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A survey of the genetics of stomach, liver, and adipose
gene expression from a morbidly obese cohort
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To map the genetics of gene expression in metabolically relevant tissues and investigate the diversity of expression SNPs
(eSNPs) in multiple tissues from the same individual, we collected four tissues from approximately 1000 patients un-
dergoing Roux-en-Y gastric bypass (RYGB) and clinical traits associated with their weight loss and co-morbidities. We then
performed high-throughput genotyping and gene expression profiling and carried out a genome-wide association anal-
yses for more than 100,000 gene expression traits representing four metabolically relevant tissues: liver, omental adipose,
subcutaneous adipose, and stomach. We successfully identified 24,531 eSNPs corresponding to about 10,000 distinct
genes. This represents the greatest number of eSNPs identified to our knowledge by any study to date and the first study
to identify eSNPs from stomach tissue. We then demonstrate how these eSNPs provide a high-quality disease map for each
tissue in morbidly obese patients to not only inform genetic associations identified in this cohort, but in previously
published genome-wide association studies as well. These data can aid in elucidating the key networks associated with
morbid obesity, response to RYGB, and disease as a whole.

[Supplemental material is available for this article. The expression data from this study have been submitted to the NCBI
Gene Expression Omnibus (GEO; http:// www.ncbi.nlm.nih.gov/geo) under super series accession no. GSE24335. Gen-
otyping data will be made available at dbGaP (http:// www.ncbi.nlm.nih.gov/gap) and from the Massachusetts General

Hospital at http:// www.samscore.org.]

Obesity has been identified by the Centers for Disease Control and
Prevention (CDC) as a disease of epidemic proportions, with >30%
of Americans classified as obese (National Health and Nutrition
Examination Survey 2008). Although there are rare monogenic
causes for obesity, such as mutations in the leptin signaling path-
way (for review, see Farooqi and O’Rahilly 2008), on the whole,
obesity is a complex disease with many contributing genetic and
environmental factors (Willer et al. 2008b). For subjects with ex-
treme obesity caused by monogenic or complex factors (BMI = 40
kg/m?), Roux-en-Y gastric bypass (RYGB) is a remarkably effective
surgical intervention that results not only in weight loss but also in
the correction of diabetes and other co-morbidities (Buchwald
et al. 2004; Aslan et al. 2010). RYGB entails anastomosis of the
jejunum to a small pouch of the stomach near the esophago-gastric
junction, causing food to bypass a large portion of the stomach and
the duodenum. Other types of bariatric surgery, such as vertical
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banding, that do not include bypass of the stomach and duode-
num, are not as effective in reducing body weight or reversing
diabetes (Tice et al. 2008). Given the extreme nature of the RYGB
cohort and the dramatic effects of this treatment on obesity and
associated co-morbidities, genes comprising the molecular networks
identified in adipose, liver, and stomach tissue may be expected to
associate with obesity phenotypes and treatment response, given
that previous studies in mice and human have identified liver and
adipose tissue networks enriched for genes that causally associate
with metabolic disease traits (Chen et al. 2008; Emilsson et al. 2008).
By identifying SNPs that associate with the gene expression that
comprise these networks, we can attempt to establish a connection
between genetics, gene expression, and disease in human and in-
crease the power to identify genes associated with human disease
or response to treatment. Furthermore, understanding of how ge-
netic differences in the RYGB cohort affect molecular responses to
the surgery will aid in identifying a path to ordering the molecular
processes that underlie the physiological changes occurring during
RYGB.

In this study, we collected four tissues (liver, omental adipose
[OA], subcutaneous adipose [SA], and stomach) from 1008 patients
at the time of RYGB (referred to here as the RYGB cohort) and
scored a number of clinical traits relating to their co-morbidities.
We then proceeded to identify significant associations between the
SNP genotypes and gene expression traits in the four profiled tis-
sues, producing a high-quality disease map composed of 24,531
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expression-associated SNPs (eSNPs) cor- A
responding to 9931 distinct genes. This
represents the greatest number of eSNPs a0 e
to our knowledge identified by any study
to date and the first study to identify
eSNPs from stomach tissue. Most impor-
tantly, we were able to identify unique 75
sets of eSNPs in each tissue as well as a set
of eSNPs that were common to multiple
tissues. The large proportion of eSNPs
that were replicated over different tissue 60
types collected from the RYGB cohort 4
indicates that DNA polymorphisms of-
ten affect gene expression in a tissue-
independent manner. With the clinical 45
data available, we also performed a ge- 40
nome-wide association study (GWAS) for
extreme obesity, using the gene expres-
sion data to facilitate the identification of ~ 30
genes that are affected by the SNP geno- 25
types of interest.

In addition to finding sets of eSNPs
that differentiate each tissue, the eSNPs
identified in this study have an additional
utility to functionally inform previously
published and future GWAS. The eSNP
data generated from this study of four
metabolically relevant tissues will pro-
vide a path forward to pinpointing genes
and associated gene networks of interest responding to genetic
perturbations associated with disease, which, in turn, may lead to
a better understanding of disease etiology and ultimately the de-
sign of therapeutics for metabolic disorders.
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Results

Gastric bypass in morbidly obese patients greatly affects
clinical endpoints

Tissue was collected from 1008 patients at the time of RYGB. Clin-
ical traits were collected from 1 yr pre-operation to 7 yr post-oper-
ation to track the response of body weight to surgery. The clinical
characteristics of the cohort at time of surgery are described in Table
1. The RYGB procedure had a large effect on body weight (Fig. 1).

