(V)]

O o ~N

10

12
13

14
15

16
17
18
19

20
21

22
23

24

25
26
27
28
29
30
31
32
33
34
35
36

bioRxiv preprint doi: https://doi.org/10.1101/2023.08.01.551489; this version posted November 20, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

available under aCC-BY 4.0 International license.

Genetic regulatory effects in response to
a high cholesterol, high fat diet in baboons

Wenhe Lin,!" Jeffrey D. Wall,>® Ge Li,> Deborah Newman,* Yunqi Yang, Mark
Abney,! John L. VandeBerg,* Michael Olivier,’ Yoav Gilad,"** Laura A. Cox>*"

! Department of Human Genetics, The University of Chicago, Chicago, USA

2 Institute for Human Genetics, University of California San Francisco, San Francisco,
CA, USA

3 Center for Precision Medicine, Wake Forest University School of Medicine, Winston-
Salem, NC, USA

4Southwest National Primate Research Center, Texas Biomedical Research Institute, San
Antonio, TX, USA

> Committee on Genetics, Genomics and System Biology, The University of Chicago,
Chicago, USA

¢ Department of Human Genetics, South Texas Diabetes and Obesity Institute, University
of Texas Rio Grand Valley, Brownsville, TX, USA

" Department of Medicine, Section of Genetic Medicine, The University of Chicago,
Chicago, IL, USA

8 Present address: Galatea Bio, Hialeah, FL, USA
?Lead contact

*Correspondence: wenhelin@uchicago.edu (W.L.), gilad@uchicago.edu (Y.G.),
laurcox@wakehealth.edu (L.A.C.)

Summary

Steady-state expression quantitative trait loci (eQTLs) explain only a fraction of disease-associated
loci identified through genome-wide association studies (GWAS), while eQTLs involved in gene-
by-environment (GxE) interactions have rarely been characterized in humans due to experimental
challenges. Using a baboon model, we found hundreds of eQTLs that emerge in adipose, liver, and
muscle after prolonged exposure to high dietary fat and cholesterol. Diet-responsive eQTLs exhibit
genomic localization and genic features that are distinct from steady-state eQTLs. Furthermore,
the human orthologs associated with diet-responsive eQTLs are enriched for GWAS genes
associated with human metabolic traits, suggesting that context-responsive eQTLs with more
complex regulatory effects are likely to explain GWAS hits that do not seem to overlap with
standard eQTLs. Our results highlight the complexity of genetic regulatory effects and the
potential of eQTLs with disease-relevant GXE interactions in enhancing the understanding of
GWAS signals for human complex disease using nonhuman primate models.
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Introduction

Genome-wide association studies (GWAS) have identified numerous non-coding loci that are
associated with complex traits and diseases!. These loci are thought to modulate disease risk by
regulating gene expression, yet only about 40-50% of non-coding GWAS hits are explained by
expression quantitative trait loci (¢QTLs)?>®. The majority of eQTLs have been discovered from
healthy adult tissues in an unperturbed state, known as standard eQTLs’. However, eQTL effects
can vary across different environmental contexts, such as tissue types’, cell states®, developmental
stages’, and external perturbations'?. Our ability to explain GWAS signals could be improved by
expanding the scope of eQTL studies to account for gene-by-environment interactions (GxE).

Metabolic traits are highly influenced by environmental factors, particularly diet. For
example, high-fat diets have been associated with dysregulation of lipid metabolism, leading to
increased adiposity and the development of metabolic disorders such as obesity and type 2
diabetes!!"12. Investigating the intricate interplay between genetics and diet is essential to advance
our understanding of metabolic health and develop effective strategies for disease prevention and
management.

However, studying gene-by-diet interactions in humans is challenging due to the practical
limitations of performing long-term diet interventions and the restricted availability of living tissue
samples. Rodent models can be used to circumvent these challenges, but due to genetic and
biological differences, it is often difficult to translate results from rodents to humans, especially
when GXxE interactions are involved. In contrast, non-human primates share a striking genetic and
physiological resemblance to humans, and their larger size permits collection of multiple tissue
samples throughout the lifespan, facilitating longitudinal studies. The complex social interactions
and structure of baboon colonies and a growing suite of baboon genetic resources, have made
baboons one of the preferred primate models for genetic studies of complex traits'*°. Baboons
are particularly well-suited for studying metabolic disorders, as human lipid metabolism is more
strongly correlated with that of baboons than with lipid metabolism in other Old World monkeys
such as rhesus macaques, cynomolgus macaques, or vervet monkeys?!. Indeed, plasma cholesterol
concentrations in baboons respond to dietary cholesterol and fat intake in a similar manner as
humans?2. In this study, we explored gene-by-diet effects on gene regulation in vivo in a
longitudinal study of baboons.

Results

Modelling gene-by-diet interactions in baboons

We obtained adipose, liver, and muscle tissue samples from 99 sexually mature captive baboons
(57M, 42F) on a standard low cholesterol, low fat (LCLF) diet (Figure 1A; Table S1). After a
two-year period of feeding the baboons a high cholesterol, high fat (HCHF) diet (Table S1), we
collected a second set of samples from the same donors and tissues (Figure 1A). We used RNA-
sequencing to obtain transcriptomic profiles for each tissue sample. We recorded extensive
metadata at every stage of sample collection and processing (Table S2). To confirm the tissue
source of each sample, we computationally inferred cell type composition in each sample based
on gene expression signatures®® (Figure 1B). Following rigorous quality control and filtering, we
retained data from a total of 570 samples and 20,224 genes for downstream analyses (Figures S1
and S2).
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We also evaluated possible biological and technical sources of variation in the filtered data,
confirming that most of the variation in the gene expression data is explained by tissue type
(Figures 1C and S1D). Finally, we obtained genotype data for each animal from either high-
coverage whole-genome sequencing (WGS) data'® or high-fidelity imputation®* from low-
coverage WGS data (Figure S3). These data allowed us to investigate how gene expression and
genetic regulation change in response to the HCHF diet in a controlled environment.
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Figure 1. Overview of the study design and dataset.

(A) Overview of diet intervention and sample collection. 99 baboons switched from a LCLF diet to a HCHF diet for
two years. mRNA was collected from liver, muscle, and adipose tissue before and after the diet switch. Collection
time points are indicated by vertical bars.

(B) Representative cell type enrichment in each tissue.

(C) Principal components (PC) analysis of mRNA samples after quality control (n=570), with diet condition indicated
by color.

Gene expression changes in response to HCHF diet

As a first step of our analysis, we characterized gene expression changes in response to the HCHF
diet in each tissue. Across the three tissue types, we classified 6,378 genes as diet-responsive (DR);
namely, genes that are differentially expressed between LCLF and HCHF conditions in at least
one tissue type (false discovery rate (FDR) < 0.01, Figure S4A; Table S3). By jointly analyzing
the DR effects, we found that more than 60% of DR genes are specific to a single tissue (Figure
S4B-C). To understand how DR genes function at a broad level, we performed gene set enrichment
analysis (GSEA) in each tissue using 50 hallmark gene sets that represent well-defined biological
states or processes>. Among the top-scoring results, we identified positive enrichment of DR
genes involved in epithelial-mesenchymal transition (EMT), inflammatory responses, interferon
responses, KRAS signaling, TNF-a signaling, and other immune-related processes in adipose and
liver (Figures 2A, S5, and 6). Both chronic inflammatory microenvironment and EMT have been
shown to promote pathological fibrosis and metabolic dysfunction in tissues such as adipose and
liver?6-27,

In rodents, excess dietary fat and cholesterol have been shown to promote an increase in
tissue-resident inflammatory immune cells?®?°. To determine whether the HCHF diet induced a
similar shift in the cell composition of baboon tissues, we compared the inferred cell type
composition in each tissue before and after the change in diet (Figure S7). We found a variety of
immune cell types, including dendritic cells, monocytes, and macrophages, to be significantly
more enriched following the HCHF diet, specifically in adipose and liver (Figure 2B). Expansion
of monocyte-differentiated macrophages has been shown to promote fibrosis in human liver?’-°,
Indeed, we observed an enrichment of fibroblasts in liver after the switch to the HCHF diet (Figure
S7).
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Sex differences in transcriptional responses to HCHF diet

Many metabolic traits show sex-differential characteristics, which could be explained by sex biases
in biological processes and genetic regulation. We thus explored whether male and female baboons
differed in their transcriptional responses to the HCHF diet. While we found no evidence of sex
bias among DR genes in liver or muscle, we classified 1,434 sex-biased DR genes (FDR < 0.05)
in adipose tissue (Figures 2C, S8A and S8B; Table S4). GSEA revealed that male-biased DR
genes are more enriched in immune-related functions, whereas female-biased DR genes are more
enriched in metabolic processes (Figure 2D). To explore these patterns further, we performed an
independent analysis of expression data from males and females separately. Our sex-stratified
analysis indicates that immune responses are enhanced in both sexes, with a stronger enrichment
in males after the HCHF diet (Figure S8C). This may be in part due to the anti-inflammatory

effects of estrogens, the primary female sex hormones?!-32,
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Figure 2. Transcriptional responses to the HCHF diet.

(A) Diet-responsive differential expression analysis. DR genes are significantly enriched in inflammatory responses
in adipose (P<2x107'%) and liver (P<6x10'%), but not in muscle (P=0.1). Inflammatory response genes are highlighted
in purple. The dashed line indicates an FDR threshold of 0.05.

(B) Cell type enrichment changes in response to the HCHF diet. Adipose and liver are significantly enriched for a
variety of immune cells following the HCHF diet. Asterisks indicate statistical significance (ns: non-significance,
*P<0.05, **P<0.01, ***P<0.001).

(C) Differential expression analysis of sex-biased diet responses. Colored dots are significant sex-biased DR genes
with an FDR threshold of 0.05.

(D) Pathway enrichment of sex-biased DR genes. Top positive enrichments (FDR<0.05) are male-biased (blue) and
associated with immune-related activities. Top negative enrichments (FDR<0.05) are female-biased (red), involved
in metabolic processes. The enrichment items are ranked by the normalized enrichment score from top to bottom.
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Diet-responsive genetic effects on gene expression

Although we observed global transcriptional responses to HCHF diet in baboons, the dietary
effects on gene expression can vary across genetic backgrounds. Captive non-human primates,
even with a relatively small sample size, have exhibited their power in eQTL studies due to the
homogenous environment and uniform tissue collection process®’. Leveraging the unique
advantages of the baboon model, we investigated gene-by-diet interactions and characterized diet-
responsive genetic effects on gene expression. First, we mapped cis genetic variants (MAF > 5%)
that are associated with gene expression levels (eQTLs) of their cognate genes in each tissue
independently, separated by diet condition. To do this, we fit a linear model accounting for
relatedness, known sample covariates, and cryptic sources of gene expression variability. Across
all six combinations of tissue and diet, we discovered 7,471 genes with at least one significant cis-
eQTL (FDR < 0.05; Table S5), ranging from 2,112 to 3,509 per tissue and diet combination
(Figure S9A). To increase power, we also performed a joint analysis of the effects of all top
variant-gene pairs (n=14,814) across all tissue and diet combinations using mashr**. With this
more powerful approach, which leverages the information across all samples in our study, we
found a total of 12,402 eQTLs (local false sign rate (LFSR) < 0.05; Figure S9B).

