2009-2010 wave of NHANES to establish the stability of clusters 

over time, also suggested that a six cluster solution was optimal (SM Table S3). The resulting 

clusters for the 2009-2010 wave shared similar patterns with our main results from 2011-2012. 

Most notably, the main health and behavioural clusters (i.e. a cluster of women with mental 

health disorders, a cluster of people who smoke with poor cardiovascular health, a cluster of men 

who drink high amounts of alcohol but are physically active, a cluster of affluent men and 2 

clusters of women in good health) suggesting stability of the underlying clusters within the 

population over time.  

Discussion 

 

Our findings suggest that obesity is not a homogeneous disease in the U.S. and that a BMI based 

definition of obesity may be limited. Our study shows that obesity patterns fall into six clusters: 

Affluent men with sleep disorder; Elderly individuals who smoke with CVD; Older women with 

poor mental health; Healthy White women; Healthy Non-White women; Active men who drink 

higher amounts of alcohol. The clusters were significantly different according to key demographic 

characteristics, clinical conditions, and behavioral factors. The clusters were replicated in the 

previous wave of NHANES data suggesting a stable underlying heterogeneity among people with 

obesity in the United States. These findings underscore the importance of the complex 

interaction of demographic, clinical and behavioral factors that intersect with obesity and are the 

first step towards future clinical trials to test specific tailored interventions. The relevance of our 

study is that public health reporting and epidemiologic studies on obesity may potentially benefit 
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from stratifying by subtypes or by assessing different risks across distinctive groups of people, 

which is not the current practice [109]. In particular, the significance of this type of research for 

public health is that identifying which behaviors need to be targeted simultaneously and in 

whom, will help to develop cost-effective targeted obesity prevention initiatives to those most 

in need. Since cluster analysis does not differentiate between dependent and independent 

variables, a full examination of interdependent relationships can be done simultaneously [89]. 

This unique methodology allowed us to include factors shown to be causes of obesity, as well as 

factors known to be consequences of obesity, and examine the full range of public health burdens 

related to obesity. 

Previous studies have shown that BMI does not differentiate between fat mass and lean muscle 

mass, or their distribution [110, 111]. However, less research has been done on the heterogeneity 

among those classified as obese and the consequences for morbidity and prevention. Our results 

demonstrate the marked heterogeneity of individuals classified as obese suggesting a critical 

need to account for demographic, clinical and behavioral variables in obesity research and 

obesity treatment guidelines. To our knowledge, this is the first analysis of obesity patterns 

including demographic clinical and behavioral factors in adults in the U.S. The differences found 

among the clusters are important to understand in order to best tailor effective future strategies 

in response to the high levels of obesity in the U.S. Moreover, the clusters highlight important 

differences that would not be captured by a univariate analysis (e.g. age) alone and show a more 

complex perspective on individuals classified as obese. For example, we hypothesize that the two 

clusters of  healthy women (Healthy White women and Healthy Non-White women) would likely 

benefit from health interventions for BMI reduction, since they could potentially have substantial 
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life-time benefits from reduction in BMI. However, it is possible that women in this cluster may 

have higher BMI because they have higher muscle mass, which is not differentiated from fat mass 

based alone on BMI. Similarly, it would be ideal to intervene on BMI reduction in the cluster of 

“Active men who drink higher amounts of alcohol”, but in addition, we believe that important 

behavioral risk factors such as alcohol intake and smoking should be targeted and may be a higher 

initial priority for intervention given their likely stronger association with mortality and morbidity 

[112-114]. In contrast, we hypothesize that although “Older women with poor mental health” 

would almost certainly benefit from BMI reduction, challenges with mental disorders and low 

levels of physical activity may represent crucial areas for intervention before addressing BMI 

reduction. Similarly, in “Elderly individuals who smoke with CVD” reducing BMI might be a likely 

distant goal compared to other more pressing medical issues. Furthermore, it is not even clear 

that individuals at an advanced age with high levels of comorbidities would receive tangible 

benefits by reducing BMI [115]. Even though the evaluation of strategies across the sub-groups 

with obesity was not possible using our observational dataset, earlier studies have suggested that 

weight-loss strategies may be better tailored according to specific characteristics of groups of 

individuals [89, 116]. This type of analysis provides a basis for upcoming studies to evaluate 

whether diverse strategies may be needed in the analysis of obesity.  

Our results also shed light on an important gap in the way that obesity interventions and obesity 

guidelines are developed. It is important to note that while our results do not offer direct 

evidence that different treatment options are required for each cluster, the heterogeneity in 

obesity revealed is an important step in beginning the discussion towards this important area. 