Table 1. Baseline clinical characteristics of the RYGB cohort

Trait Mean StdDev Max Min Percent
Age (yr) 44.7 11.5 75.0 18.0 —
Pre-op WT (kg) 141.7 30.7 280.5 85.0 —
BMI 50.5 8.8 93.2 333 —
Insulin (ulU/mL) 23.0 19.5 210.0 2.0 —
Glucose (mg/dL) 119.9 45.6 345.0 61.5 —
HbA1c (%) 6.4 1.4 13.6 4.5 —
Leptin (ng/mL) 50.8 24.7 148.0 10.0 —
Triglycerides (mg/dL)  161.7 100.4 1192.0 45.0 —
Cholesterol (mg/dL) 189.8 37.6 420.0 73.0 —
HDL (mg/dL) 48.1 12.0 100.5 17.5 —
LDL (mg/dL) 110.2 323 261.0 16.0 —
Type 2 diabetic — — — — 46
Statin use — — — — 28
Insulin use — — — — 13
Metformin use — — — — 5
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Figure 1. Effect of RYGB on BMI and Leptin. (A) Change in BMI (kg/m?) from pre-surgery to post-surgery
of the RYGB cohort. (B) Change in leptin (ng/mL) levels from pre-surgery to post-surgery of the RYGB
cohort. Pre-op readings are taken as an average of all records per patient for a trait up to 1 yr prior to surgery.
Post-op readings are an average of post-op records recorded between 6 mo and 36 mo post-surgery.

Individuals studied lost an average of 32.7% of their body weight 2 yr
after surgery. Mean BMI dropped from 50.5 to 33.9 kg/m? after sur-
gery. In 10% of the individuals in this cohort, the BMI was reduced
to <25 kg/m?, which is considered normal. Leptin levels were also
greatly reduced by surgery; pre-op leptin levels ranged from 10 to 148
ng/mL, with a mean of 51 ng/mlL, while post-op leptin ranged from
1.5 to 86 ng/mL, with a mean of 19 ng/mL, constituting a 63% de-
crease in mean leptin levels. Information on T2D status, metformin,
insulin, and statin use was extracted from text medical records and
used as covariates in eQTL and gene expression analysis.

Genome-wide association analysis for expression traits

RNA was isolated from each tissue with 651 liver, 701 SA, and 848
OA successfully profiled using an Agilent whole-genome gene ex-
pression microarray targeting 39,303 transcripts. RNA was extracted
from 118 stomach samples and profiled on an Affymetrix whole-
genome expression array. In addition, DNA was isolated from
the liver samples for each patient and genotyped using a whole-
genome, high-density SNP panel. We identified cis- and trans-
acting expression quantitative trait loci (eQTLs) using a method
based on Schadt et al. (2008). Briefly, cis eQTLs for gene expression
traits were determined by identifying the SNP most strongly as-
sociated with each expression trait profiled on the array over all
genotyped SNPs typed within 1 Mb of the structural gene of in-
terest, similar to the method reported in other eQTL studies
(Schadt et al. 2008; Dimas et al. 2009). Results are reported at a 10%
false discovery rate (FDR) based on permutations of the association
between SNP genotypes and expression levels for any given ex-
pression trait. The 1-Mb threshold was chosen because extending
the distance out further, while bringing to light additional eSNPs,
did so at the expense of raising the FDR at the given P-value
threshold. Trans eQTLs were determined using a similar approach,
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but instead considering all SNPs >1 Mb from the structural gene of
interest. Representative eSNPs for each trans eQTL were then se-
lected as the most statistically significantly associated SNP within
the eQTL region. A summary of the eSNPs identified in liver, OA,
SA, and stomach tissues is reported in Table 2 (eSNP data are
available at http://www.samscore.org). A total of 24,513 distinct cis
and trans eSNPs associated with 15,241 transcripts or 9931 distinct
genes, were identified, representing >58% of the 17,052 human
protein-coding genes (Pruitt et al. 2009). Compared to liver, ~25%
more cis and trans eSNPs were identified in the adipose tissues. The
increase in eSNPs could be a consequence of greater power in the
adipose samples, due to the larger sample size (n) in the SA and OA
tissues (n = 701 and 848, respectively) compared to the liver tissue
(n = 651) or due to tissue type. Stomach tissue could not be col-
lected for all patients. Gene expression data were available for 118
stomach samples. Despite this small number of samples, we were
still able to identify 878 cis eSNPs.

Previous studies have shown an ~30% overlap between cis
eSNPs identified in different tissues (Schadt et al. 2008) and ~12%
percent overlap between two cell populations derived from a single
donor (Dimas et al. 2009). To compare the number of eSNPs in our
study present in multiple tissues collected from the same in-
dividual, we first used the comparison method employed by Dimas
et al. (2009) by which we determined, if an expression trait had an
eSNP in one tissue, was it at all present in either of the other two
tissues? As Dimas notes, this method may overestimate the overlap
because eQTLs for the same expression trait may not represent
identical genetic variants. When comparing eQTLs from the RYGB
cohort, we found that 72% of the cis eSNPs identified in the liver,
79% of those found in OA, and 80.5% from SA were also found
in at least one of the other two tissues. However, because of the
overestimation that can result from this method, we attempted to
test directly whether an eSNP identified in one tissue could be
identified in either of the other two tissues. Using this method, we
found that 46% of the eSNPs identified at a genome-wide signifi-
cance level in either liver or SA were replicated in the other tissue at
the 0.05 significance level, while 48% of the cis eSNPs identified in
liver or OA were replicated in the other tissue at this same signifi-
cance level. For eSNPs identified in either OA or SA at the genome-
wide significance level, 71% were replicated in the other tissue at
the 0.05 significance level. The increased overlap identified using
both overlap approaches (compared to the overlaps reported in
previously published studies [Emilsson et al. 2008; Schadt et al.
2008; Dimas et al. 2009]) could potentially reflect the increased
power achieved with a larger sample size, the fact that the tissues
are matched to each patient in the RYGB cohort, or the fact that
tissues were collected at the same time point. Adipose tissues taken
from two different depots of the same individual in the RYGB co-
hort were found to have a much higher overlap of cis eQTLs (71%)
than cis eQTLs identified in multiple cell types derived from the
same individual (Dimas et al. 2009).