We further explored this set of eQTL-gene pairs to identify diet-responsive eQTLs (DR
eQTLs) in each tissue. DR eQTLs may differ in the presence, magnitude, or direction of their
effects between the different diet conditions. We identified 2,714 DR eQTL—gene pairs with diet-
specific effect in at least one tissue (LFSR < 0.05, magnitude > 1.5; Figure 3A; Table S6).
Depending on the tissue, between 49% to 58% DR eQTLs have stronger effects in the HCHF diet.
We observed that the DR eQTLs are highly tissue specific. Only 6% of DR eQTLs are shared in
at least two tissues, while pairwise sharing of steady-state eQTLs across tissues is 29-38% (Figure
S10). For example, a DR eQTL (chrl:131619858:G T; P=3.5x10") for APOA2 emerged in
response to the HCHF diet and is present only in liver (Figure 3B). APOA?2 is involved in lipid
metabolism and transport®, and multiple variants that are linked to APOA2 have been found to be
associated with cholesterol levels in humans®®. An interaction between an APOA2 single
nucleotide polymorphism (SNP) and saturated fat intake has also been reported to influence body
mass index (BMI) and obesity?’°. This non-coding SNP of APOA2 (rs5082) shows a significant
positive association with BMI in three independent cohorts of European and Hispanic individuals
with high saturated fat intake (>22g/d) (Figure 3C). Non-coding trait-associated loci in humans
are predominantly located in open chromatin regions in relevant cell types and are enriched in gene
regulatory elements, suggesting that they are mediated by altering gene regulation of nearby genes.
However, no eQTLs have been found to be linked to APOA2 in adipose, liver, or muscle from
standard eQTL mapping studies such as GTEx, indicating that some eQTLs may be revealed only
in specific contexts as suggested by other studies.

Colocalization of diet-responsive eQTLs with lipid biomarkers

Next, we sought to assess whether DR eQTLs can explain the molecular basis of relevant
physiological traits. We performed physiological QTL mapping for 10 lipid biomarkers collected
from the same cohort of baboons before and after the HCHF diet intervention*® (Table S7, Figure
S11). Using a multi-trait colocalization method*!, we identified seven regions where an eQTL
colocalized with at least one lipid biomarker (posterior probability of sharing the same causal
variant (PP) > 0.5; Figure S12). All seven colocalizations are linked to genes that contain variants
associated with metabolic-relevant traits in human GWAS. Within these seven regions, we found
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two DR eQTL-lipid biomarker colocalizations. For example, DR eQTL (chr2:74238226:C T) for
MAGII colocalized with a variant associated with the size distribution of high-density lipoprotein
(dHDL) in baboons (PP=0.54, PPcandidate snp=0.91, Figure S13A). MAGI1 is genetically associated
with a variety of relevant human traits, including cholesteryl ester (17:0) levels*? and coronary
artery calcification®®. The two DR eQTL-lipid biomarker colocalizations we identified have
similar effects on the corresponding lipid biomarkers in both diet conditions (Figure S13),
suggesting that the mediated effects of eQTLs on phenotypes can be context-dependent. Despite
the limited sample size, our results suggest that DR eQTLs, and more generally, dynamic eQTLs
identified in disease-relevant contexts, are useful for characterizing GWAS loci in humans.

Sex biases in diet-responsive genetic effects

Given that we observed sex-biased transcriptional responses to the HCHF diet in adipose tissue,
we sought to investigate sex effects on diet-responsive gene regulation. We mapped sex-biased
eQTLs by incorporating a genotype-by-sex (G x Sex) interaction term into our models for each
tissue and diet combination. Across all tissues, we found eight sexually dimorphic DR eQTLs
(FDR < 0.25) (Figure S14), which are either present exclusively in one sex, present in both sexes
with a concordant allelic effect but different effect sizes, or present in both sexes with a discordant
allelic effect. More than half of sex-biased eQTLs are observed only in response to diet, indicating
that sex effects can mask diet-responsive genetic effects (Figures S14A-E).

For example, we found a DR eQTL for OLRI (chr9:8884799:C T) in muscle has opposite
effects in males and females and was not discovered in our sex-combined analyses (Pgxsex=1.5x10"
’: Figure 3D). OLRI encodes lectin-like oxidized low-density lipoprotein receptor and has been
shown to be associated with its protein level in GWAS*. It also harbors a missense variant
(rs11053646; K167N) in humans that has been reported to have a sex-specific association with
carotid atherosclerotic plaque in individuals of Dominican descent®. Sex-stratified analysis
revealed that rs11053646 is significantly associated with plaque presence and all plaque sub-
phenotypes in women (OR, 2.44 to 5.86; P=3x10"* to 8x10-) but not in men (OR, 0.85 to 1.22;
P=0.77 t0 0.92; Figure 3E).

6


https://doi.org/10.1101/2023.08.01.551489
http://creativecommons.org/licenses/by/4.0/

—
[e>iNo R0 BN e Y, IE SRV RN S R

N F= et et et et e e e
OO0 I nNh W —

\S}
—_

N NN NN
[ N BV

bioRxiv preprint doi: https://doi.org/10.1101/2023.08.01.551489; this version posted November 20, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

available under aCC-BY 4.0 International license.

A B C o
) ) 1‘ liver ﬂ
Adipose (874) Liver (1091) 2 Boston—Puerto Rican (n=409) ;**4{
N.S.  sowwx .
s S High
83 oy GOLDN (n=622) Ho— Fat
730 923 A | Intake
. Framingham Offspring (n=630) +Ho—
17 g0 .
44 68 o Boston—Puerto Rican (n=521)1 —@&—i
E s Low
[s) GOLDN (n=449) & Fat
620 = BGG Intake
n.s.
-2 i Framingham Offspring (n=824) s 3
LCLF HCHF
Muscle (749 B0 =
(749) chr1:131619858:G_T 3-2-101 23
Effect size
D E
[ ]
Plaque phenotype Sex
1‘ | LCLF || HCHF | [ LcLF ][ HeHF ] w Ll Yp
Calcified { ¢— n.s.
p n.s. n.s. RS T Sex n.s. n.s. Irregular{ 49— ns.
E = F Thick{ 4~ ns.| |'M
BE M ) {
S} é B F+M Multiple | 9~ ns.
D HIE 1
L 5 Presence ¢ ns.
E Calcified{ {—#————
S 0 . Irregular{ | ————— *=x
% * Thick { ##— F
Z -2 Multiple w—«
Presence{ i
01 5 10 15 20

CCCTTT CCCTTT CCCTTT CCCTTT
chr9:8884799:.C_T

CCCTTT CCCTTT Odds Ratio (log scale)

Figure 3. Diet-responsive genetic regulatory effects.

(A) Discovery and overlap of DR eQTL-gene pairs across tissues.

(B) A liver-specific DR eQTL (chr1:131619858:G_T) for APOA2. The eQTL effect emerged in response to the HCHF
diet and was present only in liver (LFSRLcLr=0.49, Brerr=0.11, LFSRucnr=0.04, Bucnr=0.31). Opaque colors are
HCHEF; light colors are LCLF. Opaque colors are HCHF; light colors are LCLF.

(C) Genetic association between a SNP of 4POA2 (rs5082) and BMI from three independent human populations
stratified by saturated fat intake (<22 g/d [low] and >22 g/d [high]). The populations are from the Boston—Puerto
Rican Centers on Population Health and Health Disparities (Boston—Puerto Rican) Study, the Framingham Offspring
Study (FOS), and the Genetics of Lipid Lowering Drugs and Diet Network (GOLDN) Study. Error bars represent
standard deviation of effect size. Error bars represent standard deviations.

(D) A sex-biased eQTL (chr9:8884799:C T) for OLRI. The regulatory effect of this SNP was present in both males
(blue) and females (red) with a discordant allelic effect, but it was not detected in sex-combined analysis (purple).
Opaque colors are HCHF; light colors are LCLF. Opaque colors are HCHF; light colors are LCLF.

(E) Sex-specific association between the variant in OLRI (rs11053646) and carotid plaque from 287 Dominican
Hispanic individuals in the Genetic Determinants of Subclinical Carotid Disease Study. The phenotypes include
plaque presence and sub-phenotypes (multiple, thick, irregular, and calcified plaque), determined by high resolution
B-mode carotid ultrasound. Asterisks indicate statistical significance (ns: non-significance, *P<0.05, **P<0.01,
***¥P<(0.001, ****P<(0.0001). Error bars represent 95% confidence interval of odds ratio. Error bars correspond to
95% confidence intervals.

Genetic architecture of diet-responsive gene expression

It is recognized that eQTLs tend to exhibit a strong enrichment near transcription start sites
(TSS)*48, The eQTLs identified in this study follow the same enrichment pattern when considered
together (Figure 4A). However, when we examine non-DR eQTLs (i.e. eQTLs with similar effects
between the diets in a given tissue) and DR eQTLs separately, a distinct localization pattern
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emerges, with DR eQTLs showing only a modest enrichment near TSS (Figure 4A). The genomic
location of an eQTL generally reflects the underlying regulatory landscape and functional activity
of the target gene*!. To investigate the genetic architecture of diet-responsive gene expression
and determine how it differs from that of standard non-responsive gene expression, we analyzed
the target genes that are associated with DR eQTLs (DR eGenes), steady-state non-DR eQTLs
(non-DR eGenes), and any eQTLs (all eGenes) in each tissue. We assessed regulatory complexity
and evidence of selective constraint for each group of eGenes.

A gene can initiate transcription from multiple TSS*¥. The regulation of TSS selection
plays a crucial role in gene expression diversity and complexity, enabling context-specific
transcriptional programs®2. To explore the potential association between diet responsiveness and
TSS usage, we computed the number of TSSs that are used for a given gene across a diverse set
of cell types using publicly available summary statistics from the FANTOM project®. Across all
genes, the average number of TSS is 5.3. However, DR eGenes have a higher average TSS count
of 5.7, compared to an average of 4.8 TSSs in non-DR eGenes (P=6.4x10*; Figure 4B).

Enhancers facilitate precise spatiotemporal control of gene expression by integrating
signals from various cellular and environmental cues>*—°. To assess eGene enhancer activity, we
calculated the accumulative enhancer length for a given eGene across 131 tissue or cell types using
enhancer-gene predictions from an activity-by-contact model®. Our analysis revealed that DR
eGenes have a longer accumulative enhancer length per active tissue/cell type compared to the
average gene (Figure 4C). In contrast, non-DR eGenes had a significantly shorter accumulative
enhancer length than DR eGenes (P=2x10"*; Figure 4C), suggesting the diet-responsive gene
regulation may be in part modulated through enhancer activity.

Previous evidence suggests that natural selection plays a significant role in shaping the
genetic architecture of complex traits>”>8, It has been observed that selectively constrained genes
are depleted in eQTL genes>. Consistent with previous findings, we found that genes depleted of
loss-of-function (LoF) variants, as measured by the pLI score, are underrepresented in all eGenes
and non-DR eGenes (Figure 4D). However, DR eGenes display an enrichment in LoF-intolerant
genes, showing a significantly higher proportion of high-pLI genes compared to non-DR eGenes
(P=5x1073; Figure 4D). We also observed that DR eGenes have overall higher minor allele
frequencies (MAF) than non-DR eGenes, despite the fact that stronger selective pressure is often
associated with lower MAF (Figure S15). This might be explained by that higher MAF gives more
power to detect eQTLs with variable effects across multiple contexts as they frequently have
smaller effect sizes than standard eQTLs that are shared across conditions®.
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Figure 4. Genetic architecture of diet-responsive gene expression.

(A) Distance of DR eQTLs (red), nonDR eQTLs (blue), and all eQTLs (green) to the TSS of the target gene. The
overlaid histograms show distance-to-TSS distribution in each group of eQTLs in 5Kb bins. The curves show the
kernel density estimate for each group of eQTLs.
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(B-D) Genic features of DR eGenes (red), nonDR eGenes (blue), and all eGenes (green), respectively. Horizontal
dashed lines depict the average number of the corresponding feature across all genes that were tested in eQTL
mapping. (B)Average number of TSS. (C) Average accumulative enhancer length per tissue/cell type. (D) Fraction of
selectively constrained genes (pLI > 0.9). Error bars represent standard deviations.

