UC San Diego
UC San Diego Previously Published Works

Title

Genome-Wide Association Study in 3,173 Outbred Rats Identifies Multiple Loci for Body Weight, Adiposity, and Fasting
Glucose

Permalink

https://escholarship.org/uc/item/7wn7453K

Journal
Obesity, 28(10)

ISSN
1930-7381

Authors

Chitre, Apurva S
Polesskaya, Oksana
Holl, Katie

Publication Date
2020-10-01

DOI
10.1002/0by.22927

Peer reviewed

eScholarship.org Powered by the California Diqital Library

University of California


https://escholarship.org/uc/item/7wn7453k
https://escholarship.org/uc/item/7wn7453k#author
https://escholarship.org
http://www.cdlib.org/

Genome wide association study in 3,173 outbred rats identifies multiple loci for body weight,
adiposity, and fasting glucose

Apurva S. Chitre!, Oksana Polesskaya?, Katie Holl?, Jianjun Gao?, Riyan Cheng?!, Hannah Bimschleger!, Angel
Garcia Martinez?, Tony George®, Alexander F. Gileta'!°, Wenyan Han?, Aidan Horvath*, Alesa Hughson?, Keita
Ishiwari®, Christopher P. King®, Alexander Lamparelli®>, Cassandra L. Versaggi®>, Connor Martin®, Celine L. St.
Pierre!!, Jordan A. Tripi®>, Tengfei Wang 3, Hao Chen3, Shelly B. Flagel*?, Paul Meyer>, Jerry Richards®, Terry E.
Robinson’, Abraham A. Palmer!®*, Leah C. Solberg Woods®*

* These authors contributed equally to this study as senior authors
'University of California, San Diego, Department of Psychiatry, La Jolla, CA, ?Medical College of Wisconsin,
Human and Molecular Genetic Center, Milwaukee, WI, 3University of Tennessee Health Science Center,
Department of Pharmacology, Memphis, TN, *University of Michigan, Department of Psychiatry, Ann Arbor,
MI, *University at Buffalo, Department of Psychology, Buffalo, NY, ®University at Buffalo, Clinical and
Research Institute on Addictions, Buffalo, NY, ‘University of Michigan, Department of Psychology, Ann
Arbor, Ml, 8University of California San Diego, Institute for Genomic Medicine, La Jolla, CA *Wake Forest
School of Medicine, Department of Internal Medicine, Winston Salem, NC, ° University of Chicago,
Department of Human Genetics, Chicago, IL, ' Department of Genetics, Washington University, St. Louis,
MO, ?Molecular and Behavioral Neuroscience Institute, University of Michigan, Ann Arbor, MI

Keywords: GWAS, Adiposity, Obesity, Genetics

Running title: GWAS of obesity related traits in outbred rats

Corresponding Author:

Leah Solberg Woods

Wake Forest School of Medicine
1 Medical Center Drive

Winston Salem, NC 27157
336-716-6062
Isolberg@wakehealth.edu

Funding: This work was supported by the National Institute on Drug Abuse (P50 DA037844) and the National
Institute of Diabetes and Digestive and Kidney Diseases (R0O1 DK106386)

Disclosure: The authors declared no conflict of interest.

Author Contributions: L.S.W and A.A.P designed the study. K.H., A.G.M., A.G.,, W.H., AH., AR.H, K., C.P.K,
AL, CLV., CM,C.LS.P, AT, TW, HB., H.C, S.F., P.M,, J.R. and T.R. collected data. A.S.C, A.AA.P., LS.W,,
O.P., R.C., ).G. and A.F.G. analyzed the data. The manuscript was written by A.A.P., L.S.W., A.S.C. and O.P.

L.S.W. and A.A.P. are the guarantors of this work and, as such, had full access to all the data in the study and
take responsibility for the integrity of the data and the accuracy of the data analysis.

Word count: 3993


mailto:lsolberg@wakehealth.edu

What is already known about this subject?
e Obesity is influenced by both genetic and environmental factors.
e Rodents can be used to investigate the genetic basis of obesity and related morphometric and metabolic

traits.