Table 2. Number of eSNPs identified in each tissue at 10% FDR

Number of Number of
Tissue cis eSNPs trans eSNPs
Liver 7902 785
Omental adipose 10,730 1006
Subcutaneous adipose 10,247 1138
Stomach 878 38

eSNPs that were specific to liver were found to be enriched for
the KEGG pathway drug metabolism—cytochrome P450 genes (E =
1.63 x 1077, where E denotes the Bonferroni-corrected Fisher’s
Exact Test [FET] P-value). This result agrees with a recently published
study indicating association of liver eSNPs to expression and enzy-
matic activity of a number of important drug-metabolizing enzymes
(Yang et al. 2010). In addition, liver-specific eSNPs were enriched for
the Gene Ontologies lipid, fatty acid, steroid metabolism (E =1.79 X
10~*), and inflammatory response (E = 3.3 X 10~%). SA-specific eSNPs
were enriched for the Gene Ontologies developmental processes (E =
9 X 10™*) and anatomical structure development (E = 0.01). While
these categories are not very specific, they may be representative of
genes involved in adipocyte differentiation. OA-specific eSNPs were
not enriched at the adjusted 0.05 significance level for any KEGG
pathway or GO category.

When comparing the liver cis eSNPs identified in the RYGB
cohort to an independent set of liver cis eSNPs (Schadt et al. 2008),
profiled on the same gene microarray, by directly comparing matched
expression trait to SNP pairs, there was a 66% overlap between the
two studies. When the significance of the association between the
SNP and the expression trait was compared in the two liver data
sets, 84% of the eSNPs identified in the RYGB cohort were found
to have more significant P-values, at least partially reflecting in-
creased power from the larger sample size in the RYGB cohort.
Comparing the RYGB SA cis eSNPs to an independent set of SA cis
eSNPs revealed a 57% overlap when expression traits present on
the two arrays were compared (Emilsson et al. 2008).

To determine whether the increase in number of eSNPs and
eSNP tissue overlap identified in this cohort reflects the study size,
we randomly selected a smaller subsample of 107 individuals from
the RYGB cohort in which liver, SA, and OA were successfully pro-
filed. As expected, we confirmed that the number of eQTLs detected
and the overlap between eQTL sets for each tissue increased with
increasing sample size (Fig. 2). Greater than 15% more cis eSNPs
were identified in the adipose samples than liver. When we com-
pared the overlap of eQTLs identified in the 107-sample subset, we
found that 32% (and 33%) of the cis eQTLs identified in either liver
or SA (or OA) at a genome-wide significance level were identified in
the other tissue at the 0.05 significance level, whereas this overlap
between SA and OA was 49%. The number of cis eQTLs identified
in multiple tissues decreased with a decrease in sample size. We
believe that the large overlap observed between the two different
adipose depots, regardless of the sample size, is a reflection of similar
biology, their respective overlaps with liver cis eQTLs being much
smaller. It has also previously been shown that eQTLs that are com-
mon among different cell types are located closer to their associated
transcript, compared with eQTLs found to be specific to a single cell
type (Dimas et al. 2009). This behavior was observed in our data set
regardless of the sample size used for the analysis (Fig. 2C). However,
we should acknowledge that in both studies, eSNPs that are farther
from the transcript of interest may be more likely to be false posi-
tives, which is why they are not replicated in multiple tissues.

eSNP identification in four tissues from a morbidly obese co-
hort has for the first time informed a number of previously identi-
fied SNP associations, many of which are to metabolic disorders
(Supplemental Table 1). 151532085 and 1s3764261 have both been
associated with HDL cholesterol (Willer et al. 2008a; Aulchenko
et al. 2009; Sabatti et al. 2009) and are eSNPs to LIPC and CETP,
respectively, in our cohort. We found that rs1805081, previously
associated with obesity (Meyre et al. 2009), is an eSNP to NPC1, and
that rs10486607, associated with diabetes-related insulin traits
(Meigs et al. 2007), is an eSNP to CPVL. A common mis-sense
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Figure 2. Cis-eQTLs overlaps. (A) Venn diagram for the cis eSNPs
detected in three tissues using a subpopulation of 107 individuals. (B)
Overlaps of the cis eSNPs identified in three tissues at maximum sample
size in the RYGB cohort. Regardless of sample size, the OA and SA tissues
share many more cis eQTLs in comparison to liver versus adipose. (C) Plot
of mean distance of the eSNP to the gene. Symbols marked in the legend
with “Only” represent the subset of the cis eSNPs specific to a particular
tissue, “All” for all cis eSNPs detected in a tissue, and “Common” for the
subset of cis eSNPs common to all three tissues. Cis eSNPs common to all
three tissues are significantly closer to the associated genetic signal re-
gardless of the sample size or tissue in which they were detected com-
pared to cis eSNPs unique to a single tissue. The mean distance for all cis
eQTLs detected in each tissue show little change between the small sub-
population and the full sample.

mutation, P446L, in GCKR has been associated with a number of
metabolic disorders including T2D traits, obesity, and triglycerides
(Orho-Melander et al. 2008; Vaxillaire et al. 2008; Shen et al. 2009).
Our study found that rs1260326 is an eSNP to GCKR in the liver.
Carriers of the minor allele were found to have increased expres-
sion of GCKR in the liver.

To further explore the utility of eSNPs identified in the RYGB
cohort in enhancing interpretations of GWAS data, we examined
the open access GWAS results database (OPGWAS DB) (Johnson
and O’Donnell 2009) to assess whether disease-associated SNPs for
a number of different disease traits are enriched for eSNPs. There
are 87 different primary phenotype disease categories represented
in the OPGWAS DB. To reduce artifactual enrichments that may
arise in small sample sets, we required that a disease category
contain more than 10 disease-associated SNPs or that the number
of eSNPs corresponding to the disease-associated SNPs be more
than five. This resulted in a set of 59 disease categories (from the
original 87). At a 10% FDR, there were 299,242 SNPs out of the
2,529,766 SNPs represented in HapMap (v2) that were either as-
sociated with expression in the RYGB cohort or that were signifi-
cantly correlated (correlation P < 10 X 107%) with SNPs that were
significantly associated with expression traits in the RYGB cohort.
We expanded the set of SNPs considered for this enrichment be-
yond the set of SNPs considered above in the eSNP analyses be-
cause the HapMap (v2) set captures the majority of disease SNPs in
the OPGWAS DB database.