Functional features of diet-responsive eGenes

The distinct regulatory architectures and natural selection signatures we observed for DR and non-
DR eGenes could reflect functional differences. To investigate the functional features of DR
eGenes, we performed gene enrichment for a list of broadly defined Gene Ontology (GO)
biological process terms. Many functional categories show clear depletion of eQTLs, with the
depletion being more pronounced in non-DR eGenes (Figure S16A). The depletion is more
prominent for categories with a higher average pLI such as processes related to transcriptional
regulation (“positive regulation of transcription by RNA polymerase II” and “negative regulation
of transcription, DNA-templated”). This pattern suggests that selection purges eQTLs for genes
with evolutionarily important functions. In contrast, a variety of GO categories are enriched among
DR eGenes. This pervasive enrichment has also been observed for GWAS genes®, suggesting a
functional similarity between DR eGenes and genes that are associated with complex traits.

Many biological functions are modulated by transcription factors (TFs), which play a
crucial role in regulating gene expression, cell fate, development, and responses to environmental
stimuli®. TFs have consistently been observed to be underrepresented among eGenes. To examine
whether DR eGenes differ in TF representation, we calculated the proportion of TFs in each
category of eGenes. We found a significant depletion of TFs in non-DR eGenes but a slight
enrichment in DR eGenes (Figure S16B). This observation suggests that TFs may play a more
prominent role in mediating diet-responsive gene expression, potentially contributing to their
functional significance in the context of dietary influences.

Enrichment of baboon diet-responsive eGenes in human GWAS

We have identified several features that distinguish DR eQTLs from standard eQTLs, including a
suggestive functional resemblance between DR eGenes and GWAS genes. To explore whether
diet-responsive genetic effects in baboons can provide functional insight into human non-coding
GWAS variants, we integrated our results with results from human GWAS. Although SNPs are
typically not conserved across species®?, the human orthologs of eQTL genes identified in other
primates tend to be associated with eQTLs in humans*%3. Consistently, we observed significant
enrichment of baboon eGenes with a known human ortholog among human eGenes from GTEXx,
particularly in matched tissue types (Figure S17). Therefore, we focused on comparing baboon
DR eGenes identified in our study and human GWAS genes from public datasets.

We tested for enrichment of baboon DR eGenes in human GWAS genes for 22 HCHF-
related traits using publicly available summary statistics from UK Biobank®. We found that the
human orthologs of DR eGenes identified in baboons are enriched among GWAS genes for most
of the HCHF-related traits (Figure 5A). Notable enrichments include BMI, cholesterol traits,
obesity, peripheral atherosclerosis, and liver cirrhosis, which are relevant to dietary fat or
cholesterol intake, and are manifested in the tissue types collected in this study. However, non-DR
eGenes show consistent depletion in all HCHF-related traits except for coronary atherosclerosis
(Figure S5A).

To assess the specificity of the representation of DR eGenes in GWAS, we expanded our
analysis to more traits and diseases using publicly available summary statistics from the NHGRI-
EBI GWAS Catalog®, which encompasses all published GWAS. We assessed the relevance of
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diet to a broad range of traits, including 98 metabolic traits and 213 non-metabolic traits. We
performed enrichment tests for DR eGenes in GWAS genes for each trait. Our results revealed that
DR eGenes are systematically enriched in genes associated with metabolic-relevant traits
(Pcombined=3.8x1073; Table S8), with prominent signals in traits relevant to a HCHF diet, such as
carotid intima-media thickness, total cholesterol, LDL cholesterol, BMI, and triglyceride levels
(Figure SB). When we performed the same analysis for non-DR eGenes with similar expression
levels or genes that are differentially expressed in response to the diet, we observed no enrichment,
suggesting that this enrichment was not confounded by differences in gene expression levels or
differential transcriptional response to diet (Figures S18A and S18B). In contrast, we observed
no enrichment of DR eGenes in non-metabolic traits (Pcombined=0.12; Figure 5B; Table S9). In
fact, we observed a depletion of non-DR eGenes in both groups of traits (Figure S18C), which is
consistent with our previous observation that steady-state eGenes are pervasively depleted in
GWAS for the 22 HCHF-related traits. Together, our results suggest that DR effects identified in
baboons are translationally relevant to human health and can be leveraged to characterize the
function of disease-associated genes.
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Figure 5. Enrichment of baboon DR eGenes in human GWAS.

(A) Enrichment of human GWAS genes for 22 HCHF-related traits among DR eGenes, non-DR eGenes, and all
eGenes. The color map represents enrichment (red) or depletion (blue) by enrichment Z scores.

(B) Q-Q plot for enrichment of baboon DR eGenes in human trait- or disease-associated genes from GWAS. Orange
dots correspond to p-values of enrichment tests for metabolic-relevant traits relative to uniformly distributed p-values
(dashed line). Gray dots correspond to p-values of enrichment tests for non-metabolic traits.

Discussion

In our two-year dietary intervention study, we observed considerable effects of a sustained HCHF
diet on global gene expression levels in baboons and identified genetic loci that are associated with
inter-individual transcriptional differences in response to diet. We found evidence for both sex-
and tissue-specific transcriptional changes, reflecting the complex landscape of dynamic gene-by-
diet interactions. We characterized hundreds of eQTLs in response to diet and found that diet-
responsive eGenes in baboons can be valuable to interpret genetic associations with disease in
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humans. Our results further emphasize the intricate complexity of genetic regulatory effects and
the value of considering GXE interactions in genetic studies of complex disease.

Our study underscores the strength of the baboon model in studying GxE interactions that
present formidable challenges in human studies. The physiological similarity between baboons
and humans, combined with the controlled environmental conditions of our study, enables us to
suggest additional candidate genes associated with diseases that previously evaded identification
in human studies of gene regulation.

For example, APOA2 has a diet-specific genetic association with BMI and obesity in
human populations’’3°. Yet, despite having much larger sample sizes, no standard eQTLs for
APOA2 have been discovered in adipose, liver, or muscle tissues from GTEx’. Here, we identified
an eQTL for the baboon 4POA?2 ortholog in liver, which emerged solely in response to the HCHF
diet. This example demonstrates the potential of contextually functional regulatory variants, even
those found in non-human primates, in extending our understanding of disease loci. With the
specific enrichment of DR eGenes among GWAS signals for human metabolic traits, the
translational relevance of the baboon model to human health becomes undeniably clear.

By considering the genetic architecture of diet-responsive gene expression, we discovered
that DR eQTLs exhibit a localization pattern that is distinct from non-DR eQTLs, featuring a more
evenly distributed distance to the TSS. Disease-associated loci found in human GWAS also
typically reside at greater distances from the nearest TSS compared to standard eQTLs'.
Additionally, disease-associated loci in humans appear to evolve under stronger stabilizing
selection’”® and are associated with more complex regulatory landscapes than genes not
associated with disease®®. Similarly, compared to standard eQTLs, DR eQTLs are enriched
among genes with complex regulatory landscapes, enduring stronger selective constraints, and
participating in diverse biological functions. Together, our observations support the notion that
context-specific eQTLs with more complex regulatory effects hold the key to a more profound
understanding of GWAS signals.

It was previously shown that standard eQTLs generally evolve neutrally or under weak
selection®’, and that they are broadly shared across tissues®*. Furthermore, genes that are highly
conserved across species®, transcription factors, and genes in the center of regulatory networks>!
are all notably depleted for standard eQTLs. It is therefore not surprising that our findings reveal
systematic differences between context-responsive eQTLs and standard eQTLs. Not only do
context-responsive eQTLs have more complex regulatory effects, but they are more likely to be
functionally important and subject to natural selection, making them more likely to underlie inter-
individual differences in disease risk.

We anticipate that expanding resources in non-human primates, even with relatively small
available sample sizes, will enable further characterization of complex, multi-tissue disease-
relevant GXE effects and enhance the interpretation of GWAS signals for a wide range of complex
traits in humans. This, in turn, will provide additional support for the notion that eQTLs with
disease-relevant GXE interactions are crucial for a better understanding of non-coding GWAS
variants.

11


https://doi.org/10.1101/2023.08.01.551489
http://creativecommons.org/licenses/by/4.0/

—

O 00 3 N L KW

— e ek
wn A W N = O

16

17
18

bioRxiv preprint doi: https://doi.org/10.1101/2023.08.01.551489; this version posted November 20, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

available under aCC-BY 4.0 International license.

Acknowledgments

We thank O. Allen for assistance with RNA extraction; J. O’Connell for advice on phasing; Y.
Yang for help with ultimate deconvolution; B. Fair and B. Umans for feedback on the
manuscript; N. Gonzales for editing and providing comments on the manuscript; C. Jones and S.
Sumner for feedback on the general readability of the manuscript; University of Chicago
Research Computing Center for providing computational resources. Figure 1A was created using
BioRender. Y.G. and W.L. were supported by NIH/NIGMS R35 GM131726. L.C., J.V. and D.N.
were supported by NIH/NHLBI PO1 HL028972 and NIH P51 OD011133.

Author contributions

W.L, Y.G., M.O., and L.C. conceptualized the study. L.C. and J.V. designed and conducted the
animal work and diet study. D.N. cleaned and managed the animal physiological data. G.L.
managed the tissue archive. W.L. performed the RNA extraction, RNA-seq experiments,
analyzed the data, interpreted the results, and wrote the manuscript with contributions from Y.G
and L.C. M.A. guided W.L. on genotype imputation. J.W. provided WGS data and guided W.L.
on WGS data processing. Y.G. supervised and guided W.L.

Declaration of interests

The authors declare no competing interests.

12


https://doi.org/10.1101/2023.08.01.551489
http://creativecommons.org/licenses/by/4.0/

W

A D

10
11

12
13

14
15
16

17
18

19
20

21
22
23

24
25

26
27
28

29
30
31

32
33
34

35
36

37
38
39

bioRxiv preprint doi: https://doi.org/10.1101/2023.08.01.551489; this version posted November 20, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

available under aCC-BY 4.0 International license.

References

1.

10.

11.

12.

13.

14.

Maurano, M.T., Humbert, R., Rynes, E., Thurman, R.E., Haugen, E., Wang, H., Reynolds, A.P., Sandstrom, R.,
Qu, H., Brody, J., et al. (2012). Systematic Localization of Common Disease-Associated Variation in
Regulatory DNA. Science. 10.1126/science.1222794.

Chun, S., Casparino, A., Patsopoulos, N.A., Croteau-Chonka, D.C., Raby, B.A., De Jager, P.L., Sunyaev, S.R.,
and Cotsapas, C. (2017). Limited statistical evidence for shared genetic effects of e€QTLs and autoimmune-
disease-associated loci in three major immune-cell types. Nat. Genet. 49, 600-605. 10.1038/ng.3795.

Vosa, U., Claringbould, A., Westra, H.-J., Bonder, M.J., Deelen, P., Zeng, B., Kirsten, H., Saha, A.,
Kreuzhuber, R., Yazar, S., et al. (2021). Large-scale cis- and trans-eQTL analyses identify thousands of genetic
loci and polygenic scores that regulate blood gene expression. Nat. Genet. 53, 1300-1310. 10.1038/s41588-
021-00913-z.

Umans, B.D., Battle, A., and Gilad, Y. (2021). Where Are the Disease-Associated eQTLs? Trends Genet. TIG
37,109-124. 10.1016/].tig.2020.08.009.

Connally, N.J., Nazeen, S., Lee, D., Shi, H., Stamatoyannopoulos, J., Chun, S., Cotsapas, C., Cassa, C.A., and
Sunyaev, S.R. (2022). The missing link between genetic association and regulatory function. eLife /7, €74970.
10.7554/eLife.74970.

Mostafavi, H., Spence, J.P., Naqvi, S., and Pritchard, J.K. (2022). Limited overlap of eQTLs and GWAS hits
due to systematic differences in discovery (Genomics) 10.1101/2022.05.07.491045.

THE GTEX CONSORTIUM (2020). The GTEx Consortium atlas of genetic regulatory effects across human
tissues. Science 369, 1318-1330. 10.1126/science.aaz1776.