What are the new findings in your manuscript?
e We identified 32 independent loci that are associated with adiposity, body size, BMI and fasting glucose
levels.
e Three of these loci contain only a single gene (e.qg. Epha5, Nrgl and Klhl14), while several others contain
just a few genes, simplifying genes identification.
e We identified potentially damaging coding variants within 18 loci. Combining this information with the
strain distribution pattern of the peak marker at the QTL and with literature search, we identified five

additional candidate genes (Prlhr, Adcy3, Rnf213, Xbpl1, Ngp).

How might your results change the direction of research or the focus of clinical practice?
e Our work elucidates the genetic architecture of obesity and therefore has the potential to identify novel

therapeutic targets.



Abstract

Objective: Obesity is influenced by genetic and environmental factors. Despite success of human genome wide
association studies (GWAS), the specific genes that confer obesity remain largely unknown. The objective of this
study was to use outbred rats to identify genetic loci underlying obesity and related morphometric and
metabolic traits.

Methods: We measured obesity-relevant traits including body weight, body length, body mass index, fasting
glucose, and retroperitoneal, epididymal, and parametrial fat pad weight in 3,173 male and female adult N/NIH
heterogeneous stock (HS) rats across three institutions, providing data for the largest rat GWAS to date. Genetic
loci were identified using a linear mixed model that accounted for the complex family relationships of the HS and
covariate to account for differences among the three phenotyping centers.

Results: We identified 32 independent loci, several of which contained only a single gene (e.g. Epha5, Nrgl and
KIhl14) or obvious candidate genes (Adcy3, Prlhr). There were strong phenotypic and genetic correlations among
obesity-related traits, and extensive pleiotropy at individual loci.

Conclusions: These studies demonstrate utility of HS rats for investigating the genetics of obesity related traits

across institutions and identify several candidate genes for future functional testing.



Introduction

Obesity is a growing health epidemic; over one third of the adult population and almost one fifth of all children in
the United States are considered obese. There has been a steady increase in prevalence of obesity since the
1970’s, and prevalence is continuing to rise (1). Obesity is a major risk factor for multiple diseases including type
2 diabetes, cardiovascular disease, cancer, and stroke (2), thereby placing a tremendous burden on society.
Obesity is caused by an interaction between genetic and environmental factors with genetic factors accounting
for up to 70% of the population variance (3). Although human genome wide association studies (GWAS) of
obesity have been extremely productive (4), much of the heritable variance is still unknown.

Model organism studies of body weight, morphometric, and metabolic traits represent a complementary
approach to understanding the genetic basis of obesity. However, GWAS in model organisms are often limited by
the modest recombination present in laboratory crosses. Heterogeneous stock (HS) rats were created by
interbreeding eight inbred founder strains and were subsequently maintained as an outbred population (5),
making them ideal for fine-mapping of genetic loci (6). Furthermore, HS founder strains have been fully
sequenced (7), such that coding polymorphisms can be rapidly identified (8). Our group has previously mapped
adiposity traits in HS rats using 743 male HS rats, which identified two genetic loci for visceral adiposity and
body weight (8).

As part of a large, multi-site study ( www.ratgenes.org ), behavioral traits that are relevant to drug abuse have

been assessed in thousands of male and female HS rats. To more fully utilize these rats, we have also collected
phenotypic data on body weight and length (which permit calculation of body mass index (BMl)), fat pad weight
and fasting glucose levels. All animals were also extensively genotyped. This dataset provides an unprecedented

opportunity to map adiposity-related traits in a large cohort of HS rats.

Materials and methods

Animals

The NMcwi:HS colony (HS), was initiated by the NIH in 1984 using the following eight inbred founder strains: ACI/
N, BN/SsN, BUF/N, F344/N, M520/N, MR/N, WKY/N and WN/N (5), which have previously been shown to differ
significantly for adiposity traits (8). The rats described in this study were from generations 73 to 80, and were a
separate cohort from previously published work (8). Breeders were given ad libitum access to Teklad 5010 diet

(Harlan Laboratories).