The variety among clusters revealed may indicate that current guidelines and clinical trials that 



78 
 

fail to consider complex and inter-related factors [117-119] would benefit from accounting for 

this heterogeneity.  

Some of the clusters we observed represent known associations of obesity with other diseases. 

For example, the clusters of “Elderly individuals who smoke with CVD” and “Affluent men with 

sleep disorder” support the well documented association of obesity with chronic diseases [120-

125].  The clustering of high BMI in “Older women with poor mental health” with high levels of 

pain, anxiety, depression, asthma and stroke reflects the association of obesity with depression 

[126], asthma [127] and the increase in women’s stroke prevalence [128]. However, in a cross-

sectional study, it is impossible to know the directional association between comorbidities, 

behavioral factors and obesity, with each likely re-enforcing and worsening the other – a 

phenomenon known as the “Runaway Weight-Gain Train”[129]. 

This analysis helps to better understand population level differences of individuals classified as 

obese in the U.S., and draws some similarities to recent analysis in the United Kingdom. Green et 

al. studied the clustering of obesity characteristics in the Yorkshire region of England and also 

found six clusters, among which were “Poorest health”, “Unhappy anxious middle aged”, 

“Younger healthy females”, “Heavy drinking males” [28]. These clusters are comparable to our 

“Elderly individuals who smoke with CVD”, “Older women with poor mental health”, “Healthy 

White women” or “Healthy Non-White women”, and “Active men who drink higher amounts of 

alcohol” respectively. The other two clusters found in England were “Physically sick but happy 

elderly” and “Affluent and healthy elderly” (Ibid). This strongly supports the presence of some 

degree of underlying generalizability to our observed obesity clusters given that Green’s data 

used a different list of comorbidities, demographic and mental health measures, and that 
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American and English populations have markedly different demographic and racial-ethnic 

composition. These differences may explain why the cluster of “Affluent men with sleep 

disorder” was found in the U.S. population but not England. In addition, our analysis uses data 

from a nationally representative population with objective physical examination data which 

allows us to extrapolate the results to the overall adult population classified as obese in the U.S., 

as opposed to restricting the interpretation of results based on self-reported data from 

participants in a region of a country.  

There are several limitations to our study. First, due to the nature of this approach we cannot 

test for the robustness of our findings [106]. However, the reproducibility of the clusters in the 

two most recent waves of complete data in NHANES, strengthen the stability of the clusters. 

Nevertheless, it is important for future research to explore whether these clusters can be 

replicated in other datasets. Second, the final decision of the number of clusters identified can 

often be subjective [106]. To account for this, we looked for concordance between two measures 

of solution quality, and evaluated two solutions with different numbers of clusters suggesting 

stable results. While some solutions produced marginally stronger solutions by these metrics, we 

opted to select a parsimonious solution since a large number of clusters could hinder model 

interpretability and may not represent much of a data reduction [106].Third, the lack of 

longitudinal data did not allow us to address whether there are differences in course for the 

clusters. Furthermore, we were not able to test the stability of cluster membership over time, 

and identify sociodemographic predictors of cluster membership and cluster transition over time 

[130]. Our team is currently working on an expansion of this study using long-term follow-up.  
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Finally, we did not have information on medications which may have led to weight gain, such as 

oral hypoglycemic or use of inflammation suppressing agents such as steroids.  

This study indicates that there was significant heterogeneity among adults with obesity in the 

U.S. according to demographic, clinical and behavioral factors. Our findings on the variability 

among individuals with obesity raise the important question of whether analyses and treatment 

on obesity, and potential policy approaches for obesity prevention need to account for this 

heterogeneity. These findings and their implications require testing in rigorous prospective 

studies.  
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Figure 1. Change in Schwartz’s Bayesian Information Criterion (BIC) across a range of cluster solution 
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Table 1. Sample Characteristics of Input Variables of the Analytical Sample NHANES 2011-2012 

Variables     
All individuals 
(n=2,239,682 ) 

Sample aged >=20 
and BMI >=30                 
(n= 560,928)       