Nathan, A., Asgari, S., Ishigaki, K., Valencia, C., Amariuta, T., Luo, Y., Beynor, J.I., Baglaenko, Y., Suliman,
S., Price, A.L., et al. (2022). Single-cell eQTL models reveal dynamic T cell state dependence of disease loci.
Nature 606, 120—-128. 10.1038/s41586-022-04713-1.

Strober, B.J., Elorbany, R., Rhodes, K., Krishnan, N., Tayeb, K., Battle, A., and Gilad, Y. (2019). Dynamic
genetic regulation of gene expression during cellular differentiation. Science. 10.1126/science.aaw(0040.

Ward, M.C., Banovich, N.E., Sarkar, A., Stephens, M., and Gilad, Y. (2021). Dynamic effects of genetic
variation on gene expression revealed following hypoxic stress in cardiomyocytes. eLife /0, e57345.
10.7554/eLife.57345.

Wei, X., Song, H., Yin, L., Rizzo, M.G., Sidhu, R., Covey, D.F., Ory, D.S., and Semenkovich, C.F. (2016).
Fatty acid synthesis configures the plasma membrane for inflammation in diabetes. Nature 539, 294-298.
10.1038/nature20117.

Hu, S., Wang, L., Yang, D., Li, L., Togo, J., Wu, Y., Liu, Q., Li, B., Li, M., Wang, G, et al. (2018). Dietary
Fat, but Not Protein or Carbohydrate, Regulates Energy Intake and Causes Adiposity in Mice. Cell Metab. 28,
415-431.e4.10.1016/j.cmet.2018.06.010.

Cox, L.A., Mahaney, M.C., VandeBerg, J.L., and Rogers, J. (2006). A second-generation genetic linkage map
of the baboon (Papio hamadryas) genome. Genomics 88, 274-281. 10.1016/j.ygeno.2006.03.020.

Cox, L.A., Comuzzie, A.G., Havill, L.M., Karere, G.M., Spradling, K.D., Mahaney, M.C., Nathanielsz, P.W.,

Nicolella, D.P., Shade, R.E., Voruganti, S., et al. (2013). Baboons as a Model to Study Genetics and
Epigenetics of Human Disease. ILAR J. 54, 106—121. 10.1093/ilar/ilt038.

13


https://doi.org/10.1101/2023.08.01.551489
http://creativecommons.org/licenses/by/4.0/

—

o]

10
11

12
13
14

15
16
17

18
19

20
21
22
23

24
25

26
27
28

29
30

31
32
33

34
35
36

37
38
39

40
41
42

bioRxiv preprint doi: https://doi.org/10.1101/2023.08.01.551489; this version posted November 20, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

available under aCC-BY 4.0 International license.

Wall, J.D., Schlebusch, S.A., Alberts, S.C., Cox, L.A., Snyder-Mackler, N., Nevonen, K.A., Carbone, L., and
Tung, J. (2016). Genomewide ancestry and divergence patterns from low-coverage sequencing data reveal a
complex history of admixture in wild baboons. Mol. Ecol. 25, 3469-3483. 10.1111/mec.13684.

Robinson, J.A., Belsare, S., Birnbaum, S., Newman, D.E., Chan, J., Glenn, J.P., Ferguson, B., Cox, L.A., and
Wall, J.D. (2019). Analysis of 100 high-coverage genomes from a pedigreed captive baboon colony. Genome
Res. 10.1101/gr.247122.118.

Batra, S.S., Levy-Sakin, M., Robinson, J., Guillory, J., Durinck, S., Vilgalys, T.P., Kwok, P.-Y., Cox, L.A.,
Seshagiri, S., Song, Y.S., et al. (2020). Accurate assembly of the olive baboon (Papio anubis) genome using
long-read and Hi-C data. GigaScience 9, giaal34. 10.1093/gigascience/giaal34.

Wall, J.D., Robinson, J.A., and Cox, L.A. (2022). High-Resolution Estimates of Crossover and Noncrossover
Recombination from a Captive Baboon Colony. Genome Biol. Evol. 74, evac040. 10.1093/gbe/evac040.

Fischer, J., Higham, J.P., Alberts, S.C., Barrett, L., Bechner, J.C., Bergman, T.J., Carter, A.J., Collins, A.,
Elton, S., Fagot, J., et al. (2019). Insights into the evolution of social systems and species from baboon studies.
eLife 8, €50989. 10.7554/eLife.50989.

Grieneisen, L., Dasari, M., Gould, T.J., Bjork, J.R., Grenier, J.-C., Yotova, V., Jansen, D., Gottel, N., Gordon,
J.B., Learn, N.H., et al. (2021). Gut microbiome heritability is nearly universal but environmentally contingent.
Science 373, 181-186. 10.1126/science.aba5483.

Eggen, D.A. (1974). Cholesterol metabolism in rhesus monkey, squirrel monkey, and baboon. J. Lipid Res. /5,
139-145. 10.1016/S0022-2275(20)36816-4.

Kushwaha, R.S., Reardon, C.A., Lewis, D.S., Qi, Y., Rice, K.S., Getz, G.S., Carey, K.D., and McGill, H.C.
(1994). Effect of dietary lipids on plasma activity and hepatic mRNA levels of cholesteryl ester transfer protein
in high-and low-responding baboons (Papio species). Metabolism 43, 1006—-1012. 10.1016/0026-
0495(94)90181-3.

Aran, D., Hu, Z., and Butte, A.J. (2017). xCell: digitally portraying the tissue cellular heterogeneity landscape.
Genome Biol. 78, 220. 10.1186/s13059-017-1349-1.

Rubinacci, S., Ribeiro, D.M., Hofmeister, R.J., and Delaneau, O. (2021). Efficient phasing and imputation of
low-coverage sequencing data using large reference panels. Nat. Genet. 53, 120—126. 10.1038/s41588-020-
00756-0.

Liberzon, A., Birger, C., Thorvaldsdoéttir, H., Ghandi, M., Mesirov, J.P., and Tamayo, P. (2015). The Molecular
Signatures Database Hallmark Gene Set Collection. Cell Syst. 7, 417-425. 10.1016/j.cels.2015.12.004.

Merrick, D., Sakers, A., Irgebay, Z., Okada, C., Calvert, C., Morley, M.P., Percec, 1., and Seale, P. (2019).
Identification of a mesenchymal progenitor cell hierarchy in adipose tissue. Science 364, eaav2501.
10.1126/science.aav2501.

Govaere, O., Cockell, S., Tiniakos, D., Queen, R., Younes, R., Vacca, M., Alexander, L., Ravaioli, F., Palmer,
J., Petta, S., et al. (2020). Transcriptomic profiling across the nonalcoholic fatty liver disease spectrum reveals
gene signatures for steatohepatitis and fibrosis. Sci. Transl. Med. /2, eaba4448. 10.1126/scitranslmed.aba4448.

Boroumand, P., Prescott, D.C., Mukherjee, T., Bilan, P.J., Wong, M., Shen, J., Tattoli, I., Zhou, Y., Li, A.,
Sivasubramaniyam, T., et al. (2022). Bone marrow adipocytes drive the development of tissue invasive
Ly6Chigh monocytes during obesity. eLife /7, €65553. 10.7554/eLife.65553.

Ito, A., Hong, C., Oka, K., Salazar, J.V., Diehl, C., Witztum, J.L., Diaz, M., Castrillo, A., Bensinger, S.J., Chan,

L., et al. (2016). Cholesterol Accumulation in CD11¢+ Immune Cells Is a Causal and Targetable Factor in
Autoimmune Disease. Immunity 45, 1311-1326. 10.1016/j.immuni.2016.11.008.

14


https://doi.org/10.1101/2023.08.01.551489
http://creativecommons.org/licenses/by/4.0/

—

o]

10
11
12

13
14
15

16
17
18

19
20
21

22
23
24
25

26
27
28
29

30
31
32

33
34
35

36
37
38

39
40
41
42

bioRxiv preprint doi: https://doi.org/10.1101/2023.08.01.551489; this version posted November 20, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

available under aCC-BY 4.0 International license.

Ramachandran, P., Dobie, R., Wilson-Kanamori, J.R., Dora, E.F., Henderson, B.E.P., Luu, N.T., Portman, J.R.,
Matchett, K.P., Brice, M., Marwick, J.A., et al. (2019). Resolving the fibrotic niche of human liver cirrhosis at
single-cell level. Nature 575, 512-518. 10.1038/s41586-019-1631-3.

Vieira Potter, V.J., Strissel, K.J., Xie, C., Chang, E., Bennett, G., Defuria, J., Obin, M.S., and Greenberg, A.S.
(2012). Adipose Tissue Inflammation and Reduced Insulin Sensitivity in Ovariectomized Mice Occurs in the
Absence of Increased Adiposity. Endocrinology /53, 4266—4277. 10.1210/en.2011-2006.

Ludgero-Correia, A., Aguila, M.B., Mandarim-de-Lacerda, C.A., and Faria, T.S. (2012). Effects of high-fat diet
on plasma lipids, adiposity, and inflammatory markers in ovariectomized C57BL/6 mice. Nutrition 28, 316—
323.10.1016/j.nut.2011.07.014.

Jasinska, A.J., Zelaya, 1., Service, S.K., Peterson, C.B., Cantor, R.M., Choi, O.-W., DeYoung, J., Eskin, E.,
Fairbanks, L.A., Fears, S., et al. (2017). Genetic variation and gene expression across multiple tissues and
developmental stages in a nonhuman primate. Nat. Genet. 49, 1714-1721. 10.1038/ng.3959.

Urbut, S.M., Wang, G., Carbonetto, P., and Stephens, M. (2019). Flexible statistical methods for estimating and
testing effects in genomic studies with multiple conditions. Nat. Genet. 57, 187-195. 10.1038/s41588-018-
0268-8.

Castellani, L.W., Nguyen, C.N., Charugundla, S., Weinstein, M.M., Doan, C.X., Blaner, W.S., Wongsiriroj, N.,
and Lusis, A.J. (2008). Apolipoprotein AlI Is a Regulator of Very Low Density Lipoprotein Metabolism and
Insulin Resistance*. J. Biol. Chem. 283, 11633—11644. 10.1074/jbc.M708995200.

Richardson, T.G., Leyden, G.M., Wang, Q., Bell, J.A., Elsworth, B., Smith, G.D., and Holmes, M.V. (2022).
Characterising metabolomic signatures of lipid-modifying therapies through drug target mendelian
randomisation. PLOS Biol. 20, €3001547. 10.1371/journal.pbio.3001547.

Corella, D., Peloso, G., Arnett, D.K., Demissie, S., Cupples, L.A., Tucker, K., Lai, C.-Q., Parnell, L.D., Coltell,
0., Lee, Y.-C,, et al. (2009). APOA2, Dietary Fat, and Body Mass Index: Replication of a Gene-Diet
Interaction in 3 Independent Populations. Arch. Intern. Med. 169, 1897-1906.
10.1001/archinternmed.2009.343.

Corella, D., Tai, E.S., Sorli, J.V., Kai Chew, S., Coltell, O., Sotos-Prieto, M., Garcia-Rios, A., Estruch, R., and
Ordovas, J.M. (2011). Association between the APOA2 promoter polymorphism and body-weight in
Mediterranean and Asian populations. Replication of a gene-saturated fat interaction. Int. J. Obes. 2005 35,
666-675. 10.1038/ij0.2010.187.

Caren E., S., Katherine L., T., Donna K., A., Sabrina E., N., Dolores, C., Ingrid B, B., Mary F., F., Stella, A.,
Laurence D., P., Chao-Qiang, L., et al. (2013). Apolipoprotein A2 Polymorphism Interacts with Intakes of
Dairy Foods to Influence Body Weight in 2 U.S. Populations. J. Nutr. /43, 1865-1871. 10.3945/jn.113.179051.

Mahaney, M.C., Karere, G.M., Rainwater, D.L., Voruganti, V.S., Dick Jr, E.J., Owston, M.A., Rice, K.S., Cox,
L.A., Comuzzie, A.G., and VandeBerg, J.L. (2018). Diet-induced early-stage atherosclerosis in baboons:
Lipoproteins, atherogenesis, and arterial compliance. J. Med. Primatol. 47, 3—17. 10.1111/jmp.12283.