The rats used for this study are part of a large multi-site project focused on genetic analysis of behavioral

phenotypes related to drug abuse (www.ratgenes.org). HS rats from MCW were sent to three institutions
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throughout the United States: University of Tennessee Health Science Center (TN), University at Buffalo (NY),
and University of Michigan (MI). Rats were shipped at 3-6 weeks of age and each site received multiple
shipments over more than two years (from 10/27/2014 - 03/07/2017). There are multiple environmental
differences between each site (described below), such that genetic loci will be independent from these
environmental influences. Rats in TN were fed Teklad Irradiated LM-485 Mouse/Rat Diet; rats in NY were fed
Envigo Teklad 18% Protein Rodent Diet, and rats in Ml were fed Labdiet Picolab Laboratory Rodent Diet

Irradiated.

Rats were exposed to a different battery of behavioral testing at each site (see Supplementary Table S1)
followed by euthanasia, which occurred at different ages at each site. All phenotypes presented in this paper
were collected at the time of euthanasia. Briefly, in MI, rats were housed in trios, exposed to a single modest
dose of cocaine (15 mg/kg) each day for five days, and then euthanized 4-7 days after the final cocaine exposure
(89 + 6 days of age). In NY, rats were housed in pairs, tested for multiple behaviors over 16 weeks, exposed to a
modest dose of cocaine (10 mg/kg) once daily for three days, and then euthanized 7-10 days after the last dose
of cocaine (198 + 13 days of age). In TN, there were two separate cohorts: breeders (sent from MCW) and
experimental rats (bred in TN). Female breeders had mostly one, sometimes two litters and underwent no
behavioral testing. The experimental rats were tested for multiple behaviors, exposed to nicotine (self-
administration, resulting in a range of doses) for 12 days, and euthanized 10 days after the final dose of nicotine
(73 + 12 days of age). The number of rats phenotyped at each site, as well as ages when phenotypes were

collected are shown in Table 1.

Phenotyping and Tissue collection

Several days after completion of behavioral experiments (see above), rats were fasted overnight (17 +/-2 hours),
and body weight was measured. Under anesthesia (phentobarbital at Ml and NY, isoflurane at TN), two measures
of body length (from nose to base of the tail (body length_NoTail) and from nose to end of tail (body length_Tail))
were collected, allowing us to calculate tail length (TL) and two measures of body mass index: BMI_NoTail and
BMI_Tail. BMI was calculated as: (body weight/body length?) x 10. For animals in Ml and NY, we also measured
fasting glucose levels using the Contour Next EZ system (Bayer, Elkhart, IN). Several tissues were dissected and
weighed including retroperitoneal (RetroFat), epididymal (EpiFat; males), and parametrial (ParaFat; females)
visceral fat pads. All protocols were approved by the Institutional Animal Care and Use Committees (IACUC) for

each of the relevant institutions.

Genotyping

Genotypes were determined using genotyping-by-sequencing (GBS), as described previously (9, 10). This
produced 3,400,759 SNPs with an estimated error rate <1%. Variants for X- and Y-chromosomes were not called.
Prior to GWAS, SNPs in high linkage disequilibrium were removed using PLINK (11) with r? cut-off 0.95; this
produced set of 128,447 SNPs which were used for GWAS, genetic correlations, and heritability estimates. The

unpruned set of SNPs was used to produce LocusZoom plots (12).



Phenotypic and genetic correlations and heritability estimates

Each trait within each research site was quantile normalized separately for males and females, this approach is
similar to using sex as a covariate. Other relevant covariates (including age, batch number and dissector) were
identified for each trait, and covariate effects were regressed out if they were significant and explained more
than 2% of the variance (see Supplementary Table S2). Residuals were then quantile normalized again, after
which the data for each sex and site was pooled prior to further analysis. This approach removed mean
differences due to sex, however it did not attempt to model gene by sex interactions. By quantile normalizing
the three centers separately, we also addressed the numerous and confounded differences between the three
cohorts, such that QTL identified in the current study are resistant to environmental influences between the
sites. (see Supplementary Table S1) Phenotypic correlations were determined using Spearman's test. Genetic
correlations were calculated using bivariate GREML analysis as implemented by GTCA (13, 14). GCTA-GREML

analysis was used to estimate proportion of variance attributable to SNPs.

