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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.
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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 (1). The American Medical Association recently classified obesity as a disease (2). However, a conceptualization of individuals with obesity as defined solely by BMI, may not reflect the true heterogeneity encountered in clinical practice (3). 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 (3, 4). 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 (5). 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 (3). Finally, recent studies also found  obesogenic cluster patterns in children and adolescents with mixed physicial activity/sedentary behaviors differing according to age, gender and socio-economic status (6, 7). 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 (6). The clustering of individuals with similar characteristics is a concept that has been applied to understanding the association among different health behaviors (6, 8, 9). 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. 
SUBJECTS 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 U.S. civilian noninstitutionalized population (10). A detailed description of the methodology and procedures used in the survey has been previously published (11). 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 (12, 13). The analyses presented in this report included adult participants >=20 years of age with obesity to ensure comparability to prior studies (14), 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 (3), 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, 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 (15, 16). 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 (17). 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 (18). 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  (19). 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 (20). Alcohol consumption was split into 4 categories (nondrinkers, <1 drink per day, 1-2 drinks per day, and >2 drinks per day) (21). Smoking was assessed by reporting having smoked >100 cigarettes in life (22). A further detailed description of the variables used in this analysis is included in the Supplementary Material (SM).  
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 (3, 8, 9, 23). 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 (23). To account for these multiple data types, we used a two-step cluster analysis approach (24). 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) between cases to account for the different data types (24). Continuous variables were standardized using z-scores due to their differing scales (23). 
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.
 
Figure 1: Change in Schwartz’s Bayesian Information Criterion (BIC) across a range of cluster solutions.

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 (25). 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
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). 
	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

	 
	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 1. Sample Characteristics of Input Variables of the Analytical Sample NHANES 2011-2012
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.
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.
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. 

	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


Table 2. Mean Characteristics of the Clusters in the Weighted Sample NHANES 2011-2012.


	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
	


Table 2. Mean Characteristics of the Clusters in the Weighted Sample NHANES 2011-2012 (Continued).

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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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 from stratifying by subtypes or by assessing different risks across distinctive groups of people, which is not the current practice (26). 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 (5). 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 (27, 28). 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 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 (29-31). 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 (32). 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 (5, 33). 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 fail to consider complex and inter-related factors (34-36) 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 (37-42).  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 (43), asthma (44) and the increase in women’s stroke prevalence (45). 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”(46).
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” (3). 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 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 (23). 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 (23). 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 (23).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 (47). Our team is currently working on an expansion of this study using long-term follow-up.  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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