Foley, C.N., Staley, J.R., Breen, P.G., Sun, B.B., Kirk, P.D.W., Burgess, S., and Howson, J.M.M. (2021). A
fast and efficient colocalization algorithm for identifying shared genetic risk factors across multiple traits. Nat.
Commun. /2, 764. 10.1038/s41467-020-20885-8.

Cadby, G., Giles, C., Melton, P.E., Huynh, K., Mellett, N.A., Duong, T., Nguyen, A., Cinel, M., Smith, A.,
Olshansky, G., et al. (2022). Comprehensive genetic analysis of the human lipidome identifies loci associated
with lipid homeostasis with links to coronary artery disease. Nat. Commun. /3, 3124. 10.1038/s41467-022-
30875-7.

15


https://doi.org/10.1101/2023.08.01.551489
http://creativecommons.org/licenses/by/4.0/

W N =

~N N D A

\O o0

11
12
13

14
15
16

17
18
19

20
21
22

23
24
25

26
27
28

29
30
31

32
33
34
35

36
37
38

39
40

41
4
43

bioRxiv preprint doi: https://doi.org/10.1101/2023.08.01.551489; this version posted November 20, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

available under aCC-BY 4.0 International license.

Divers, J., Palmer, N.D., Langefeld, C.D., Brown, W.M., Lu, L., Hicks, P.J., Smith, S.C., Xu, J., Terry, J.G.,
Register, T.C., et al. (2017). Genome-wide association study of coronary artery calcified atherosclerotic plaque
in African Americans with type 2 diabetes. BMC Genet. /8, 105. 10.1186/512863-017-0572-9.

Katz, D.H., Tahir, U.A., Bick, A.G., Pampana, A., Ngo, D., Benson, M.D., Yu, Z., Robbins, J.M., Chen, Z.-Z.,
Cruz, D.E., et al. (2022). Whole Genome Sequence Analysis of the Plasma Proteome in Black Adults Provides
Novel Insights Into Cardiovascular Disease. Circulation /45, 357-370.
10.1161/CIRCULATIONAHA.121.055117.

Wang, L., Yanuck, D., Beecham, A., Gardener, H., Slifer, S., Blanton, S.H., Sacco, R.L., and Rundek, T.
(2011). A Candidate Gene Study Revealed Sex-Specific Association Between the OLR1 Gene and Carotid
Plaque. Stroke 42, 588-592. 10.1161/STROKEAHA.110.596841.

Veyrieras, J.-B., Kudaravalli, S., Kim, S.Y., Dermitzakis, E.T., Gilad, Y., Stephens, M., and Pritchard, J.K.
(2008). High-Resolution Mapping of Expression-QTLs Yields Insight into Human Gene Regulation. PLOS
Genet. 4, €1000214. 10.1371/journal.pgen.1000214.

Dimas, A.S., Deutsch, S., Stranger, B.E., Montgomery, S.B., Borel, C., Attar-Cohen, H., Ingle, C., Beazley, C.,
Arcelus, M.G., Sekowska, M., et al. (2009). Common Regulatory Variation Impacts Gene Expression in a Cell
Type-Dependent Manner. Science 325, 1246—-1250. 10.1126/science.1174148.

Djebali, S., Davis, C.A., Merkel, A., Dobin, A., Lassmann, T., Mortazavi, A., Tanzer, A., Lagarde, J., Lin, W.,
Schlesinger, F., et al. (2012). Landscape of transcription in human cells. Nature 489, 101-108.
10.1038/nature11233.

Dunham, I., Kundaje, A., Aldred, S.F., Collins, P.J., Davis, C.A., Doyle, F., Epstein, C.B., Frietze, S., Harrow,
J., Kaul, R., et al. (2012). An integrated encyclopedia of DNA elements in the human genome. Nature 489, 57—
74.10.1038/nature11247.

Forrest, A.R.R., Kawaji, H., Rehli, M., Kenneth Baillie, J., de Hoon, M.J.L., Haberle, V., Lassmann, T.,
Kulakovskiy, I.V., Lizio, M., Itoh, M., et al. (2014). A promoter-level mammalian expression atlas. Nature 507,
462-470. 10.1038/nature13182.

Battle, A., Mostafavi, S., Zhu, X., Potash, J.B., Weissman, M.M., McCormick, C., Haudenschild, C.D.,
Beckman, K.B., Shi, J., Mei, R., et al. (2014). Characterizing the genetic basis of transcriptome diversity
through RNA-sequencing of 922 individuals. Genome Res. 24, 14-24. 10.1101/gr.155192.113.

Maunakea, A.K., Nagarajan, R.P., Bilenky, M., Ballinger, T.J., D’Souza, C., Fouse, S.D., Johnson, B.E., Hong,
C., Nielsen, C., Zhao, Y., et al. (2010). Conserved role of intragenic DNA methylation in regulating alternative
promoters. Nature 466, 253-257. 10.1038/nature09165.

Bonn, S., Zinzen, R.P., Girardot, C., Gustafson, E.H., Perez-Gonzalez, A., Delhomme, N., Ghavi-Helm, Y.,
Wilczynski, B., Riddell, A., and Furlong, E.E.M. (2012). Tissue-specific analysis of chromatin state identifies
temporal signatures of enhancer activity during embryonic development. Nat. Genet. 44, 148—156.
10.1038/ng.1064.

Arner, E., Daub, C.O., Vitting-Seerup, K., Andersson, R., Lilje, B., Drablgs, F., Lennartsson, A., Ronnerblad,
M., Hrydziuszko, O., Vitezic, M., et al. (2015). Transcribed enhancers lead waves of coordinated transcription
in transitioning mammalian cells. Science. 10.1126/science.1259418.

Anderson, S.T., and FitzGerald, G.A. (2020). Sexual dimorphism in body clocks. Science 369, 1164-1165.
10.1126/science.abd4964.

Nasser, J., Bergman, D.T., Fulco, C.P., Guckelberger, P., Doughty, B.R., Patwardhan, T.A., Jones, T.R.,

Nguyen, T.H., Ulirsch, J.C., Lekschas, F., et al. (2021). Genome-wide enhancer maps link risk variants to
disease genes. Nature 593, 238-243. 10.1038/s41586-021-03446-x.

16


https://doi.org/10.1101/2023.08.01.551489
http://creativecommons.org/licenses/by/4.0/

—

o]

10
11
12

13
14

15
16
17

18
19

20

21
22
23

24
25

26
27

28
29
30

31
32
33

34
35

36
37
38

39
40
41

bioRxiv preprint doi: https://doi.org/10.1101/2023.08.01.551489; this version posted November 20, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

available under aCC-BY 4.0 International license.

Gazal, S., Finucane, H.K., Furlotte, N.A., Loh, P.-R., Palamara, P.F., Liu, X., Schoech, A., Bulik-Sullivan, B.,
Neale, B.M., Gusev, A, et al. (2017). Linkage disequilibrium—dependent architecture of human complex traits
shows action of negative selection. Nat. Genet. 49, 1421-1427. 10.1038/ng.3954.

Zeng, J., de Vlaming, R., Wu, Y., Robinson, M.R., Lloyd-Jones, L.R., Yengo, L., Yap, C.X., Xue, A.,
Sidorenko, J., McRae, A.F., et al. (2018). Signatures of negative selection in the genetic architecture of human
complex traits. Nat. Genet. 50, 746—753. 10.1038/s41588-018-0101-4.

Exome Aggregation Consortium, Lek, M., Karczewski, K.J., Minikel, E.V., Samocha, K.E., Banks, E., Fennell,
T., O’Donnell-Luria, A.H., Ware, J.S., Hill, A.J., et al. (2016). Analysis of protein-coding genetic variation in
60,706 humans. Nature 536, 285-291. 10.1038/nature19057.

Ota, M., Nagafuchi, Y., Hatano, H., Ishigaki, K., Terao, C., Takeshima, Y., Yanaoka, H., Kobayashi, S.,
Okubo, M., Shirai, H., et al. (2021). Dynamic landscape of immune cell-specific gene regulation in immune-
mediated diseases. Cell /84, 3006-3021.e17. 10.1016/j.cell.2021.03.056.

Lambert, S.A., Jolma, A., Campitelli, L.F., Das, P.K., Yin, Y., Albu, M., Chen, X., Taipale, J., Hughes, T.R.,
and Weirauch, M.T. (2018). The Human Transcription Factors. Cell /72, 650-665. 10.1016/.cell.2018.01.029.

Priifer, K., Munch, K., Hellmann, 1., Akagi, K., Miller, J.R., Walenz, B., Koren, S., Sutton, G., Kodira, C.,
Winer, R., et al. (2012). The bonobo genome compared with the chimpanzee and human genomes. Nature 486,
527-531.10.1038/nature11128.

Fair, B.J., Blake, L.E., Sarkar, A., Pavlovic, B.J., Cuevas, C., and Gilad, Y. (2020). Gene expression variability
in human and chimpanzee populations share common determinants. eLife 9, €59929. 10.7554/eLife.59929.

UK Biobank Neale Lab. http://www.nealelab.is/uk-biobank.

Sollis, E., Mosaku, A., Abid, A., Buniello, A., Cerezo, M., Gil, L., Groza, T., Glines, O., Hall, P., Hayhurst, J.,
et al. (2022). The NHGRI-EBI GWAS Catalog: knowledgebase and deposition resource. Nucleic Acids Res.
51,D977-D985. 10.1093/nar/gkac1010.

Wang, X., and Goldstein, D.B. (2020). Enhancer Domains Predict Gene Pathogenicity and Inform Gene
Discovery in Complex Disease. Am. J. Hum. Genet. 106, 215-233. 10.1016/j.ajhg.2020.01.012.

Glassberg, E.C., Gao, Z., Harpak, A., Lan, X., and Pritchard, J.K. (2019). Evidence for Weak Selective
Constraint on Human Gene Expression. Genetics 271, 757-772. 10.1534/genetics.118.301833.

Rainwater, D.L., Kammerer, C.M., Carey, K.D., Dyke, B., VandeBerg, J.F., Wendy R., Shelledy, Moore, P.H.,
Mahaney, M.C., McGill, H.C., et al. (2002). Genetic determination of HDL variation and response to diet in
baboons. Atherosclerosis /617, 335-343. 10.1016/S0021-9150(01)00658-X.

Dobin, A., Davis, C.A., Schlesinger, F., Drenkow, J., Zaleski, C., Jha, S., Batut, P., Chaisson, M., and Gingeras,
T.R. (2013). STAR: ultrafast universal RNA-seq aligner. Bioinformatics 29, 15-21.
10.1093/bioinformatics/bts635.

Liao, Y., Smyth, G.K., and Shi, W. (2014). featureCounts: an efficient general purpose program for assigning
sequence reads to genomic features. Bioinformatics 30, 923-930. 10.1093/bioinformatics/btt656.

Zhang, F., Flickinger, M., Taliun, S.A.G., Consortium, [.P.G., Abecasis, G.R., Scott, L.J., McCaroll, S.A., Pato,
C.N,, Boehnke, M., and Kang, H.M. (2020). Ancestry-agnostic estimation of DNA sample contamination from
sequence reads. Genome Res. 30, 185-194. 10.1101/gr.246934.118.

Robinson, J.A., Belsare, S., Birnbaum, S., Newman, D.E., Chan, J., Glenn, J.P., Ferguson, B., Cox, L.A., and

Wall, J.D. (2019). Analysis of 100 high-coverage genomes from a pedigreed captive baboon colony. Genome
Res. 10.1101/gr.247122.118.

17


https://doi.org/10.1101/2023.08.01.551489
http://creativecommons.org/licenses/by/4.0/

—

10
11

12
13
14

15
16

17
18

19
20

21
22

23
24

25
26
27

28
29

30
31

32
33

bioRxiv preprint doi: https://doi.org/10.1101/2023.08.01.551489; this version posted November 20, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

available under aCC-BY 4.0 International license.