Demographic  Age Mean Age 47.5 48.3 

  Sex Male (%) 48.0 46.7 

    Female (%) 52.0 53.3 

  Race Mexican American (%) 7.7 9.1 

    Other Hispanic (%) 6.6 6.5 

   Non-Hispanic White (%) 66.4 65.5 

    Non-Hispanic Black (%) 11.5 14.6 

    Non-Hispanic Asian (%) 5.2 1.3 

    Other Race (%) 2.6 3.0 

  Income <$20,000 (%) 17.7 18.9 

    $20,000 - $45,000 (%)  26.2 29.9 

    $45,000 - $75,000 (%)  20.3 20.5 

    $75,000+ (%)  35.7 30.7 

Health  Respiratory Asthma (%)  14.8 29.8 

    Emphysema (%) 2.1 2.3 

  Heart &  Angina  (%) 2.3 3.7 

  Circulatory  Congestive Heart Failure  (%) 2.8 4.2 

    Coronary Heart Disease  (%) 3.0 3.8 

    Dyslipdemia  (%) 35.7 41.4 

    Heart Attack  (%) 3.2 4.0 

    Hypertension  (%) 34.6 47.6 

    Stroke  (%) 2.9 3.2 

  Mental  Mean Anxiety  (days in month) 5.7 5.9 

  Health Mean Depression Score 3.0 3.5 

    Arthritis (%) 23.1 29.8 
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  Chronic  Cancer (%) 9.7 9.9 

  Diseases Diabetes (%) 21.9 28.8 

    Sleep Disorder (%) 9.1 14.6 

    Mean Pain (days in month) 3.3 4.0 

Behavioural 
Physical 
Activity  

Mean physical activity (MET) 
 3057.00 3181.84 

  Smoking  Smoked more than 100 cigs (%) 44.0 44.5 

 Alcohol Non-drinkers (%)  14.70 14.33 

  <1 drink per day (%)  29.14 28.83 

  1-2 drinks per day (%)  15.73 20.56 

  
  >2 drinks per day (%)  35.88 36.27 

Diet Mean Healthy Eating Index 52.50 52.55 

   Mean Body Mass Index 28.7 35.8 

 

 



Table 2. Mean Characteristics of the Clusters in the Weighted Sample NHANES 2011-2012  

Variables 

Cluster   

P-value 

Affluent 
men 
with 
sleep 

disorder 

Elderly  
smokers 
with CVD  

Older 
women 

poor 
mental 
health 

Healthy 
White 

women  

Healthy 
Non-

White 
women  

Active men 
who drink 

higher 
amounts of 

alcohol 

 
Sample Size (n) 87424 91611 114228 72656 77905 117104   

Sample Size (%) 15.6 16.3 20.4 13.0 13.9 20.9   

Mean Body Mass Index 34.5 34.7 37.8 36.2 36.0 34.9 <0.001 

Personal 

Age Mean Age 48.1 58.2 58.6 43.8 38.9 34.5 <0.001 

Sex 
Male (%) 74.8 68.5 23.0 9.2 22.5 75.3 

<0.001 
Female (%) 25.2 31.5 77.0 90.8 77.5 24.7 

Race 

Mexican American (%) 1.0 2.8 6.8 0.0 16.9 21.8 

<0.001 

Other Hispanic (%) 1.3 3.3 6.3 0.0 19.9 12.9 

Non-Hispanic White (%) 97.7 85.4 61.9 93.9 0.0 52.3 

Non-Hispanic Black (%) 0.1 7.7 20.6 0.0 57.6 8.7 

Other Race (%) 0.0 0.7 4.5 6.1 5.6 4.2 

Income 

<$20,000 (%) 0.0 8.7 22.1 4.9 27.5 27.3 

<0.001 
$20,000 - $45,000 (%) 0.0 7.1 36.7 20.2 18.0 34.8 

$45,000 - $75,000 (%) 7.4 27.6 22.7 25.5 19.8 31.9 

$75,000+ (%) 92.6 56.5 18.4 49.4 34.7 6.0 

Health 

Respiratory 
Asthma (%) 17.0 34.2 75.8 18.6 12.8 3.9 <0.001 

Emphysema (%) 0.0 4.4 2.5 3.3 0.0 0.3 0.003 

Heart & 
Circulatory 

Angina (%) 4.3 8.9 6.5 0.0 0.0 0.0 <0.001 

Congestive Heart Failure (%) 1.2 6.0 8.4 0.0 0.0 0.0 <0.001 

Coronary Heart Disease (%) 0.0 12.3 4.3 0.0 0.0 0.5 <0.001 

Diabetes (%) 2.0 36.6 27.1 1.2 5.6 3.7 <0.001 

Dyslipdemia (%) 27.1 94.8 64.0 3.6 17.5 7.6 <0.001 
  



 
85 

 