We identified a number of disease categories with disease
SNPs that were significantly enriched for eSNPs in the RYGB cohort
(Table 3). For example, for the “Early onset extreme obesity” cat-
egory, 42 SNPs were represented in OPGWAS DB, and 11 of these
were associated with expression traits in the RYGB cohort, whereas
only five would have been expected by chance (a 2.21-fold enrich-

ment, FET, P=0.0082). For the type I diabetes disease (T'1D) category,
364 SNPs were represented in OPGWAS DB, and 316 of these (87%)
were associated with expression, whereas only 43 were expected by
chance (a greater than sevenfold enrichment, FET, p < 10 X 10719,
While a great majority of the T1D-associated SNPs are located
within the MHC region on chromosome 6, the association of dif-
ferent HLA adipose and liver expression traits in this region is ex-
tremely useful for elucidating the genes and mechanisms per-
turbed by the causal variants at this locus (Schadt et al. 2008). The
eSNPs in the MHC region are associated with 42 different genes,
including NOTCH4, DDR1, HLA-B, HLA-C, and HLA-DRB1. These
genes and SNPs have been associated with many other diseases as
well. For example, SNPs associated with HLA-DPA1 and HLA-DPB1
expression have not only associated with T1D, but with chronic
hepatitis B (Kamatani et al. 2009). In addition, a number of the
other disease areas in the OPGWAS DB database are associated with
the MHC region as well, including childhood asthma, rheumatoid
arthritis, multiple sclerosis, and Crohn'’s disease, all of which had
disease-associated SNP sets that were very enriched for eSNPs.
These results agree with those recently published by Nicolae et al.
(2010), which looked at the enrichment of GWAS SNPs eQTLs
identified from lymphoblastoid cell lines (LCLs) in comparison to
minor allele frequency-matched SNPs. Both Nicolae et al. (2010)
and Nica et al. (2010) have recently reported that GWAS SNPs for
immune-related disorders, such as T1D and Crohn’s disease, are
highly enriched for eQTLs identified from LCLs. While we do find
enrichment of eQTLs from the RYGB cohort for disease categories
such as Early Onset Extreme Obesity, immunity-associated diseases
are also enriched for in this eQTL data set.

To further elucidate the biological relevance of the genetics
and gene expression data from a morbidly obese cohort, we first
compared the liver eSNPs identified from the RYGB cohort to
a previously published liver eSNP set identified from a randomly
selected cohort of 427 livers (Schadt et al. 2008). We found that the
RYGB-specific eSNP genes were enriched for lipid, fatty acid, and
steroid metabolism genes (E = 0.01), and lipid biosynthetic process
(E = 0.04), including a number of genes that have been linked to
obesity, type II diabetes (T2D), and cholesterol biosynthesis.
CPT1B and DGAT1, two genes known to be involved in obesity
(Smith et al. 2000; Robitaille et al. 2007), were found to have liver
eSNPs specific to the RYGB cohort (liver eSNP, P-value=8.91 X 107Y,
1.57 X 107'%, respectively). FABP2, FABP3, PLA2G4A, APOC3,
CETP, DHCR7, DBI, and SREBF2 were found to be RYGB-specific
eSNPs, and each of these genes has been linked to T2D, metabolic
syndrome, or cholesterol biosynthesis previously (Swenson 1991;
Klos etal. 2006; Vock et al. 2008). The drug metabolism-cytochrome
p450s were enriched (E = 0.01) in the SA eSNPs identified in the
RYGB cohort. The differences between the eSNPs identified in the
RYGB and random liver or adipose cohorts (Emilsson et al. 2008;
Schadt et al. 2008) may be due to sample size, as we have explored
previously, or to differences that exist in the activity of genes in
these individuals due to their weight and co-morbidities. However,
we recalculated eSNPs from a subset of 400 liver samples from the
RYGB cohort, and the RYGB-specific eSNPs identified above could
be replicated in the smaller cohort. Therefore, due to the extreme
obesity represented in the RYGB cohort, the eSNPs identified in
this study may be more relevant than those identified from non-
obese cohorts for informing GWAS involving metabolically rele-
vant diseases.

We then went on to explore the gene expression data through
gene trait correlations between liver, OA, SA expression, and obe-
sity traits of interest in the cohort including pre-op BMI, pre-op
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Table 3. Disease-associated SNPs enriched for eSNPs

Total Total loci Total Total loci eSNP Enrichment
Disease disease represented eSNPs detected fold-enrichment P-value®
Childhood asthma 81 8 73 1 7.62 <1 x107'¢
Type | diabetes 364 9 316 3 7.34 <1 x1071¢
Height 40 7 33 1 6.97 <1 x107'¢
Rheumatoid arthritis 580 64 429 11 6.25 <1 x107'°
Multiple sclerosis 416 112 226 16 4.59 <1x107'¢
Hair, eye, and skin pigmentation 60 6 31 1 4.37 6.16 x 1071
Serum LDL cholesterol levels 14 4 7 1 4.23 520 x 1074
Systemic lupus erythematosus (SLE) 24 16 12 5 4.23 510 x 10°°
Serum uric acid levels 45 4 20 1 3.76 4.65%x 1078
Neuroticism 20 18 6 4 2.54 0.024
Crohn'’s disease 583 151 166 16 2.41 <1 x107'®
Early onset extreme obesity 42 31 1 7 2.21 0.008
Pulmonary function phenotypes 68 48 17 7 2.1 0.002
Lipid level measurements 59 41 14 10 2.01 0.008
Minor histocompatibility antigenicity 53 44 12 4 1.91 0.019
Parkinson’s disease 1345 334 269 88 1.69 <1 %1071
Blood phenotypes 72 50 14 4 1.64 0.041
HIV-1 disease progression 659 208 124 28 1.59 1.40 X 1077
Bipolar disorder 215 134 38 27 1.49 0.008
Amyotrophic lateral sclerosis 1548 356 234 79 1.28 6.27 X 1073
Coronary artery disease 2013 265 142 51 1.20 0.014
Alzheimer’s disease 1003 383 304 93 1.19 0.001
Type Il diabetes mellitus 2166 372 272 95 1.14 0.012