Delaneau, O., Zagury, J.-F., Robinson, M.R., Marchini, J.L., and Dermitzakis, E.T. (2019). Accurate, scalable
and integrative haplotype estimation. Nat. Commun. /0, 5436. 10.1038/s41467-019-13225-y.

Arthur, R., Schulz-Trieglaff, O., Cox, A.J., and O’Connell, J. (2017). AKT: ancestry and kinship toolkit.
Bioinformatics 33, 142—-144. 10.1093/bioinformatics/btw576.

Rubinacci, S., Ribeiro, D.M., Hofmeister, R.J., and Delaneau, O. (2021). Efficient phasing and imputation of
low-coverage sequencing data using large reference panels. Nat. Genet. 53, 120-126. 10.1038/s41588-020-
00756-0.

Aran, D., Hu, Z., and Butte, A.J. (2017). xCell: digitally portraying the tissue cellular heterogeneity landscape.
Genome Biol. 78, 220. 10.1186/s13059-017-1349-1.

Hoffman, G.E., and Roussos, P. (2020). Dream: powerful differential expression analysis for repeated measures
designs. Bioinformatics 37, 192-201. 10.1093/bioinformatics/btaa687.

Leek, J.T., Johnson, W.E., Parker, H.S., Jaffe, A.E., and Storey, J.D. (2012). The sva package for removing
batch effects and other unwanted variation in high-throughput experiments. Bioinformatics 28, 882—883.
10.1093/bioinformatics/bts034.

Korotkevich, G., Sukhov, V., Budin, N., Shpak, B., Artyomov, M.N., and Sergushichev, A. (2021). Fast gene
set enrichment analysis. Preprint at bioRxiv, 10.1101/060012 10.1101/060012.

Liberzon, A., Birger, C., Thorvaldsdoéttir, H., Ghandi, M., Mesirov, J.P., and Tamayo, P. (2015). The Molecular
Signatures Database Hallmark Gene Set Collection. Cell Syst. 7, 417-425. 10.1016/j.cels.2015.12.004.

Shabalin, A.A. (2012). Matrix eQTL: ultra fast eQTL analysis via large matrix operations. Bioinformatics 26,
1353-1358. 10.1093/bioinformatics/bts163.

Zhou, X., and Stephens, M. (2012). Genome-wide efficient mixed-model analysis for association studies. Nat.
Genet. 44, 821-824. 10.1038/ng.2310.

Zhou, H.J., Li, L., Li, Y., Li, W., and Li, J.J. (2022). PCA outperforms popular hidden variable inference
methods for molecular QTL mapping. Genome Biol. 23, 210. 10.1186/513059-022-02761-4.

Davis, J.R., Fresard, L., Knowles, D.A., Pala, M., Bustamante, C.D., Battle, A., and Montgomery, S.B. (2016).
An Efficient Multiple-Testing Adjustment for eQTL Studies that Accounts for Linkage Disequilibrium between
Variants. Am. J. Hum. Genet. 98, 216-224. 10.1016/j.ajhg.2015.11.021.

udr: Ultimate Deconvolution in R (2022). (Stephens lab).

Foley, C.N.,, Staley, J.R., Breen, P.G., Sun, B.B., Kirk, P.D.W., Burgess, S., and Howson, J.JM.M. (2021). A

fast and efficient colocalization algorithm for identifying shared genetic risk factors across multiple traits. Nat.
Commun. /2, 764. 10.1038/s41467-020-20885-8.

18


https://doi.org/10.1101/2023.08.01.551489
http://creativecommons.org/licenses/by/4.0/

available under aCC-BY 4.0 International license.

bioRxiv preprint doi: https://doi.org/10.1101/2023.08.01.551489; this version posted November 20, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

STARMETHODS
KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER
Biological samples
Baboon adipose, liver, and muscle tissue samples Wake Forest University, | N/A

NC; Southwest National

Primate Research

Center, TX
Critical commercial assays
BeadBug 6 Microtube Homogenizer Benchmark Scientific Cat#D1036
1.5mm Zirconium beads Benchmark Scientific Cat#D1032-15
QIAzol Lysis Reagent QIAGEN Cat#79306
RNeasy Universal Kit QIAGEN Cat#73404
RNA 6000 Nano Kit Agilent Cat#5067-1511
RNA 6000 Pico Kit Agilent Cat#5067-1513
TruSeq RNA Library Preparation Kit v2 Illumina Cat#RS-122-

2001&RS-122-2002

TruSeq stranded mRNA Library Preparation Kit [llumina Cat#20020595
Deposited data
WGS data BioProject PRINA433868
RNA-seq data This paper GSE227346

Molecular signature database (MSigDB v7.5.1)

Liberzon et al., 20158

https://www.gsea-
msigdb.org/gsea/msigd
b

TSS usage summary statistics

FANTOMS5

https://fantom.gsc.rike
n.jp/5/datafiles/latest/e
xtra/CAGE peaks/

Enhancer activity prediction

Nasser et al., 2021°°

https://www.engreitzla
b.org/resources

pLoF metrics genomAD https://gnomad.broadin
stitute.org/downloads
TF gene list Lambert et al., 2018%! http://humantfs.ccbr.ut

oronto.ca

Broadly unrealted GO terms

Mostafavi et al., 2022°

https://doi.org/10.1101
/2022.05.07.491045

UK Biobank GWAS summary statistics

UK Biobank

http://www.nealel
ab.is/uk-biobank

GWAS Catalog summary statistics

NHGRI-EBI GWAS

https://www.ebi.ac.uk/

Catalog gwas/

GTEx data GTEx https://gtexportal.org/h
ome/datasets

DE analysis summary statistics This paper https://doi.org/10.5281
/zenodo.10158085

eQTLs summary statistics from MatrixEQTL This paper https://doi.org/10.5281
/zenodo.10158085

DR eQTLs summary statistics This paper https://doi.org/10.5281

/zenodo.10158085
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Software and algorithms

STAR Dobin et al., 2013% https://github.com/alex
dobin/STAR

featureCounts Liao et al., 20147° https://subread.sourcef
orge.net/

verifyBamID Zhang et al., 20207! https://github.com/Grif
fan/VerifyBamID

AKT Arthur et al., 20197 https://github.com/I1lu
mina/akt

SHAPEIT4 Delaneau et al., 20197 https://odelaneau.githu
b.io/shapeit4/

GLIMPSE Rubinacci et al., 202175 | https://odelaneau.githu
b.io/GLIMPSE/glimps
el/

xCell Aran et al., 20177 https://github.com/dvir
aran/xCell

dream Hoffman, 20207’ https://www.biocondu
ctor.org/packages/deve
1/bioc/vignettes/varian
cePartition/inst/doc/dre
am.html

fgsea Korotkevich et al., https://github.com/ctla

20217° b/fgsea

MatrixEQTL Shabalin et al., 20123! https://www.bios.unc.e
du/research/genomic_s
oftware/Matrix _eQTL/

GEMMA Zhou and Stephens, https://github.com/gen

2012% etics-

statistics/ GEMMA

PCAforQTL Zhou et al., 20223 https://github.com/heat
herjzhou/PCAForQTL

eigenMT Davis et al., 20163 https://github.com/joed
3/eigenMT

udr Stephens lab https://github.com/step
henslab/udr

mashr Urbut et al., 20193 https://github.com/step
henslab/mashr

HyPrColoc Foley et al., 20218 https://github.com/jrs9
5/hyprcoloc

Analysis code generated for this study This paper https://doi.org/10.5281
/zenodo.10158085

RESROURCE AVAILABLITY

[ IS =) WY, =~ V)

Lead contact

Further information and requests for resources and reagents should be directed to and will be
fulfilled by the lead contact, Yoav Gilad (gilad@uchicago.edu).

Material availability
This study did not generate new unique reagents.

Data and code availability
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The WGS data are available at BioProject. The RNA-seq data have been deposited at GEO.
Accession numbers are listed in the key resources table. All original code, data, and summary
statistics presented in this paper have been deposited at Zenodo. DOIs are listed in the key
resources table. Any additional information required to reanalyze the data reported in this paper
is available from the lead contact upon request.

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

The subjects of the diet challenge were olive baboons (Papio hamadryas anubis), yellow
baboons (Papio hamadryas cynocephalus), and their hybrid descendants, all of which were
members of a large pedigreed breeding colony developed and maintained at the SNPRC. The 99
baboons included 42 females and 57 males with ages ranging from 6 years to 14.7 years. The
mean age for the females was 10.4 years (range = 6.4 to 14.7 years) and that of the males was 9.2
years (range = 6 to 12.5 years). The female animals in this study were not pregnant or lactating
during the two-year diet intervention. They did not receive any form of birth control and were
living with infertile males in their normal social groups. The male baboons in this study were
housed in social groups separate from the females and were not castrated. All animal procedures
were reviewed and approved by the Texas Biomedical Research Institute’s (TBRI) Institutional
Animal Care and Use Committee (IACUC). Southwest National Primate Research Center
(SNPRC) facilities at TBRI and the animal use programs are accredited by Association for
Assessment and Accreditation of Laboratory Animal Care International (AAALAC), operate
according to all National Institutes of Health (NIH) and U.S. Department of Agriculture (USDA)
guidelines, and directed by veterinarians (DVM). The SNPRC veterinarians made all animal care
decisions. All animals were housed in group cages allowing them to live in their normal social
groups with ad libitum access to food and water. Enrichment was provided on a daily basis by
the SNPRC veterinary staff and behavioral staff in accordance with AAALAC, NIH, and USDA
guidelines.

METHOD DETAILS

Diet intervention

The baboons were maintained on a chow diet, low in cholesterol and fat (LCLF) from birth until
they began a two-year dietary challenge with a diet high in cholesterol and saturated fat (HCHF).
Table S1 shows the composition of the chow LCLF diet (Monkey Diet 15%/5LEO, LabDiet), the
chow diet was used to prepare to atherogenic HCHF diet (Monkey Diet 25/50456, LabDiet), and
the complete HCHF diet. To make the HCHF diet, we add a mix of lard, cholesterol, sodium
chloride, vitamins [ascorbic acid and vitamin A (a retinyl acetate)], and water to the chow diet.
Metabolizable energy is approximately 3.8 kcal/g, with 40% of calories from fat, 40% of calories
from carbohydrates, and 20% of calories from protein. We measured the composition of total
fatty acids by gas-liquid chromatography of the fatty acid methyl esters [on DB-225 column (15
m), J&W Scientific]. Saturated fatty acids include myristic (1.7%), palmitic (24.9%), and stearic
(17.9%); monounsaturated fatty acids include palmitoleic (2%) and oleic (38.7%); and
polyunsaturated acids include linoleic (13.9%) and linolenic (0.9%). All baboons in the study
were fed daily and allowed to eat ad libitum. We were not able to monitor and measure the
amount of food consumed by each individual animal as they were maintained in social group
housing, consistent with best practices for this species. The approximate mean daily intake per
animal of the LCLF diet was 500 g (~1500 kcal) and that for the HCHF diet was 400 g (~1200
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kcal). The mean amount of cholesterol consumed daily by animals on each of these diets was
approximately 30 mg and 2230 mg, respectively.

Tissue sample collection

Baboon tissue samples were collected just prior to beginning the two-year HCHF diet challenge
(while on the LCLF diet) and again at the end of the two-year HCHF diet challenge. The
baboons were sedated with ketamine (10 mg/kg), given atropine (0.025 mg/kg), and intubated.
Body weight was measured on a calibrated electronic balance and body length was measured
between head and feet, with the animals lying on their back. Omental adipose biopsy samples
were collected through the abdominal wall; liver biopsy samples were collected from the left
lobe of the liver; and skeletal muscle biopsy samples were collected from the quadriceps. During
post-biopsy recovery, analgesia was provided in the form of Stadol, 0.15 mg/kg, twice a day, for
3 days and ampicillin, 25 mg/day for 10 days.