Genetic mapping

GWAS analysis employed a linear mixed model, as implemented in the software GEMMA (15), using dosages and
genetic relatedness matrices (GRM) to account for the complex family relationships within the HS population and
the Leave One Chromosome Out (LOCO) method to avoid proximal contamination (16, 17). Significance
thresholds were calculated using permutation, because all traits were quantile normalized, we used the same
threshold for all traits (18). To identify QTLs, we scanned each chromosome to determine if there was at least
one SNP that exceeded the permutation-derived threshold of -logi0(p) > 5.6, that was supported by a second
SNP within 0.5 Mb that had a p-value that was within 2 - logio(p) units of the index SNP. This algorithm failed to
identify 2 SNPs, which were then identified by using wider supporting interval (chr10:85082795 for body
length_tail and chr12:5782829 for RetroFat). Then correlation between the top SNP and other SNPs in the 6 Mb
vicinity was calculated. Other QTLs on the same chromosome were tested to ensure that they were independent
of the first. To establish independence, we used the top SNP from the first QTL as a covariate and performed a
second GWAS. If the resulting GWAS had an additional SNP (on the same chromosome) with a p-value that
exceeded our permutation-derived threshold, it was considered to be a second, independent locus. This process
was repeated (including all previously significant SNPs as covariates), until no more QTLs were detected on a
given chromosome.

Linkage disequilibrium (LD) intervals for the identified QTL were determined by identifying those markers that
had a high correlation coefficient with the peak marker (r? = 0.6). Credible set analysis (19) was also performed
for each locus. The credible set analysis uses a Bayesian approach to calculate the posterior probability for each
SNP (“probability of being causal”). This method also chooses the credible set of SNPs, that is the smallest set of

SNPs that can account for 99% of the posterior probability.

Results

Strong phenotypic and genetic correlations between multiple adiposity traits



We observed strong phenotypic and genetic correlations between adiposity traits (Figure 1). Although less
strong, fasting glucose levels were also significantly correlated with body weight, BMI _Tail, BMI_NoTail, RetroFat
and EpiFat, but not with body length or ParaFat. Genetic correlations for fasting glucose levels differ from the
phenotypic correlations, with a negative correlation seen with body length_NoTail and a positive correlation with
ParaFat and BMI_NoTail. TL exhibits strong phenotypic and genetic correlations with BMI_NoTail, and negative
phenotypic and non-existent genetic correlations with BMI_Tail. (Supplementary Figure S1) Tail length is also
moderately correlated with the adiposity traits, indicating a role for this trait in rat metabolism, possibly through

energy expenditure as rats lose heat through their tail.

Adiposity traits exhibit high heritability

Heritability estimates for adiposity traits ranged from 0.26 + 0.03 (BMI_NoTail) to 0.46 + 0.03 (body weight;
Table 2), while heritability estimates for fasting glucose were lower. We also calculated heritability for males
and females separately, in general the results were similar for the two sexes (Supplementary Table S3).
Although we performed the GWAS separately for both sexes, we have not provided the results of sex specific

GWAS because the reduction in power dramatically reduced the number of genome wide significant results.

Identification of multiple GWAS hits

We identified a total of 32 independent loci for eight adiposity traits (Figure 2). Six of these loci map to more
than one trait (Figure 2), four of which are likely pleiotropic (see below and Table 3). The most highly
significant loci are pleiotropic: chr. 1:282 (Body weight, BMI_Tail, RetroFat, EpiFat, ParaFat), chr6: 27 Mb
(RetroFat, EpiFat) and chr. 7: 36Mb (Body weight, Body length_NoTail, Body length_Tail, TL). Body weight QTL
consistently overlaps with both fat pad QTL and Body length QTL, while only one BMI_Tail QTL overlaps with
adiposity traits. BMI_Tail and BMI_NoTail loci do not overlap. It is difficult to use these data to determine if the
BMI calculation is useful, although the fact that BMI_Tail maps to the highly significant pleiotropic locus on chr. 1:
282 Mb suggests similar biology may underlie these traits. We identified two loci for fasting glucose, one of
which overlaps a Body weight locus on chromosome 10, although it is unlikely that these loci are driven by the
same variant (see below). Four QTL are identified for TL, one of which overlaps with previously identified loci
(see Supplementary Figure S2). LD intervals were 0.2-9.2 Mb and contained anywhere from 1 to 96 genes.
Table 3 provides a detailed summary of those findings; Supplementary Table S4 contains all the information
from Table 3 with additional information such as the strain distribution pattern (SDP) of the founder strains as
well as the full list of genes within each interval, and credible set analysis results. Manhattan plots for all traits

are included in Supplementary Figure S2.