“The fold enrichment is computed as the observed overlap count divided by the expected overlap count, estimated by dividing the observed number of
SNPs in the RYGB cohort (299,242) by the number of SNPs in the HapMap (v2) set (2,529,766). The nominal P-values represent the significance of the
Fisher’s Exact Test statistic under the null hypothesis that the frequency of the indicated disease SNP set is the same between a reference set of all SNPs in

HapMap and the set of eSNPs.

leptin, nadir BMI, and excess weight loss at 1 yr (EWL) (Supple-
mental Table 2). XKR4 and TIMP4 were found to be the top cor-
related genes to pre-op BMI and nadir BMI in both OA and SA.
TIMP4 was positively correlated in both tissues, while XRK4 was
negatively correlated. In both tissues the gene set correlated to pre-
op BMI at FDR <5% was enriched for genes present in the macro-
phage enriched metabolic network  MEMN; E = 7.59 X 10732), which
has been linked to obesity previously (Chen et al. 2008; Emilsson
et al. 2008). TIMP4 is a metallopeptidase inhibitor, which is regu-
lated in adipocytes and has been found to be up-regulated in in-
flammatory cardiovascular disorder and during adipogenesis in SA
(Koskivirta et al. 2006; MacLaren et al. 2010). RDH5 and DHRS7B
were found to be positively correlated to pre-op leptin levels in
both tissues. In the liver, OAT and PALLD were found to be the most
highly correlated genes to pre-op BMI, again the correlated genes at
FDR <5% were enriched for genes present in the MEMN (E =7.59 X
10732). F2RL1 was the most highly correlated gene to nadir BMI,
and ANXAS was correlated to EWL. Both gene sets identified at
FDR <10% were enriched for immunoglobulins (E = 2 X 1078 E =
3.34 X 107°). The nadir BMI gene set was also enriched for B-cell
and antibody mediated immunity (E = 1.05 X 107%).

We next investigated the connectivity of the genes in each
tissue profiled in the RYGB cohort through the construction of
gene-gene coexpression networks (Zhang and Horvath 200S5).
Coexpression networks were built independently for each tissue
(Supplemental Fig. 1, described further in Methods). Each module
of the networks was assessed for association with clinical traits by
computing the Pearson correlation coefficient (R) and P-value (P)
between the first Principal Component (PC) of the module in the
mRNA expression space and the clinical traits of interest. We then
queried the eSNPs identified as specific to the RYGB cohort in the
coexpression network modules to identify modules whose ex-
pression was at least partially explained by eSNPs specific to this

cohort, to further allow us to focus our analysis on relevant mod-
ules. The subcutaneous adipose “salmon” and “blue” network
modules (Supplemental Fig. 1C; Supplemental Table 3) were the
most enriched for RYGB cohort-specific eSNP-associated genes
(FET, P-value =2.1 X 1075 and 1.4 X 10~*, respectively). We found
that the “salmon” and “blue” modules were also significantly as-
sociated with a number of traits of interest in this cohort, including
pre-op BMI (“salmon”: R=0.19, P=3.1 X 107?%; “blue”:R=0.17,P=
2.7 X 107, pre-op white blood cell count (“salmon”: R=0.20, P=
1.1 x 107% “blue”: R = 0.30, P = 1.9 X 107'2), post-op BMI
(“salmon”: R=0.15,P=1.2 X 1075, “blue”: R=0.10, P=0.032), and
post-op leptin levels (“salmon”: R=0.28, P=0.012). Genes in both
the SA “salmon” and “blue” network modules significantly over-
lapped the MEMN that had been associated with a number of
metabolic traits including obesity, diabetes, and atherosclerosis
(“salmon”: E = 4.1 X 1073%; “blue”: E = 8.1 X 10~%%) (Chen et al.
2008; Emilsson et al. 2008). Focusing only on the eSNP-associated
genes in these modules, this enrichment remains significant
(“salmon”: E = 2.2 X 1071%; “blue”: E = 5.9 X 10722). These results
replicate previous findings implicating adipose inflammation as a
central process in obesity (Emilsson et al. 2008), and we have
found an enrichment of genes in this module whose expression in
adipose tissue is driven by eSNPs specific to an obese cohort.
Three modules in the liver (the “sienna,” “cyan,” and “blue”
modules in Supplemental Fig. 1A; Supplemental Table 4) were found
to be significantly correlated to pre- and post-op weight traits as well
as leptin levels. The strongest correlations were observed between
the liver “sienna” module and the pre-op BMI (R = 0.24, P = 4.9 X
10~'1), post-op BMI (R = 0.17, P = 3.3 X 10~°), and post-op leptin
levels (R=0.26, P=2.7 X 10~%). The “sienna” module contains only
26 genes, which were enriched for oxygen transport (E = 1.04 X
10719 and defense response to bacterium (E = 2.35 X 1079).
Defensin alpha 1, 3, and 4 are the most highly connected genes in
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this module and connect to a number of other genes associated
with immune and inflammation response. The “blue” module had
significant correlations to pre-op BMI (R=0.18, P=2.7 X 10~%) and
post-op BMI (R = 0.15, P = 1.3 X 10~%), while the “cyan” module
showed similar correlations to both pre-op BMI (R=0.19,R=1.9 X
1075) and post-op BMI (R=0.15, P= 4.8 X 10~*). Notably, both the
“blue” and “cyan” modules were also highly enriched for genes
involved in immune response (E = 6.85 X 107°°) and inflammatory
response (E = 1.18 x 1072*), respectively. These modules were not
significantly enriched for cohort-specific eSNPs.