Lipid biomarker measurement

We obtained data on circulating cardiovascular disease (CVD) risk factors, including lipids and
lipoproteins, lipoprotein-related enzymes, and biomarkers of inflammation and oxidative stress
from blood samples collected before and after the two-year HCHF diet intervention. We
quantified the concentrations of the following serum lipids and lipoproteins. Total serum
cholesterol (TSC) and triglyceride (TRIG) concentrations were determined enzymatically using
commercial reagents in a clinical chemistry analyzer. High density lipoprotein cholesterol
(HDLC) was measured in the supernatant after heparin Mn*2 precipitation, and non-HDLC
(LDLC) was calculated as the difference between total and HDLC. Concentrations of
apolipoproteins Al (APOAI), B (APOB), and E (APOE) were determined using an
immunoturbidometric approach with commercial reagents in a clinical chemistry analyzer. We
measured plasma oxidized LDL (oxLDL) concentrations (U/L) immunologically using a
sandwich-style enzyme-linked immunoabsorbent assay (Mercodia Oxidized LDL ELISA;
ALPCO Diagnostics). Lipoprotein size distributions were estimated as absorbance in large size
particles minus absorbance in small size particles. AHDL (dHDL) was calculated as [(fractional
absorbance, 8.6 to 10.5 nm)(fractional absorbance, 12 to 19 nm)]x1000; and ALDL (dLDL) was
calculated as [(fractional absorbance, 27.2 to 28.4 nm)(fractional absorbance, 24.4 to 26
nm)]x1000%. Most samples were run at least twice, and the mean was used as the final
measurement value.

RNA sample processing and sequencing

Approximately 10 mg of each frozen tissue sample was homogenized in 1ml QIAzol Lysis
Reagent (79306, QIAGEN) using BeadBug 6 Microtube Homogenizer (D1036, Benchmark
Scientific) with 1.5mm Zirconium beads (D1032-15, Benchmark Scientific). RNA was
immediately extracted from the homogenate using QIAGEN RNeasy Universal Kit (73404,
QIAGEN). RNA concentration and quality was measured using Agilent RNA 6000 Nano Kit and
RNA 6000 Pico Kit (5067-1511 & 5067-1513, Agilent) on Agilent 2100 Bioanalyzer (Figure
S1A). 96 libraries from 16 animals in batch 1 were performed using TruSeq RNA Library
Preparation Kit v2 (RS-122-2001, RS-122-2002, Illumina) and were sequenced 50 base pairs,
single-end using the Illumina HiSeq4000 according to manufacturer instructions with the goal of
achieving at least 15 million reads per sample (Figure S1B). Each sequencing lane contained 24
multiplexed samples from different RNA extraction batches. 498 libraries from 83 animals in
batch 2 were performed using TruSeq stranded mRNA Library Preparation Kit (20020595,
[llumina) and were sequenced 50 base pairs, paired-end using the [llumina NovaSeq6000
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according to manufacturer instructions with the goal of achieving at least 30 million reads per
sample (Figure S1B). Each sequencing lane contained 84 multiplexed samples from different
RNA extraction batches. Samples from the same animal were always included in the same RNA
extraction, library preparation, and sequencing batches. Samples from different animals were
randomized in every processing step to avoid potential batch effects.

RNA-seq data

RNA-seq data were aligned to the baboon reference genome Panubis1.0 with STAR v2.7.7a%.
FASTQC was used to confirm that the reads were of high quality. Gene-level expression
quantification was performed using featureCounts’. Quality controls were performed on two
levels using a similar pipeline for GTEx’. On the sample level, we first identified and removed
five sample swaps and contaminations where a sample was not matched to its genotype or
contained a mixture of two or more samples using verifyBamID”!. We removed 18 outlier
samples based on expression profile using PCA. We checked sex correctness by examining gene
expression for genes on the Y chromosome for each sample (Figure S2). On the gene level, gene
expression values for all samples from a given tissue were normalized using the following
procedure: 1) read counts were normalized between samples using trimmed mean of M-values
(TMM); 2) genes were selected based on expression thresholds of >0.1 TPM in >10% of
samples, and > 3 reads (unnormalized) in >10% of samples for both diet conditions; 3)
expression values for each gene were inverse normal transformed across samples. After the
quality controls, we obtained 570 high-quality RNA samples and 20,224 genes for downstream
analyses.

Genotype and imputation

WGS data was collected and provided by the Wall lab, with most of the animals having a low
coverage genome (Figures 2A)"2. We generated a reference panel using SHAPEIT4 from 202
high-coverage (>10X) baboons from the same colony. SHAPEIT4 is a fast and accurate method
for estimation of haplotypes (i.e. phasing) for SNP array and high coverage sequencing data’>.
To increase the accuracy of phasing, we incorporated pedigree information by including sets of
pre-phased genotypes (i.e. haplotype scaffold) derived from pedigree data using akt’*. We next
imputed the animals with low-coverage WGS data (<10X) using GLIMPSE. GLIMPSE is a
powerful tool to impute genotypes from low-coverage sequencing data”. We validated the
accuracy of imputation by imputing a pseudo-low-coverage genome. Using 30X WGS data from
a baboon that was not included in the reference panel, we downsampled the reads to 4X
coverage. We imputed this downsampled data and computed the squared Pearson correlation
between imputed dosages (in MAF bins) and highly-confident genotype calls from the original
high-coverage data (Figure S3B). For SNPs with MAF>5%, the correlation is larger than 0.9.
Due to the lack of genetic maps for X and Y chromosomes, we were not able to phase or impute
genotypes for the sex chromosomes, thereby including only autosomes. After excluding low
allele-frequency (MAF < 5%) and monomorphic SNPs, we obtained 16,671,556 autosomal SNPs
across 99 animals for downstream analyses.

Cell type enrichment

Cell type enrichment scores for each sample were computed by running xCell on the full TPM
gene expression matrix of the 570 post-QC samples. The xCell method uses single-sample gene-
set enrichment analysis (ssGSEA) to score each sample and estimate the enrichment of 64
reference cell types, spanning multiple adaptive and innate immunity cells, hematopoietic
progenitors, epithelial cells, and extracellular matrix cells. The reference cell types are defined
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by gene signatures learned from thousands of pure cell types from various sources’®. The raw
enrichment score per cell type is defined as the average ssGSEA score from all the cell types’
corresponding signatures. Then, the raw scores are transformed to a linear scale that resembles
percentages. The cell type enrichment scores shown in the results are transformed scores. For
sanity check, we examined the enrichment of representative cell types for each tissue including
adipocytes, hepatocytes, and myocytes (Figure 1B). For each tissue, we fit a linear regression to
test for differences in the cell type enrichment between diets while adjusting for sex, age, RIN,
and batch effects.

Enrichment score ~ diet + sex + age + RIN + batch + ¢
We corrected for multiple testing using the Benjamini-Hochberg procedure and determined
significance as FDR < 0.05. We visualized sample clustering using heatmaps for the 15 highly
enriched cell types with both mean and median enrichment scores > 0.05 in at least one tissue
(Figure S7A). We calculated correlations between the enrichment and age, sex, and diet in each
tissue using Spearman’s correlation test (Figure S7B).

Differential expression
We performed differential expression (DE) analysis using dream. Dream uses a linear mixed
model to increase power and decrease false positives for RNA-seq datasets with repeated
measurements’’. In each tissue type, we set diet, sex, age, and RIN as fixed effects and
individual and batch as random effects in a linear mixed model. We first used sva’® to identify
surrogate variables for unknown sources of variation. Using the function num.sv, we identified
zero latent factors that need to be estimated and accounted for. Using dream, we estimated
precision weights, fit the model on each gene using the Satterthwaite approximation for the
hypothesis test by default, and applied empirical Bayes shrinkage on the linear mixed model.

exp ~ diet + sex + age + RIN + batch + ID + ¢
The response variable ‘exp’ is a vector of TMM-normalized expression level of all samples for a
given gene. ¢ is normally distributed error modeled with precision weights via an iterative
optimization algorithm. Hypothesis testing is performed by specifying a contrast matrix that is a
linear combination of the estimated coefficients and evaluating the null model. Genes with an
FDR-adjusted p value < 0.01 were considered DE genes. We applied mash to estimate sharing of
DE across tissues. mash is a powerful statistical method to estimate and test for effects across
conditions while accounting for the sharing information®*. For all tested genes, we provided the
effect size and corresponding standard error matrices estimated from dream to mash to jointly
model differential expression. We filled missing values with an effect size of 0 and a standard
error of 10 for genes excluded for low expression in a particular tissue. We estimated paired-wise
sharing by LFSR < 0.01 in at least one condition and the magnitude of effect sizes > 1.5 between
conditions from mash (Figure S4B).

Sex-biased differential expression
We performed sex-biased differential expression analysis using the same procedures. We defined
sex-biased diet-responsive (DR) effect on gene expression as difference in diet effect on gene
expression between males and females. Specifically, when the expression level of a gene is
altered in response to diet, and when this altered response differs between males and females, we
call this a sex-biased diet-responsive effect on gene expression. We fit a linear mixed model
using dream while accounting for age, RIN, batch and individual effects.

exp ~ diet_sex + age + RIN + batch + ID + ¢
In each tissue type, we set diet_sex (combination of diet and sex), age, RIN, and batch as fixed
effects and individual as a random effect in a linear mixed model. dream allows us to perform a
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hypothesis test of a linear combination of coefficients by using a contrast matrix from the
‘makeContrastsDream’ function in R package variancePartition. Here, we tested the difference
of diet effect between males and females (i.e. sex-biased diet effects), asking which genes
respond differently to the HCHF diet in males compared to females. The difference of
differences is the interaction term in the model. Due to the smaller effective sample size in sex-
biased DE analysis, we used FDR < 0.05 to identify sex-biased DE genes.

We replicated the results by using another approach where we searched for sex-specific DE
genes in each tissue (Figure S8). We performed DE analysis for males and females separately in
each tissue using the same model as described in the “differential expression” section above. We
performed joint analysis by feeding the statistics from the sex-stratified DE analysis to mashr
where we treated each sex and tissue combination as conditions. We identified sex-specific DE
genes in each tissue by local false sign rate (LFSR) < 0.05 in at least one condition and the
magnitude of effect sizes > 2.5 between diets.

Gene set enrichment analysis

We performed gene set enrichment analysis (GSEA) using the R package fgsea. fgsea is a
powerful method that quickly estimates arbitrarily low GSEA p-values accurately based on an
adaptive multi-level split Monte-Carlo scheme”. We excluded unannotated genes with a symbol
beginning with “LOC” whose human orthologs have not been determined in the baboon
reference genome (Panubis1.0). We used pre-ranked t-statistics for all tested annotated genes in
each tissue from DE analysis as input and 50 hallmark gene sets from the Molecular Signature
Database (MSigDB v7.5.1) as reference gene sets®®. The hallmark gene sets summarize and
represent specific well-defined biological states or processes and display coherent expression.
These gene sets were generated by a computational methodology based on identifying overlaps
between gene sets in other MSigDB collections and retaining genes whose gene expression
levels are coordinate. Multiple testing was corrected using the Benjamini-Hochberg procedure
and an FDR < 0.05 and absolute NES > 1 was considered as significant enrichment. NES is a
normalized enrichment score used to account for the size of a gene set and correlation between a
gene set and genes in the ranked list.

¢QTL mapping
cis-eQTL mapping was performed using a relatedness-accounted modified linear regression
model implemented by MatrixEQTL3!. In a regular linear regression model, the error term ¢ is
assumed to be independent and identically distributed (i.i.d) across samples (i.e. uncorrelated
homoscedastic errors).

y=a+ Bg+¢; £ ~1ii.d N(0, 6?)
To account for the relatedness of the samples, we used correlated errors by feeding a relatedness
matrix (K) as the error variance-covariance matrix to the parameter errorCovariance in
MatrixEQTL.

y=a+pg+p
1~ N(0, Ko?)