Variables 

Cluster   

P-value 

Affluent 
men 
with 
sleep 

disorder 

Elderly 
individuals 

who 
smoke 

with CVD  

Older 
women 

with 
poor 

mental 
health 

Healthy 
White 

women  

Healthy 
non-

White 
women  

Active 
men who 

drink 
higher 

amounts 
of alcohol 

Health 

Heart & 
Circulatory 

Heart Attack (%) 0.0 12.4 4.3 0.0 0.0 0.0 <0.001 

Hypertension (%) 33.2 82.8 84.7 12.0 23.1 15.3 <0.001 

Stroke (%) 0.0 0.4 8.5 4.0 0.3 0.9 <0.001 

Wellbeing 

Mean Pain (days in month) 1.2 2.0 11.4 1.4 0.9 2.8 <0.001 

Mean Anxiety  (days in month) 4.9 3.2 9.6 4.8 4.5 6.1 <0.001 

Mean Depression Score 2.5 1.8 6.2 2.1 3.3 3.5 <0.001 

Other 

Arthritis (%) 17.0 34.2 75.8 18.6 12.8 3.9 <0.001 

Cancer (%) 11.1 28.6 11.8 5.1 2.1 0.1 <0.001 

Sleep Disorder (%) 28.5 8.5 27.8 4.3 3.9 6.2 <0.001 

Behavioural 

Physical 
Acttivity 

Mean physical activity (MET) 
2140.3 2481.4 1466.2 3198.4 2426.0 6673.4 

<0.001 

Diet Mean Healthy Eating Score 53.0 52.7 53.6 53.5 53.0 50.1 0.002 

Smoking Smoked > than 100 cigs (%) 59.9 65.0 38.7 0.0 17.1 58.0 <0.001 

Alcohol 

Non-drinkers (%) 0.0 1.8 24.6 28.2 28.4 6.9 

<0.001 
<1 drink per day (%) 24.0 32.6 48.2 33.3 25.9 9.7 

1-2 drinks per day (%) 36.9 22.0 12.1 24.5 30.1 6.7 

>2 drinks per day (%) 39.1 43.5 15.1 14.0 15.6 76.7 

 Red cells represent values higher than the population mean & green cells values lower than the average, within a single row. Color 

intensity indicates being further from the mean (up or down). Please note that MET score and the healthy eating index were reverse 

color-coded to match the interpretation of the rest of the characteristics
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Supplementary Material  
 

 

Supplemental Figure S1. Missing Data Flow Chart 

We propagated our data set to represent the MEC sample weights and ensure that our analyses 

remained nationally representative, which altered our final sample size from1,380 to 560,928.   

  

9,756 •Original 
sample

2,081

(21.33%)

•21.3% of the 
original sample 
had a BMI ≥ 30

1,873

(90%)

•90% of obese 
participatns 
were ≥ 20 
years of age

1,380 (74%)

•74% of obese 
participants 
older than 20 
years of age had 
complete data
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Variables Included in Analysis  

Demographic characteristics included were age, sex, race and education level. Race was 

categorized as: White, Black, Mexican-American, other Latinos, and other. Annual household 

income was collapsed into roughly four evenly sized categories; $0-$20 000, $20 000-$45 000, 

$45 000-75 000 and $75 000+. Laboratory data was not included to define dyslipidemia, 

hypertension and diabetes since laboratory data in NHANES are only available among a sub-set 

of individuals which significantly reduces our analytic sample (to 49%). The depression score is 

based on the sum of the points in each item ranging from 0 to 27. Presence of a sleep disorder (yes 

vs no) was defined as an affirmative response to questions asking whether their doctor had ever 

told them they had sleep disorder [131, 132]. 

 

 
Supplemental Figure 2. Silhouette Measure across a range of cluster solutions  

 

Figure S2 shows a higher value representing greater cohesion within clusters, as well as greater 

separation between the clusters. Whilst a two cluster solution scores the highest, this reflects a 

regression to the mean due to the small number of clusters [133]. There is a consistent decline in 

the silhouette measure with increasing clusters. A six cluster solution suggest a cessation in the 

decline, while a seven cluster solution presents an increase in the measure contrary to this trend. 
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Supplemental Table S1. 5-Cluster Solution in the 2011-2012 NHANES  

Variables 

Clusters   

Affluent 
men with 

sleep 
disorder 

Elderly 
smokers 
with CVD 

Older 
women 

with poor 
mental 
health 

Healthy 
women 

Active 
men who 

drink 
higher 

amounts 
of alcohol 

P-value 

 