Genome-wide association analysis

The availability of high-density SNP genotyping and clinical end-
point data from individuals in the RYGB cohort also allowed us to
conduct SNP-clinical trait association analyses. We first looked for
association between SNPs, BMI, and leptin in the RYGB cohort at
a number of time points (for a full description, see Methods). A
single significant association at 10% FDR to pre-op BMI was iden-
tified, rs1916803 (P=1.69 X 10~7) (Table 4). To our knowledge, this
region has not been associated with BMI previously; however, we
were able to use the RYGB eSNP data to inform this association.
rs1916803 was identified as an eSNP in SA to the gene WDR69 (P =
8.66 X 10~®). WDR69 is not well studied, but it has been identified as
a target of SUMO1 (Ganesan et al. 2007), which could indicate a role
for the gene in cell cycle and growth control. Bayesian networks that
have been derived from human female liver data identify an associ-
ation between WDR69 and HTR2C, the serotonin receptor 2¢ (Schadt
et al. 2008). HTR2C is a target of the weight-loss drug dexfenflur-
amine, and polymorphisms in HTR2C have been linked to obesity
and weight gain (Pooley et al. 2004). WDR69 was also found to be
differentially expressed in an independent analysis of pre- and post-
RYGB skeletal muscle biopsies in a separate cohort (Park et al. 2006).

A single association was identified between post-op BMI in
the RYGB cohort and rs17485462. rs17485462 is not an eSNP in
the RYGB cohort; it is located in the gene C120rf11 and near ITPR2.
ITPR?2 is a ligand-sensitive Ca®*-release channel that mediates ex-
tracellular Ca®* influx. Both ITPR2 and ITPR3, associated with ex-
treme obesity through case-control analysis (Cotsapas et al. 2009),
have been linked to calcium and nutrient signaling in the pancreas
and salivary glands and are important in the ability to digest nutri-
ents. However, ITPR2 double knockout mice weigh less than con-
trols even when fed a wet mash so that digestion is not impeded
(Futatsugi et al. 2005). ITPR2 subnetwork extracted from the Bayesian
network derived from this human tissue cohort is enriched for genes
involved in lipid metabolism (E = 4.4 X 10~ *) and fatty acid metabolism
(E=6.6 X 107%.

Pre-op leptin levels in the RYGB cohort were suggestively as-
sociated with two SNPs, 1661577 (P = 1.64 X 107°, 20% FDR) and
152343 (P = 1.36 X 107°, 20% FDR), located on two different

Table 4. Associations to BMI and leptin identified in the RYGB cohort

chromosomes (Table 4). rs661577 is an eSNP in OA for the gene
TPP2 (P = 1.55 X 107%), tripeptidyl peptidase II, which is believed
to regulate apoptosis and cell proliferation. Individuals with the
minor allele were found to have a mean pre-op leptin level 27 ng/
dL higher than individuals who were homozygous for the major
allele. 1s661557 was also found to be associated with the ratio of
pre-op leptin to BMI (P = 1.23 X 107°). In the mammalian hypo-
thalamus, TPP2 has a proposed anti-satiety role and is believed to
stimulate adipogenesis, pointing to an important role for TPP2 in
obesity and diet control. TPP2 levels have been found to be lower
in adipose tissue from obese individuals, but then increased during
adipogenesis of 3T3-L1 cells and in response to metabolic cues in
mouse models (McKay et al. 2007). The second association to pre-
op leptin identified, rs2343, is in the gene TTC7B. TTC7B has been
shown to be differentially expressed in lean versus obese B6 and
BTBR mice (Keller et al. 2008), and a haplotype including TTC7B
has been associated with T2D previously (Salonen et al. 2007).

Our within-cohort association analysis did not replicate pre-
viously identified SNPs associated with BMI or leptin. However,
when we looked at other traits, such as HDL, we found significant
associations to multiple SNPs within or near CETP, cholesteryl ester
transfer protein, a region that has been linked to HDL cholesterol
in the literature previously (Saxena et al. 2007; Chambers et al.
2008; Kathiresan et al. 2008; Willer et al. 2008a). rs7499892 was
found to be significantly associated (P = 6.51 X 10~%, FDR < 10%)
with pre-op HDL levels in the RYGB cohort. 1s7499892 is in an
intron of CETP and is an eSNP to CETP in the liver (P = 5.37 X
1075). Variants in CETP have been linked to HDL cholesterol levels
in the literature previously; however, for the first time, our study
links these associations to the expression of CETP.

Discussion

Obesity is a complex disease with many contributing genetic and
environmental factors. Currently, bariatric surgery is the only ef-
fective treatment of extreme obesity. RYGB surgery had a dramatic
effect on BMI and circulating leptin levels in this cohort. Genetic
analysis of these patients has identified novel polymorphisms as-
sociated with extreme BMI and leptin levels, and replicated pre-
vious associations between HDL and SNPs within CETP. Through
our genetics of gene expression analysis, we were then able to link
the SNPs to the expression of specific genes of interest, including
WDR69 and TPP2, and for the first time linked an SNP associated
with HDL to the expression of CETP. As may be expected given the
extreme obesity of this cohort, genetic associations to BMI and
leptin differ from those that have been identified through case-
control studies or analysis of individuals with a random range of
BMI. We have attempted to correct for biological and technical
cofounders of the data set through the use of technical corrections
as well as the use of T2D status and common medications as
covariates in our analysis. However, this
may not capture cofounders such as diet,
smoking status, and other unknown

characteristics of the cohort. These factors

BP Closest
Trait dbSNP ID P-value Chr  position  MAF eSNP gene gene may have an effect on expression of genes
and should be considered when inter-
Pre-op BMI  rs1916803 1.69 X 1077 2 228,461,276 0.47 WDR69 preting these results. It is also unknown
Post-op BMI  rs17485462 4.06 X 1077 12 26,976,961 0.13 C120rf11; ITPR2  whether individuals in this cohort were
Pre-op leptin  rs661577 1.64 X107 13 102,124,313 0.18 TPP2

Pre-op leptin  rs2343 1.36 X 107 14 90,164,252 0.40

MCH4R carriers of monogenic forms of obe-
sity. However, recent literature has shown

