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4. Rationale:  
 

Obesity is an enormous public health problem1 with suboptimal therapies and preventive 
measures. Over 30% of adults in the United States are currently obese2-4, with huge implications 
for future obesity-related health costs, morbidity and mortality2,5-7. The accompanying increase 
in diabetes is especially alarming; like obesity itself, the impact is greater for underrepresented 
minorities8-10. Diet and lifestyle changes have only modest long-term efficacy. Pharmacologic 
therapies can enhance lifestyle modifications, but have side effects and only moderate efficacy11-

14. Bariatric surgery, while effective, carries risk and is reserved for the most severe cases12,15,16. 
Thus, in parallel with continued public health efforts, there is a clear unmet need for new, 
effective therapies and interventions for the vast majority of the obese and overweight 
population17.  

Despite initial successes, there remains an urgent need for additional genetic studies of 
obesity to identify relevant biology. GWAS have been performed for different measures of 
obesity, including BMI, WHR, and fat mass18-38; many of these were carried out by the GIANT 
consortium and with leadership by our team18-23,33-38. We have identified >200 loci that have 
begun to point to relevant biology. Our initial studies showed that many BMI loci contain genes 
expressed in the brain; more recently, we used DEPICT to highlight gene sets related to synaptic 
plasticity and neurotransmitter release22,33. Studies of WHR point to genes expressed in fat cells 
and to insulin action34. However, at many loci there is no connection to relevant gene sets, nor is 
the delineation of enriched biological pathways yet sharp enough to identify candidate genes 
with certainty. There are clearly enough biological connections across loci to know we are 
headed in the right direction. But, to generate relevant therapeutic hypotheses for obesity, we 
need both larger studies to expand on initial successes, and complementary approaches to attain 
additional biological insights. 

Height is a classical model polygenic trait that has enabled the development, testing, and 
refinement of genetic methods. We study adult height to gain insights into normal and 
abnormal skeletal growth, and also to better understand how to decipher the genetic architecture 
of polygenic traits. Height has been a model trait since the dawn of genetics: it was used by 
Galton to coin the term “regression” and by Fisher to describe the concept of a polygenic 
trait39,40. More recently, genetic results for height (including our data) have been used to develop 
many methods, including better estimators of heritability41-45, and to show that confounding by 
ancestry is an important consideration45,46. Because height is highly heritable and easily 
measured, GWAS of height have found more associated loci than studies of any other polygenic 
trait. Furthermore, much of the relevant biology is defined by >200 monogenic disorders of 
abnormal skeletal growth, and aligns well with results of GWAS47,48. This known biology 
provides an invaluable positive control for methods designed to move from genetic association to 
biological insight. Thus, genetic data for height remain highly valued by leaders in development 
of statistical genetic and computational methods. 

Samples for GWAS. In total, we have already generated or received association results from 
>636,000 samples from 198 cohorts, imputed to Phase 1 of 1000 Genomes. We have agreements 
from many additional collaborators (N~800,000). We will incorporate data from the UK Biobank 
(N~500,000), for which we have access and approval to perform anthropometric analyses. We 
have a long track record of attracting new collaborators, so we expect the sample size to continue 
to grow beyond the currently committed ~1.6 million samples from five major ethnic/ancestry 



groups (European ancestry, largely African ancestry, East Asian ancestry, South Asian ancestry, 
and Hispanic ethnicity). For example, the Million Veterans Program (N ~400,000) is committed 
to working with us during the timeframe of this proposal. Thus, we are confident that the meta-
analysis of deeply imputed genotypes will encompass at least 2 million samples from multiple 
ancestry groups. This sample size, which is several times larger than any completed GWAS, will 
dramatically improve power for genetic discovery. 