Sample Size (n) 88581 92655 119581 134547 125564  

Sample Size (%) 15.8 16.5 21.3 24.0 22.4  

Mean Body Mass Index 34.3 34.7 37.8 35.9 35.2 <0.001 

Personal 

Age Mean Age 47.8 58.1 58.7 41.7 33.7 <0.001 

Sex 
Male (%) 75.1 68.6 22.6 11.9 74.8 

<0.001 
Female (%) 24.9 31.4 77.4 88.1 25.2 

Race 

Mexican American (%) 1.2 2.8 6.8 7.9 21.8 

<0.001 

Other Hispanic (%) 1.3 3.2 6.0 9.3 14.4 

Non-Hispanic White (%) 97.5 84.5 61.5 48.8 47.9 

Non-Hispanic Black (%) 0.1 8.8 21.3 28.6 10.8 

Other Race (%) 0.0 0.7 4.4 5.4 5.0 

Income 

<$20,000 (%) 0.0 7.3 31.7 17.0 44.2 

<0.001 
$20,000 - $45,000 (%) 0.0 7.2 30.9 11.6 13.2 

$45,000 - $75,000 (%) 6.4 28.3 20.5 25.7 35.2 

$75,000+ (%) 93.6 57.2 16.9 45.6 7.4 

Health 

Respiratory 
Asthma (%) 15.4 34.0 75.6 15.1 4.0 <0.001 

Emphysema (%) 0.0 4.3 2.4 1.8 0.3 0.003 

Heart & 
Circulatory 

Angina (%) 4.2 8.8 6.2 0.0 0.0 <0.001 

Congestive Heart Failure (%) 1.2 6.0 8.0 0.0 0.0 <0.001 

Coronary Heart Disease (%) 0.0 12.2 4.1 0.0 0.4 <0.001 

Diabetes (%) 2.0 36.3 26.1 3.1 4.1 <0.001 

Dyslipdemia (%) 25.5 94.7 61.9 10.8 7.7 <0.001 
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Supplemental Table S1. 5-Cluster Solution in the 2011-2012 NHANES (Continued) 

Variables 

Clusters   

Affluent 
men with 

sleep 
disorder 

Elderly 
smokers 
with CVD 

Older 
women 

with 
poor 

mental 
health 

Healthy 
women 

Active 
men who 

drink 
higher 

amounts 
of 

alcohol 

P-value 

Health 

Heart & 
Circulatory 

Heart Attack (%) 0.0 12.2 4.1 0.0 0.0 <0.001 

Hypertension (%) 32.8 82.3 83.4 15.8 15.9 <0.001 

Stroke (%) 0.0 0.4 8.1 2.3 0.8 <0.001 

Wellbeing 

Mean Pain (days in month) 1.2 2.0 11.1 1.1 2.7 <0.001 

Mean Anxiety  (days in month) 4.8 3.1 9.4 5.0 5.7 <0.001 

Mean Depression Score 2.4 1.8 6.0 2.8 3.4 <0.001 

Other 

Arthritis (%) 15.4 34.0 75.6 15.1 4.0 <0.001 

Cancer (%) 12.9 28.3 11.6 2.5 0.0 <0.001 

Sleep Disorder (%) 28.6 8.4 27.1 3.8 5.8 <0.001 

Behavioural 

Physical 
Acttivity 

Mean physical activity (MET) 2258.6 2475.1 1502.0 2451.1 6737.4 0.002 

Diet Mean Healthy Eating Score 52.8 52.8 53.4 53.4 50.4 <0.001 

Smoking Smoked more than 100 cigs (%) 58.1 65.0 38.0 9.8 53.3 <0.001 

Alcohol 

Non-drinkers (%) 0.0 1.8 25.4 30.0 6.3 

<0.001 
<1 drink per day (%) 25.2 32.7 47.2 30.9 8.8 

1-2 drinks per day (%) 36.2 22.5 12.9 27.9 7.5 

>2 drinks per day (%) 38.6 43.0 14.4 11.2 77.3 
Cells in red represent values higher than the population mean, while cells in green represent values that are lower than the average within each row. Higher color 

intensity symbolizes values being further away from the mean (either up or down). Please not that the MET score and the healthy eating index were reverse 

color-coded to match the interpretation of the rest of the characteristics. 
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Supplemental Table S2. Distribution Comparison Between the 5-Cluster Solution and the 6-Cluster Solution 

  

  5 cluster solution 
Total 

  1 2 3 4 5 

 

Affluent 
men with 

sleep 
disorder 

Elderly 
smokers 
with CVD 

Older 
women with 
poor mental 

health 

Healthy 
women 

Active men 
who drink 

higher 
amounts of 

alcohol 

 