TTC78B

Significant associations to weight traits identified at 20% FDR. If the SNP is an eSNP, the associated
gene is reported; for non-eSNPS, the closest gene is reported. (MAF) Minor allele frequency.

that there is no difference in response to
RYGB for MC4R carriers (Aslan et al. 2010).
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Identification of eSNPs in four metabolic tissues

High-density genotyping and gene expression analysis in four
metabolically relevant tissues from individuals undergoing RYGB
has allowed us to identify 24,531 unique eSNPs associated with
about 10,000 known genes. The number of eSNPs identified from
this cohort is to our knowledge the largest of any study to date. We
have for the first time identified eSNPs to stomach, an important
tissue in weight loss post-RYGB. We also show that as sample size
increases, so does the number of observed eSNPs, as well as the
number of tissue-independent eSNPs, leading us to believe that as
sample sizes increase for these types of studies and more tissues are
accessed, an eSNP to each gene may be identified. Through com-
parison of eSNPs identified in liver and adipose from random in-
dividuals, with the RYGB cohort we found that eSNPs to a number
of genes linked to T2D, cholesterol biosynthesis, and obesity were
specific to the obese cohort. Therefore, we hypothesize that sets of
eSNPs may not only be tissue-specific, but cohort-specific as well,
dependent on demographics and gene activity.

Analysis of the gene expression and gene connectivity from
each of the tissues has allowed us to identify a number of genes of
interest correlated to traits of extreme obesity and weight loss after
surgery. Both analyses identified association to gene sets or modules
enriched for inflammation-associated genes, indicating that in-
flammation plays a central role in obesity. While our results do not
imply causality between the eQTLs, coexpression network modules,
and the traits correlated with the modules, we have previously
demonstrated in mouse studies that coexpression modules enriched
for eQTLs that associate with phenotypes of interest are causal for
the associated phenotypes (Chen et al. 2008), which represents one
possible interpretation of the results we report here.

We have used the RYGB eSNPs to inform our association
analysis as well as show the utility of eSNPs in interpreting GWAS for
disease. In the future, this set of eSNPs from multiple metabolically
relevant tissues will be of great use in informing association analysis
with the potential to pinpoint genes and associated networks of
interest that may lead to the design of therapeutics for metabolic
disorders. Comparison to other liver eSNP data sets has shown that
a number of the eSNPs associated with genes that have been linked
to obesity phenotypes identified in this cohort are distinct to the
obese population, reinforcing the importance of this eSNP data set
in the study of metabolic disorders.

Methods

Data set description

Tissues were collected from a total of 1008 patients at the time of
RYGB surgery at Massachusetts General Hospital between 2000
and 2007 (Supplemental Table 5). Samples were collected in RNA-
later (Ambion/Applied Biosystems), stored at —80°, and shipped to
the Rosetta Inpharmatics Gene Expression Laboratory in Seattle,
Washington for extraction, amplification, labeling, and microarray
processing in 2007. The samples processed ranged in size from 100
to 200 mg. Genomic DNA was extracted from liver tissues, and total
RNA was extracted from liver, SA, OA, and stomach tissues. RNA
from liver, OA, and SA was converted to fluorescently labeled cRNA
that was hybridized to custom 44K DNA oligonucleotide micro-
arrays manufactured by Agilent Technologies as described pre-
viously (Hughes et al. 2001; Schadt et al. 2008). The custom array
consists of 4720 control probes and 39,820 noncontrol oligonu-
cleotides. Samples with a 3’ bias >1 or <—1.5 from the mean of all
samples were removed from the analysis, to prevent any bias from
cRNA yield. RNA and gene expression profiling results were suc-
cessfully collected from 651 liver, 848 OA, and 701 SA samples. RNA

from 130 stomach samples collected in the RYGB cohort were am-
plified and labeled using a custom automated version of the NuGEN
Ovation WB protocol and profiled on the Affymetrix Human
U133A array. Samples with an RIN >5 and a 28S/18S ratio between
0.75 and 3.02 went on for profiling. Hybridization, labeling, and
scanning using Affymetrix ovens, fluidics stations, and scanners
followed recommended protocols (NuGEN). One hundred eigh-
teen stomach samples were profiled. Each DNA sample was gen-
otyped on the Illumina 650Y BeadChip array. Nine hundred fifty
samples were successfully genotyped. Sex was confirmed using
PLINK (Purcell et al. 2007). Identity by state (IBS) analysis was per-
formed to identify related individuals. Eighteen parent-offspring,
six sibling, and eight second-degree relatives were identified; four
of these were related trios. Twenty-eight individuals were removed
to eliminate IBS in the data set, leaving 922 samples for use in
analysis. EIGENSTRAT was used to confirm reported race (Price
et al. 2006).

Demographic information including age, race, gender, height,
type of surgery, and year of surgery was collected for each patient.
The cohort was predominantly (88%) self-reported “white” and fe-
male (75%). Fifty-nine percent of surgeries were performed lapro-
scopically, and the rest were performed open. Weight and blood
levels of leptin were collected for each individual at varying times
from 1 yr pre-op to 7 yr post-op. The post-op data available on in-
dividuals vary depending on when the surgery was performed. BMI
was calculated as (weight in kilograms)/(height in meters)?. Infor-
mation on diabetic status, insulin use, metformin use, and statin
use was extracted from medical records when available and con-
firmed through independent chart review in one-third of the co-
hort. Forty-six percent of the cohort was identified as type 2 diabetic,
13% had received prescriptions for insulin, 5% had received a pre-
scription for metformin, and 28% had received a prescription for
a statin.