Reference panels for imputation. Imputation panels have been consistently improving along 
several axes: sample size (allowing imputation to lower allele frequencies), representation of 
multiple ancestries (allowing accurate imputation in more diverse samples) and inclusion of 
more types of variation (such as indels). Because of the constant improvement, there is a 
temptation to wait for the next and better panel; indeed, the GIANT consortium have decided not 
to publish a meta-analysis of currently available data imputed to Phase 1 of the 1000 Genomes49, 
given the current availability of the HRC panel (30 times as large50) and Phase 3 of the 1000 
Genomes (more diverse, and containing indels). In theory, we could continue to delay and wait 
for newer panels (such as those that will emerge from studies such as TOPMed). After 
discussion, we decided to proceed with the plan described in this proposal: impute all samples to 
Phase 3 of 1000 Genomes51 (to provide a uniform framework with indels and allow inclusion of 
non-European ancestry samples) and impute European-ancestry samples to HRC (to access 
variants with lower allele frequencies). We will likely reimpute to larger, more diverse and more 
comprehensive panels at a later date. The existence of imputation servers, such as the one at the 
University of Michigan, should enable most groups to reimpute. Where necessary, we also can 
use methods52-54 (some of which we helped develop) that estimate the results of association 
studies from more deeply imputed genotypes by combining LD relationships with the summary 
statistics from results imputed to a prior reference panel.  

Infrastructure for imputation. An imputation server (https://imputationserver.sph.umich.edu) 
has been developed by the Michigan team that enables imputation from genotypes (typically 
VCF files) to several reference panels. For this proposal, the relevant panels are HRC version 
r1.1 and 1000 Genomes Phase 3, but the server will continue to be updated to allow future 
reimputation. In addition to providing free (to the user) imputation with standardized versions of 
the reference panels, the server automatically performs basic checks (SNP names and alleles, 
minor allele frequencies).  If needed, the server also will perform prephasing using Eagle55 
(which uses reference panel haplotypes to improve phasing).  

 
5. Main Hypothesis/Study Questions: 
 

To conduct genome-wide association analyses of adiposity traits (BMI, WHR, and height) using 
the ARIC data to participate in the GIANT Consortium. 

 
6. Design and analysis (study design, inclusion/exclusion, outcome and other variables of 
interest with specific reference to the time of their collection, summary of data analysis, 
and any anticipated methodologic limitations or challenges if present). 
Anthropometric phenotypes. In our analysis plans, we ask for analyses of height, body mass 
index (BMI, weight/height2), and WHR (the ratio of waist to hip circumference). WHR is 
analyzed both adjusted for BMI and unadjusted to test for collider bias56. Individuals <18 yrs 
(not fully grown) and pregnant women are excluded. After correction for covariates (sex, age, 



age2, and study specific covariates such as recruitment center), phenotypes are inverse normal 
transformed to eliminate artifacts from outliers, especially key for rare variants.   

Association analysis and meta-analysis for individual variants. There are a large number of 
association methods for studying individual variants. Because the deeper imputation panels will 
enable us to assay variants with a lower range of allele frequencies, we will ask cohorts to use a 
method that will also enable us to study combinations of variants (for example, gene-based tests 
of coding variants; see Aims 2 and 3 for more details). We currently ask analysts to use rvtests57 
(version 20151007), which allows us to perform meta-analysis of individual and aggregated sets 
of variants using RAREMETAL58. Analysts will provide both summary association statistics for 
each variant and also a large covariance matrix that captures study-specific LD relationships 
within windows spanning 500kb on either side of each variant. 

Approach to accounting for ancestry within and across studies. Our previous work largely 
used principal components (PCs) of ancestry as covariates to account for population substructure 
(stratification46,59). This worked fairly well, resulting in only a small amount of inflation 
attributable to stratification for height45,47,60,61. Mixed model approaches (such as implemented in 
EMMAX61 or BOLT-LMM62) are slightly more effective than PCs, especially in the setting of 
rare variation. Moving forward, we will request that analysts use a mixed model approach 
(implemented in rvtests through creation of a genetic relatedness matrix). We continue to 
monitor new developments in meta-analysis, including approaches that group studies by ancestry 
during analysis and facilitate identification and interpretation of signals that vary in intensity 
across ancestries (either because of allele frequency differences or because of other sources of 
heterogeneity), such as MANTRA63. 

Fine mapping signals of association from analyses of individual variants. Another advantage 
of requesting covariance matrices is that we will be able to use these in combination with 
summary association statistics to perform conditional analysis and identify which variant(s) 
might be driving association signals in any given locus. We will also use fine-mapping methods 
to generate credible sets of variants (one method that performs well in certain scenarios is 
CAVIAR-BF64; we will keep abreast of this rapidly moving literature). 

Aggregate variants within genes and noncoding regions. We will perform the aggregate tests 
of rare and low frequency (RLF) variants that will be enabled by having requested variant 
covariance matrices, for RLF nonsynonymous and noncoding variants. 
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