6
 c

lu
st

er
 s

o
lu

ti
o

n
 

1 
Affluent men with sleep 
disorder 

n 85,311 0 0 2113 0 87,424 

Row %  97.6 0 0 2.4 0   

2 Elderly smokers with CVD  
n 0 91,611 0 0 0 91,611 

Row %  0 100 0 0 0   

3 
Older women with poor 
mental health  

n 0 0 114,228 0 0 114,228 

Row %  0 0 100 0 0   

4 Healthy White women  
n 3,084 0 2,781 62,238 4,553 72,656 

Row %  4.2 0 3.8 85.7 6.3   

5 
Healthy Non-White 
women  

n 186 1,044 2,572 64,495 9,608 77,905 

Row %  0.2 1.3 3.3 82.8 12.3   

6 
Active men who drink 
higher amounts of 
alcohol  

n 0 0 0 5,701 111,403 117,104 

Row %  0 0 0 4.9 95.1   

  Total   88,581 92,655 119,581 134,547 125,564 560,928 

 

Table S2 suggests that both 5 and 6 cluster solutions coincide in classifying more than 95% of the observations for clusters 1 (97.6%), 

2 (100%), 3 (100%) and 6 (95.1%). Cluster 4 in the 5-cluster solution (Healthy women) is further divided in the 6-cluster solution into 

cluster 4 and cluster 5 providing more diversity according to race and income.  
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Use of Sample Weights in Cluster Analysis  

 

Cluster analysis does not deal directly with sample weights, thus we propagated our data set to 

represent the sample weights. Propagating the data refers to weighting the data manually, as a 

cluster analysis procedure does not automatically take into account weights. It requires ‘growing’ 

out the data set by replicating individuals from the sample based on the sample weights. NHANES 

examination sample weights to ensure that our analyses remained nationally representative, as 

recommended by NHANES methodology[108]. The approach is essentially how sample weights 

are interpreted by statistical models. We truncated the weights to minimize the sample size so that 

the model would fit, whilst also being large enough to remain representative. 

The propagation of the data orders the data by individuals (i.e. it would manually create n 

individuals corresponding to the weighting value of the first record, then do the same for the next 

individual, and so on). Therefore we randomized the data to scatter the observations randomly.  
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Replication Analysis of the Existence of Clusters in the 2009-2010 Wave of NHANES 

 

To check for stability of clusters over time, we replicated the analysis using the previous wave of 

NHANES data (2009-2010) and compared results against the current wave of data. The 2009-2010 

data contained all the same variables apart from the race variable where ‘non-hispanic Asian’ 

category was not captured seperately. Cluster weights were applied and the data were propagated 

similarly to the main solution (n = 605 793). 

 

 

Supplemental Figure S3. Change in Schwartz’s Bayesian Information Criterion Across a Range of Cluster Solutions 

The Schwartz’s Bayesian Information Criterion (BIC) for the same range of model solutions as in 

our main results were calculated to determine the number of clusters. Figure S3 presents the change 

in the BIC by each solution. There are clear leveling off in changes in BIC at cluster solutions five, 

six and sevensuggesting that either may be appropriate (although the seven does not result in a 

large improvement). Calculating the silhouette measure for each solution shows that a six-cluster 

performs the best on the measure. Since the six-cluster solution is the most parsimonious and other 

solutions do not appear to add more information it was selected as the most appropriate solution 

for the 2009-2010 data. 
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Table S3 presents the results of a five cluster solution. In comparison to the results presented in 

Table 2, we can see broad similarities in the clusters found in 2009-2010 compared to 2011-2012. 

We have given somewhat analogous names to the clusters in the main solution to reflect their 

similarities. The main difference between the clusters appears to be minor, and predominantly in 

the distribution of the gender and race variable, with the health and health-related behaviours 

remaining fairly consistent. 

Female-dominant clusters: The cluster ‘Women with poor mental health’ have low levels of 

income and the lowest proportion of individuals who are non-Hispanic White. They have the 

lowest score for healthy eating, the highest mean BMI, and have high prevalence of some health 

conditions particularly anxiety and depression in comparison to the other clusters. ‘Healthy White 

women’ are the second eldest cluster and are primarily non-Hispanic White and of median income 

levels. They have high prevalence of a dyslipidemia, hypertension, arthritis and cancer. The 

women in this cluster have the lowest levels of physical activity but the highest healthy eating 

score. ‘Young healthy women’ are the largest cluster and are characterized by low prevalence of 

most health conditions, as well as higher proportions of Mexican Americans, non-Hispanic Blacks 

and other race. 

Male-dominant clusters: The cluster ‘Elderly smokers with CVD’ are older than most other 

clusters, are primarily non-Hispanic White, have above average smoking, and the highest 

concentration of health and circulatory conditions. ‘Active men who drink higher amounts of 

alcohol’ are the second youngest cluster, they have low prevalence of most health conditions and 

have the highest score for physical activity, but have the highest level of alcohol consumption. 