To maintain the assumption of a linear regression model, MatrixEQTL makes an internal
transformation on the input variables, which makes the errors independent and identically
distributed.

5/' — K—l/Zy’ g — K_l/zg, q — K—1/21n
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The genetic relatedness matrix was estimated from all 99 animals’ genotypes using GEMMA#®
and it reflects the genetic relatedness relationship between each pair of individuals. We validated
the relatedness estimation by comparing with pedigree information. The matrix was subset by the
animals included in each condition and if necessary, the matrix was transformed to positive
definite using the make.positive.definite function from the R package corpcor for the eQTL

mapping.

We filtered SNPs in each tissue and diet combination by allele frequency and genotype
frequency. We removed outlier SNPs with MAF < 0.05. We also filtered out loci with < 2
homozygotes across samples in each tissue and diet combination.

We included the known variables sex, age, RIN, and batch as covariates. To capture hidden
technical or biological factors of expression variability, we infer principal components (PCs)
from the gene expression matrix for each tissue x diet condition using PCAforQTL3. The
number of PCs was selected and included in the model as covariates based on the elbow method
and the Buja and Eyuboglu (BE) algorithm, which also approximately maximized cis-eGene
discovery. We computed the correlation of the selected PCs and the known variables and
removed those that were highly correlated with any of the selected PCs (R>> 0.9).

The mapping window was defined as 100kb up- and down-stream of the transcription start site.
We output all results by setting the pvOutputThreshold=1. To identify genes with at least one
significant eQTL (cis-eGenes), the top nominal p-value for each gene was selected and corrected
for multiple testing at the gene level using eigenMT?. eigenMT is an efficient multiple
hypothesis testing correction method that estimates the effective number of tests using a
genotype correlation matrix and then applying Bonferroni correction. Genome-wide significance
was then determined by computing Benjamini-Hochberg FDR on the top eigenMT-corrected p-
value for each gene.

Diet-responsive eQTLs

To combat the issue of incomplete power, we used mash to estimate sharing between conditions,
and to identify diet-specific dynamic effects in each tissue. By jointly analyzing genetic effects
across multiple conditions, mash increases power and improves effect-size estimates, thereby
allowing for greater confidence in effect sharing and estimates of condition-specificity. We ran
mashr using the output of eQTL mapping from MatrixEQTL of all six conditions. To avoid
potential bias of including tissue-specific genes in the joint analysis for discovering tissue-
specific effects, we included commonly shared genes across all conditions. No effect size is post
hoc set to 0 for mashr. To better learn the heterogenous patterns of sharing from data and
improve the accuracy of estimates, we implemented an optimized algorithm, ultimate
deconvolution®. For each gene, the top SNP with the largest univariate |Z|-statistic across all
conditions was selected. The top SNPs with LFSR < 0.05 were designated as significant eQTLs.
To investigate sharing of the top eQTLs between diets, we assessed sharing of effects by
magnitude (effects have similar magnitude within a factor of 1.5) for the top SNPs that are
significant eQTLs in at least one diet within each tissue separately. DR eQTLs are SNPs that are
significant eQTLs in at least one diet for a given tissue and the fold change of effects between
diets is more than a factor of 1.5. A DR eGene is a gene with at least one DR eQTL. Non-DR
eQTLs are SNPs that are significant eQTLs in at least one diet for a given tissue and the fold
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change of effects between diets is less than a factor of 1.5. A non-DR eGene is a gene with at
least one eQTL but no DR eQTLs.

Physiological QTL mapping
We removed outliers by dropping any sample that had a biomarker level greater than 20-fold the
interquartile range or greater than 10-fold below the median across all samples. The
measurement values for each biomarker were inverse normal transformed across samples. We
mapped physiological quantitative trait loci using the same genotype data and model as eQTL
mapping pipeline described above, this time testing the entire genome rather than just the cis
eQTL region.

measurement = o.+ Y Brcovariate + y-genotype+ €

Colocalization

We used HyPrColoc to determine whether eQTL and trait associations are explained by the same
causal variant explains. HyPrColoc is an efficient deterministic Bayesian divisive clustering
algorithm that uses GWAS summary statistics to detect colocalization across vast numbers of
traits simultaneously®. We used the default setting of prior probability = 1x10* and a
conditional colocalization prior = 0.025. We defined a significant colocalization as having a
posterior probability larger than 0.5.

Sex-biased eQTLs

We define sex-biased eQTLs as those cis-eQTLs with a significantly different genetic effect
between males and females. We modified the relatedness-accounted linear regression model
described in the eQTL mapping section by adding a genotype-by-sex (G x Sex) interaction term
and tested for significance of G x Sex interaction. This was implemented in MatrixEQTL by
setting useModel = modelLINEAR CROSS. We filtered SNPs in each tissue and diet
combination by removing outlier SNPs with MAF < 0.05 and loci with < 2 homozygotes across
samples in each sex group. We used the same covariates, mapping window, and multiple testing
correction approach as described above.

expression = o+ Y i Br-covariatey + y-genotype+ d-genotype-sex + €

Comparison of genic features

We compared genic features of DR eGenes, nonDR eGenes, and all eGenes in each tissue. We
calculated the TSS count of a given gene by the number of promoter peaks measured by the
FANTOMS project using Cap Analysis of Gene Expression (CAGE). We estimated enhancer
activity of a given gene by computing the accumulative enhancer length across 131 cell or tissue
types predicted based on the activity-by-contact (ABC) model (ABC score > 0.05). We defined
loss-of-function (LoF)-intolerant genes by pLI score > 0.9 using the statistic from
gnomAD.v2.1.1. For Gene Ontology (GO) analysis, we focused on 41 broadly unrelated GO
terms that are used in Mostafavi et al. For enrichment in transcription factors (TFs), we used the
official list of human TFs (v1.01) from Lambert et al. which includes 1639 human TFs. For all
the analyses, we only included the genes that are shared between the testing set for eQTL
mapping in this study (n=14814) and the reference set of the interest. Enrichment tests were
performed using Fisher’s exact test.

Enrichment with human GWAS
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We obtained GWAS summary statistics from UK Biobank provided by Ben Neale’s lab® and
The NHGRI-EBI Catalog of human GWAS (v1.0.2, 2022-10-08)%. For GWAS from UK
Biobank, we selected 22 HCHF-related traits or disease and linked each GWAS hit to the closest
TSS among 19393 protein-coding genes from GENCODE V43. For GWAS from GWAS
Catalog, we obtained 507 traits using the “MAPPED_TRAIT” column after filtering for traits
with at least 30 associated genes. We classified the traits into metabolic-relevant (n=98) and non-
metabolic relevant traits (n=213). Ambiguous traits for the classification such as immune- and
blood-relevant traits were removed. We obtained genes associated with each trait using the
“MAPPED GENE(S)” column where if a SNP is located within a gene, that gene is listed; if a
SNP is located within multiple genes, all genes are included; if a SNP is intergenic, the closest
gene is included. We tested for enrichment of baboon DR eGenes in human GWAS genes for
each trait using Fisher’s exact test. We used Fisher’s method to calculate the combined p-values
for metabolic-relevant traits and non-metabolic relevant traits, respectively.
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Figure 1. Overview of the study design and dataset.

(A) Overview of diet intervention and sample collection. 99 baboons switched from a LCLF diet to a HCHF
diet for two years. mRNA was collected from liver, muscle, and adipose tissue before and after the diet
switch. Collection time points are indicated by vertical bars.

(B) Representative cell type enrichment in each tissue.

(C) Principal components (PC) analysis of mRNA samples after quality control (n=570), with diet condition
indicated by color.
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Figure 2. Transcriptional responses to the HCHF diet.

(A) Diet-responsive differential expression analysis. DR genes are significantly enriched in inflammatory respons-
es in adipose (P<2x10-10) and liver (P<6x10-16), but not in muscle (P=0.1). Inflammatory response genes are
highlighted in purple. The dashed line indicates an FDR threshold of 0.05.

(B) Cell type enrichment changes in response to the HCHF diet. Adipose and liver are significantly enriched for a
variety of immune cells following the HCHF diet. Asterisks indicate statistical significance (ns: non-significance,
*P<0.05, **P<0.01, ***P<0.001).

(C) Differential expression analysis of sex-biased diet responses. Colored dots are significant sex-biased DR
genes with an FDR threshold of 0.05.

(D) Pathway enrichment of sex-biased DR genes. Top positive enrichments (FDR<0.05) are male-biased (blue)
and associated with immune-related activities. Top negative enrichments (FDR<0.05) are female-biased (red),
involved in metabolic processes. The enrichment items are ranked by the normalized enrichment score from top to
bottom.
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Figure 3. Diet-responsive genetic regulatory effects.

(A) Discovery and overlap of DR eQTL-gene pairs across tissues.

(B) Aliver-specific DR eQTL (chr1:131619858:G_T) for APOA2. The eQTL effect emerged in response to
the HCHF diet and was present only in liver (LFSRLCLF=0.49, BLCLF=0.11, LFSRHCHF=0.04,
HCHF=0.31). Opaque colors are HCHF; light colors are LCLF. Opaque colors are HCHF; light colors are
LCLF.

(C) Genetic association between a SNP of APOAZ2 (rs5082) and BMI from three independent human
populations stratified by saturated fat intake (<22 g/d [low] and >22 g/d [high]). The populations are from
the Boston—Puerto Rican Centers on Population Health and Health Disparities (Boston—Puerto Rican)
Study, the Framingham Offspring Study (FOS), and the Genetics of Lipid Lowering Drugs and Diet Network
(GOLDN) Study. Error bars represent standard deviation of effect size. Error bars represent standard
deviations.

(D) A sex-biased eQTL (chr9:8884799:C_T) for OLR1. The regulatory effect of this SNP was present in
both males (blue) and females (red) with a discordant allelic effect, but it was not detected in sex-combined
analysis (purple). Opaque colors are HCHF; light colors are LCLF. Opaque colors are HCHF; light colors
are LCLF.

(E) Sex-specific association between the variant in OLR1 (rs11053646) and carotid plaque from 287
Dominican Hispanic individuals in the Genetic Determinants of Subclinical Carotid Disease Study. The
phenotypes include plaque presence and sub-phenotypes (multiple, thick, irregular, and calcified plaque),
determined by high resolution B-mode carotid ultrasound. Asterisks indicate statistical significance (ns:
non-significance, *P<0.05, **P<0.01, ***P<0.001, ****P<0.0001). Error bars represent 95% confidence
interval of odds ratio. Error bars correspond to 95% confidence intervals.
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Figure 4. Genetic architecture of diet-responsive gene expression.

(A) Distance of DR eQTLs (red), nonDR eQTLs (blue), and all eQTLs (green) to the TSS of the target
gene. The overlaid histograms show distance-to-TSS distribution in each group of eQTLs in 5Kb bins.
The curves show the kernel density estimate for each group of eQTLs.

(B-D) Genic features of DR eGenes (red), nonDR eGenes (blue), and all eGenes (green), respectively.
Horizontal dashed lines depict the average number of the corresponding feature across all genes that
were tested in eQTL mapping. (B)Average number of TSS. (C) Average accumulative enhancer length
per tissue/cell type. (D) Fraction of selectively constrained genes (pLI > 0.9). Error bars represent stan-
dard deviations.
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Figure 5. Enrichment of baboon DR eGenes in human GWAS.
(A) Enrichment of human GWAS genes for 22 HCHF-related traits among DR eGenes, non-DR eGenes, and
all eGenes. The color map represents enrichment (red) or depletion (blue) by enrichment Z scores.

(B) Q-Q plot for enrichment of baboon DR eGenes in human trait- or disease-associated genes from GWAS.
Orange dots correspond to p-values of enrichment tests for metabolic-relevant traits relative to uniformly
distributed p-values (dashed line). Gray dots correspond to p-values of enrichment tests for non-metabolic

traits.
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