Pleiotropic Loci

To determine if traits that mapped to the same location are pleiotropic, we considered the mean allele frequency
(MAF), and the SDP of the index SNP among the 8 founder strains that were used to create the HS. In a few
cases, we found that loci for two or more phenotypes overlapped in terms of their chromosomal positions, but
had different MAF and SDP, suggesting different causal loci that happened to be located in approximately the

same genetic location. We also observed a few cases where the SDP was similar but not identical (e.g. one
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strains’ genotype was dissimilar between the two loci), we assumed that those situations were consistent with
pleiotropy. Note that this approach is conceptually similar to the estimation of the phenotype associated with
founder haplotypes which was described in Svenson et al.(20) and in Yalcin et al. (21) but would not perform well
if there were more than two causal alleles.

Using these criteria, we designated four loci as pleiotropic, which are highlighted in purple in Table 3. The chr 1:
281 Mb is the strongest, with -logioP values that range from 7-20 for nearly all of the adiposity traits, including
body weight, BMI_Tail, and all three fat pads (RetroFat, EpiFat and ParaFat). Although BMI_Tail maps to the
pleitropic locus on chr 1: 281 Mb, BMI_NoTail does not. In addition, chr 6: ~27 Mb maps both RetroFat and EpiFat
and finally, chr 3 and 7 map body weight, body length_Tail and body length_NoTail.

Nearby loci that were not considered pleotropic are highlighted in grey in Table 3. We identified two sets of
QTLs that mapped to similar regions, and therefore might have appeared to be pleiotropic; however, after
applying the criteria described above, we determined that they were not truly pleiotropic because the MAF and
SDP of the founder strains (see Supplementary Table S4) were not similar. These loci were chr 10: ~110 Mb

for fasting glucose and body weight and chr 12: 6 Mb for body weight, RetroFat and body length_NoTail.

Candidate gene identification

The number of genes within the identified QTL ranges from 1 to 96 (Table 3). There are three regions that
contain a single gene: Epha5 within chr 14: 26 Mb for body length_NoTail, Nrg1 within chr 16: 64 Mb for body
length_NoTail and KIh14 within chrl8: 12 Mb for EpiFat. Both Epha5 and Nrgl are known to be involved in
growth and development and are therefore logical candidate genes. In contrast, very little is known about
KIhl14, meaning that if this gene is responsible for the observed QTL it would offer novel biological insight.
Despite the fact that these loci only contained a single gene, it is possible that the causal allele is a regulatory
variant that is located in this interval but regulates a gene outside of the identified interval.

All other loci contained more than one gene. To identify candidate genes, we used founder sequence information
(22) to identify potentially damaging coding variants using the software SnpEff. (23) We identified 152 coding
variants for 18 QTL, two of which were predicted to have high impact. The SDP for 63 coding variants matched
the SDP at the peak SNP, and are therefore candidates for future analysis. (Supplementary Table S5)
Combining these data with a literature search, we identified plausible candidate genes/variants within six loci.
(Table 4) Representative LocusZoom plots for select loci are shown in Figure 3, locus zoom plots for all other

loci are in Supplementary Figure S3.