‘Affluent men’ has the highest income. The demographic profile of the cluster is mostly White 

and middle-aged. They have the lowest score for depression, and the highest healthy eating index. 

Slightly more than a third (37.7%) of the individuals in this cluster reported smoking. The 

individuals in this cluster had the second lowest score for physical activity and the lowest mean 

BMI. 
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Supplemental Table S3. Mean cluster characteristics of a six cluster solution using the 2009-2010 NHANES 

Variables 

Cluster   

Total 

Women 
with 
poor 

mental 
health  

Elderly 
smokers 

with 
CVD 

Young 
healthy 
women  

Affluent 
men 

Healthy 
White 

women  

Active 
Men who 

drink 
higher 

amounts 
of alcohol  

  

Sample Size (n) 84731 74786 132688 107710 104703 101175 605793 

Sample Size (%) 14.0 12.3 21.9 17.8 17.3 16.7   

Mean Body Mass Index 38.0 35.5 36.5 33.7 36.0 35.3 35.8 

Personal 

Age Mean Age 49.2 63.6 37.3 43.7 62.1 38.6 47.8 

Sex 
Male (%) 25.7 84.5 0.0 100.0 0.2 99.4 48.4 

Female (%) 74.3 15.5 100.0 0.0 99.8 0.6 51.6 

Race 

Mexican American (%) 11.2 1.8 13.2 3.9 3.1 20.1 9.3 

Other Hispanic (%) 10.9 1.3 5.9 3.6 1.0 4.0 4.5 

Non-Hispanic White (%) 44.1 86.4 53.8 82.8 86.3 57.3 67.8 

Non-Hispanic Black (%) 30.2 8.0 21.5 7.2 9.1 14.0 15.1 

Other Race (%) 3.6 2.5 5.5 2.5 0.5 4.6 3.3 

Income 

<$20,000 (%) 32.3 4.8 22.8 0.0 4.3 20.6 14.3 

$20,000 - $45,000 (%) 31.0 12.3 22.0 0.0 12.5 33.0 18.3 

$45,000 - $75,000 (%) 21.9 36.6 22.1 0.0 37.1 46.2 26.6 

$75,000+ (%) 14.8 46.4 33.0 100.0 46.1 0.2 40.8 

Health 

Respiratory 
Asthma (%) 62.6 56.7 4.2 17.9 55.8 8.5 30.9 

Emphysema (%) 3.4 5.1 0.0 0.0 0.0 0.0 1.1 

Heart & 
Circulatory 

Angina (%) 5.2 13.7 0.0 0.0 0.7 0.2 2.6 

Congestive Heart Failure (%) 6.2 17.0 0.1 0.0 0.0 0.0 3.0 

Coronary Heart Disease (%) 1.5 31.6 0.0 0.0 0.0 0.0 4.1 

Diabetes (%) 27.0 47.0 1.3 1.4 16.4 2.1 13.3 

Dyslipdemia (%) 55.8 71.2 9.6 20.9 49.6 14.3 33.4 
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Supplemental Table S3. Mean cluster characteristics of a six cluster solution using the 2009-2010 NHANES (Continued) 