Microarray normalization

Gene expression data were generated using Rosetta Resolver gene
expression analysis software (version 7.0, Rosetta Biosoftware) and
MATLAB (The MathWorks). To remove bias in expression profiles
related to potential latent variables unrelated to underlying bi-
ological processes, we implemented a normalization method based
on control probes present on the microarrays. We separated the
control probes into two classes: (1) specialty probes, such as spike-
in probes or other probes designed to monitor the quality of the
microarrays; and (2) border probes used to describe the geometry of
the microarray. We then identified the Principal Components (PC)
explaining the variability of each control probe class and then
identified the same components from a randomly permuted data
set. We performed 10,000 permutations for each set of control
probes and selected Principal Components with P-values defined
as {number of [var(random-PC;) > var(PC;)]}/(number of permuta-
tions) < 10™%. Following this procedure, we identified a total of 14,
20, and 19 Principal Components for liver, OA, and SA, respectively.
The expression data in each tissue for each probe are thus the re-
siduals from a linear model fitting incorporating the significant
PCs.

The next step in data normalization was to analyze the con-
tribution of each of the experimental covariate’s age, race, gender,
surgery year, surgery type, and BMI to the gene expression. The
distribution of P-values obtained from an ANOVA model for each
covariate strongly suggests that correcting for age, gender, and
surgery year was necessary (also confirmed by stepwise regression
using Akaike information criteria [AIC]). EIGENSTRAT (Price et al.
2006) Principal Component 1 was also used as a covariate in all
analysis as a surrogate for race.
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A Matlab implementation of this algorithm is available upon
request. The expression data are available at GEO super series Ac-
cession ID GSE24335. Genotyping data will be made available at
dbGaP (https://dbgap.ncbi.nlm.nih.gov/), and all data are avail-
able upon request from Massachusetts General Hospital at http://
WWW.Samscore.org.

SNP-trait association analysis

SNP-trait associations were identified using the Kruskal-Wallis test
(Kruskal and Wallis 1952). Additional covariates used in this analysis
included diabetes status, insulin use, metformin use, and statin use.
Association was calculated to BMI, leptin levels, and HDL at each
available time point including pre-op (first pre-op reading), baseline
(reading closest to time of surgery), early (within 90 d of surgery),
post-op readings between 6 mo and 36 mo averaged, post-op 1 yr,
post-op 2 yr, and post-op last reported reading. All time points were
not available for every subject. Where SNP associations were iden-
tified to the same trait in high LD (>0.75) with each other, the SNP
with the most significant P-value is reported. The false discovery rate
(FDR) for significance was determined through permutations of each
individual trait and time point. A 10% FDR was used for reporting
results as significant, 20% FDR for suggestive.

eSNP identification

Cis- and trans-acting expression quantitative trait loci (eQTLs) were
identified using a method similar to that previously described
(Schadt et al. 2008). Briefly, eQTLs for gene expression traits were
determined by identifying the SNP most strongly associated with
each expression trait profiled on the array over all genotyped SNPs.
An expression trait in our study is the basic measure of gene ex-
pression for a given transcript of interest monitored via the Agilent
microarrays using oligonucleotide probes specific to the transcript
of interest. The expression trait measure for a given sample is formed
by taking the mean of the log ratio of the intensity measure for the
corresponding probe in the sample divided by the intensity for the
same probe in the reference sample. The mean log ratio statistic is
therefore a quantitative measure of the relative abundance of the
corresponding target in the sample relative to the reference sample.
For a given expression trait, these mean log ratio measures were
used as input into the R-based kruskal.test procedure, along with
the genotype vectors for the corresponding SNPs of interest. The
kruskal.test procedure converts the quantitative gene expression
vector into a rank-ordered list based on the mean log ratio values
and then tests whether the population medians are equal among
the genotype groups. A cis eQTL occurs if the SNP and the transcript
are within 1 Mb from each other regardless of the transcriptional
start or stop of the transcript. All other eQTLs that are not cis are
trans eQTLs. Association was tested to all expression traits measured
on the array. Only associations that exceed 10% FDR are reported.
FDR was estimated by permuting expression data.

Gene trait correlations

Gene trait correlations were calculated for pre-op BMI, pre-op
leptin, excess weight loss at 1 yr (EWL), and nadir BMI in liver, OA,
and SA using the Pearson correlation in R (corr function). The false
discovery rate (FDR) was calculated using the R Q-value package
(Dabney and Storey).

Coexpression modules

The 10,159 (the top 25%) most varying genes based on standard de-
viation were selected for constructing a weighted gene coexpression

network for each of the three tissues (Zhang and Horvath 2005).
The weighted network analysis begins with a matrix of the Pearson
correlations between all gene pairs, then converts the correlation
matrix into an adjacency matrix using a power function f{(x) = x.
The parameter 8 of the power function is determined in such a way
that the resulting adjacency matrix, i.e., the weighted coexpression
network, is approximately scale-free. To measure how well a net-
work satisfies a scale-free topology, we use the fitting index pro-
posed by Zhang and Horvath (20095), i.e., the model fitting index
R? of the linear model that regresses log[p(k)] on log(k), where k is
connectivity and p(k) is the frequency distribution of connectivity.
The fitting index of a perfect scale-free network is 1. For each data
set, we select the smallest  that leads to an approximately scale-
free network with the truncated scale-free fitting index R* >0.8.

To explore the modular structures of the coexpression net-
work, the adjacency matrix is further transformed into a topologi-
cal overlap matrix (Ravasz et al. 2002). As the topological overlap
between two genes reflects not only their direct interaction but
also their indirect interactions through all the other genes in the
network, previous studies (Ravasz et al. 2002; Zhang and Horvath
2005) have shown that topological overlap leads to more cohesive
and biologically more meaningful modules. To identify modules of
highly co-regulated genes, we used average linkage hierarchical
clustering to group genes based on the topological overlap of their
connectivity, followed by a dynamic cut-tree algorithm to dy-
namically cut clustering dendrogram branches into gene modules
(Langfelder et al. 2008).

To distinguish between modules, each module was assigned
a unique color identifier, with the remaining, poorly connected
genes colored gray. Supplemental Figure 1 shows the topological
overlap matrix (TOM) heatmaps for each module from each tissue.
In this type of map, the rows and the columns represent genes in a
symmetric fashion, and the color intensity represents the inter-
action strength between genes.
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