Discussion

The current study is the largest rodent GWAS ever reported. This study measured multiple adiposity traits
collected at three different sites at multiple ages. Traits measured include body weight, body length, BMI
(calculated with and without tail), fat pad weights and fasting glucose, all major risk factors for development of
type 2 diabetes. We identified 32 significant loci, several of which correspond to narrow regions that contained
logical candidate genes. We replicated previously identified loci and identified many novel loci. The large
number of significant associations, the small regions implicated and the replication of previously reported loci

despite age, diet and other environmental differences all highlight the power of HS rats for GWAS.
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This study was part of a large multi-center behavioral study focused on genetic influences on drug abuse-
relevant behaviors. As a result, the animals in this study were exposed to a variety of factors that may have
altered adiposity. These include brief drug exposure, different behavioral experiences, as well as different diets
and ages when tissues were collected. Despite these differences, we were successful at identifying a large
number of adiposity QTL, indicating that these loci are resistant to multiple environmental influences.
Importantly, contribution of these environmental influences, were taken into account in the statistical analysis by
including institution as a covariate. Although this design may have diluted our power to detect loci that were
only relevant in one set of conditions, the loci that we did detect are likely to be robust to subtle drug, age and
environmental differences. We view this aspect of the study as a strength as it allows us to generalize our
findings across populations, including to humans in which there are multiple uncontrolled environmental

influences.

With the exception of fasting glucose, all traits demonstrate strong phenotypic and genetic correlations
indicating that they are caused by overlapping sets of alleles. The pleiotropic loci that we identified further
underscore the common genetic basis of these traits. The strongest pleiotropic locus identified falls on chr 1: 282
Mb and maps five of the adiposity traits, with a second locus for RetroFat and EpiFat at chr. 6: 28 Mb, both
replicating previous work by our group (Keele et al. 2018) (8). We also identified novel pleiotropic loci for body
weight and body length (with and without tail) on chromosomes 3 and 7. Interestingly, we found that not all of
the loci that contained multiple traits should be considered pleiotropic. We identified two regions that map more
than one trait, but because both the mean allele frequency and the founder SDP do not match between the

traits, these loci are likely driven by different genes and/or variants.

One of the strengths of using a highly recombinant outbred strain such as the HS is the ability to map to
relatively small regions of the genome, greatly narrowing the number of potential candidate genes that may
drive the QTL. In the current work, three of the identified loci contained only a single gene. For example, EPH
receptor A5 (Epha5) is the only gene within the chr 14 locus for body length_NoTail. Ephrin receptors make up
the largest sub-family of the receptor protein tyrosine kinases and are known to be involved in embryonic
development, cell migration and axon guidance. Although Epha5 has not previously been associated with body
weight or height in human GWAS, Epha5 knock-out mice have increased body weight relative to wild-type mice
(24), suggesting a potential role for this gene in determining body length. In addition, Neureglinl (Nrgl) is the
only gene that falls within the chr 16 locus for body length_NoTail. Nrgl mediates cell-cell signaling and plays a
critical role in growth and development of multiple organ systems. ICV injection of Nrgl leads to increased food
intake and weight gain in rodents (25) and a recent study has demonstrated positive metabolic effect of Nrg1 on
multiple metabolic parameters, including body weight (26). In addition, Nrgl has been associated with BMl in a
Korean population (27) making Nrgl a highly plausible gene within this region. Finally, Kelch like family member
14 (Klhl14) is the only gene that falls within the Epifat locus at chr 18. This gene localizes to the endoplasmic
reticulum and has not previously been associated with adiposity traits in human or rat GWAS, suggesting that

this finding could offer a novel biological insight. Regions containing a single gene are attractive, but we note



that these regions may also contain regulatory variants for neighboring genes or un-annotated genes or
transcripts that cause the association.

Another strength of using the HS is the ability to use the founder sequence to identify potentially damaging
coding variants within QTL. We identified 154 coding variants, 63 of which match the SDP of the founder strains,
making them plausible candidates. Replicating previous findings (8) we identified a high impact variant within
Prlhr, a gene that falls within the highly significant pleiotropic locus on chr 1, and which has previously been
shown to play a role in feeding behavior (28, 29). We also identified a variant within Adcy3, a gene that falls
within the chr. 6 locus for RetroFat and Epifat, and has been identified in both the HS rat (8) and human GWAS
(30-32). We previously demonstrated that multiple genes likely play a role at the chr 6 locus including Adcy3,
Krtcap3 and Slc30a3 (see Keele et al. (8)). In addition to identifying candidate genes within these pleiotropic loci,
we identified candidates within the fasting glucose loci: coding variants that match the SDP were identified in
Rnf213 (chr. 10 locus), a gene shown to protect beta cells and improve glucose tolerance (28), and Xbpl (chr. 14
locus), a gene shown to have multiple roles in glucose regulation (29). Finally, within the Body lenth_Tail QTL on
chr 8 we identified a high impact variant in Ngp, a gene that has not previously been associated with height or

body weight. Future work will investigate the role of these variants in modifying adiposity traits.