Variables 

Cluster   

Total 
Women 

with poor 
mental 
health  

Elderly 
smokers 

with 
CVD 

Young 
healthy 
women  

Affluent 
men 

Healthy 
White 

women  

Active 
Men 
who 
drink 

higher 
amounts 

of 
alcohol  

Health  

Heart & 
Circulatory  

Heart Attack (%) 5.1 26.9 0.0 0.0 0.0 0.0 4.0 

Hypertension (%) 70.7 81.4 9.0 29.2 68.5 24.3 43.0 

Stroke (%) 8.2 9.9 0.0 0.5 0.7 0.3 2.6 

Wellbeing 

Mean Pain (days in month) 12.4 6.6 2.2 3.0 3.9 2.5 4.7 

Mean Anxiety  (days in month) 17.9 4.3 8.2 5.6 3.6 4.8 7.3 

Mean Depression Score 9.1 2.6 3.5 2.1 2.3 2.6 3.6 

Other 

Arthritis (%) 62.6 56.7 4.2 17.9 55.8 8.5 30.9 

Cancer (%) 8.8 24.5 1.8 4.8 23.5 2.8 10.0 

Sleep Disorder (%) 29.6 27.3 3.0 8.5 13.0 3.7 12.5 

Behavioural 

Physical 
Acttivity 

Mean physical activity (MET) 2850.4 1971.0 2019.5 4372.7 1081.0 6443.3 3124.8 

Diet Mean Healthy Eating Score 49.6 52.8 52.7 51.0 57.4 50.5 52.4 

Smoking Smoked more than 100 cigs (%) 57.0 67.0 36.0 37.7 26.9 35.0 41.3 

Alcohol 

Non-drinkers (%) 13.1 5.6 14.5 2.4 23.1 8.1 11.5 

<1 drink per day (%) 39.0 49.2 26.3 24.3 55.7 21.9 34.9 

1-2 drinks per day (%) 20.9 27.0 23.2 25.2 20.3 13.5 21.6 

>2 drinks per day (%) 26.9 18.2 36.0 48.1 0.9 56.5 32.1 
Cells in red represent values higher than the population mean, while cells in green represent values that are lower than the average within each row. Higher color 

intensity symbolizes values being further away from the mean (either up or down). Please not that the MET score and the healthy eating index were reverse 

color-coded to match the interpretation of the rest of the characteristics. 



Conclusions 
 

This dissertation examined the heterogeneity of cardiometabolic health at the individual level 

and at the contextual level. Individuals classified as obese were found to be significantly different 

based on demographic characteristics, behavioral patterns and clinical conditions. The individual 

heterogeneity of obesity found provides a basis for future studies to evaluate whether different 

strategies may be needed in the clinical management of obesity. The life-course analysis of 

cardio-metabolic health suggested that exposures at the contextual level during early childhood 

were associated with a decrease of blood pressure in adulthood. In addition, the higher 

proportion of variability of blood pressure explained by the contextual level at the earliest years 

of life suggests intervention time periods that may be more effective to reduce cardiometabolic 

risk.  

In Chapter 1, “Longitudinal associations of life-course NSES with BP and BMI”, results of the 

critical period model suggested that higher NSES at birth was associated with a decrease of 2.68 

mmHg of SBP and of 1.59 mmHg of DBP in adulthood. In addition, higher NSES at adulthood was 

associated with a decrease of 1.1 kg/𝑚2 of BMI in adulthood, controlling for confounders. 

However, results of the accumulation of risk model were not statistically significant for BP or BMI. 

In Chapter 2, “Longitudinal associations between neighborhood access to green space in different 

periods in life, and blood pressure and body mass index”, we found that living one mile farther 

from a green space at childhood was associated with an increase in growth rate of SBP of 3.5 

mmHg. Additionally, having one more green space at birth was associated with a decrease in 

growth rate of SBP of -0.2 mmHg. Results of the association between access to green space and 
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BMI across the life-course were not statistically significant. Results from the first 2 chapters of 

this dissertation provide evidence that during critical periods of susceptibility in life, greater 

access to neighborhood green space and higher NSES may slow the development of CVD in 

middle-aged adults. 

In chapter 3 “A demographic, clinical, and behavioral typology of obesity in the United States: an 

analysis of NHANES 2011-2012”, we found 6 different clusters of individuals classified as obese, 

suggesting that obesity is not a homogeneous disease in the U.S. These findings were replicated 

in the prior wave indicating that the heterogeneity among obese clusters was constant across 

time. The clusters help to identify which behaviors need to be targeted simultaneously and in 

whom. Furthermore, results show that subgroups of individuals classified as obese may benefit 

from tailored obesity treatment strategies and guidelines for clinical practice. 

The understanding of the time of exposure at which neighborhood social and physical context 

impacts the development of cardio-metabolic disease is limited. However, our findings suggest 

that neighborhood social context at birth and neighborhood physical context at childhood may 

be crucial sensitive periods. Further investigation is needed to fully elucidate these findings. In 

particular, future studies should conduct a formal mediation analysis to estimate the underlying 

mechanisms of neighborhood on cardio-metabolic health. Additionally, future studies should 

collect information on frequency of use of neighborhood resources. Information on amount of 

time spent at home, as well as work geographic locations at adulthood or school locations at 

childhood are also important to correctly classify participants’ full exposure. In conclusion, this 

work suggests that to understand cardiometabolic risk, it is necessary to examine heterogeneity 
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at 2 levels: individual and contextual. Distinctive groups of individuals diagnosed with obesity and 

deprived neighborhoods might be at higher cardiometabolic risk and should be prioritized for 

public health assistance. Neighborhood factors are a ubiquitous exposure and improving access 

at sensitive periods in the life-course would greatly reduce cardio-metabolic risk. 
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Supplemental Material 

 

Supplemental Figure 1.1: Participants Addresses  
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Supplemental Figure 2.1: Buffer Areas 
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