This is the largest GWAS ever performed in rodent models and has identified a large number of significant loci. In
spite of our large sample size, however, this study has its limitations. Adiposity measures were collected from
both males and females, but we have not presented sex-specific GWAS because the heritabilities for the two
sexes were similar and because the reduction in sample size dramatically reduced the number of genome wide
significant results. Therefore, we quantile normalized the males and females separately and then pooled them,
which effectively removed mean differences between the sexes but did not account for gene by sex interactions.
We are continuing to collect adiposity traits in additional animals and plan to use an even larger sample size to
test for sex-specific QTLs in the future. A second limitation is that we have not incorporated expression QTL
(eQTL) data for some of the most relevant tissues (e.g. liver and fat pads), which would be helpful for identifying
candidate genes within the physiological QTL based on gene expression differences. Our study did not employee
haplotype-based analyses, which is often used in highly recombinant populations such as the HS. Our laboratory
is currently addressing several issues which may impact haplotype-based analysis including generating the
genetic relationship matrix and the null distribution, as well as the most appropriate tool for determining founder
probabilities. Finally, our study was part of a large multi-center behavioral study focused on genetic influences
on drug abuse-relevant behaviors. As a result, a subset of the animals were briefly exposed to moderate doses
of cocaine or nicotine, both of which could have changed body weight. In addition, the diets, ages and behavioral
experiences of the rats differed across the three study sites. Any contribution of these environmental influences,
however, were taken into account by including institution as a covariate in the analysis. Although this design
may have diluted our power to detect loci that were only relevant in one set of conditions, the loci that we did
detect are likely to be robust to subtle drug, age and environmental differences, which can be viewed as a

strength if the goal is to generalize our findings across populations, including to humans (33).

Conclusions
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The current study is the largest GWAS using a rodent population ever performed. We replicated previously
identified loci from a smaller GWAS and identified numerous novel loci for multiple adiposity traits. Three of
these loci contain only a single gene. Several other loci contain only a few genes, which simplifies the
identification of candidate genes. We used prediction tools and founder sequence to identify candidate variants
and genes within five of these loci. This work demonstrates the power of HS rats for fine-mapping and gene
identification of adiposity traits, including the power to identify genetic loci across multiple institutions and

environmental influence. This work also provides immediate candidate genes for future functional studies.
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Figure Legends
Figure 1. Genetic and phenotypic correlation between adiposity traits and fasting glucose.
Phenotypic correlations are depicted in the upper part, genetic - in the lower part of the matrix. Number inside

squares show p-value > 0.05.

Figure 2. Combined Manhattan plots of GWAS data for eight adipose traits. Genome-wide association
results from the GWA analysis. The chromosomal distribution of all the P-values ( - log10 P-values) is shown, with

top SNPs highlighted.

Figure 3. Regional association plots. X-axis shows chromosomal position. Top panel: Regional association

plot. The SNPs with the lowest p-value (“top SNP”) is shown in purple, and its chromosomal position is indicated
on the plot. Correlation of each SNP with the top SNP is shown in color. Middle panel: Credible set track shows

posterior probability for being causal for the SNPs which were identified as the smallest set of SNPs accounting

for 99% of the posterior probability (see Methods). Bottom panel: Genes in the region, as annotated by the

Refseq.
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A. Regional association plot for Body weight at Chromosome 1, 280 Mb to 283 Mb. B. Regional association plot
for Body Length_NoTail at Chromosome 16, 62.5 Mb to 65 Mb. C. Regional association plot for EpiFat at

Chromosome 18, 12 Mb to 13.5 Mb.
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