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Abstract 19 

Background 20 

Obesity is caused by genetics, the environment (e.g., diet) and their interactions. The brain, 21 

specifically the hypothalamus, plays an important role in obesity, but controlled studies using 22 

human brain tissue are not possible. The goal of this study was to conduct a genome wide 23 

association study using outbred heterogeneous stock (HS) rats to map genetic loci associated 24 
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with diet-induced obesity. This was followed by RNAseq in the ventromedial hypothalamus 25 

(VMH) to identify candidate causal obesity genes. 26 

Methods 27 

We measured multiple metabolic traits (including fat and lean mass, fasting glucose, insulin, and 28 

lipids, glucose tolerance, food intake and activity levels) after long-term consumption of a low-fat 29 

(LFD) or high-fat diet (HFD) in 2000 HS rats, split equally by sex and diet. Rats were genotyped 30 

using low-coverage whole genome sequencing. RNAseq data was obtained from the VMH of a 31 

sub-set of 400 HS rats split equally by sex and diet. We used linear mixed models to detect 32 

physiological and expression quantitative trait loci (pQTLs and eQTLs, respectively) in the full 33 

dataset and separately by diet and sex. Genes with cis-eQTLs that overlapped pQTLs were 34 

assessed as candidate causal genes through mediation analysis. We also identified VMH genes 35 

differentially expressed by diet in both sexes, followed by pathway analysis.  36 

Results 37 

We identified 47 pQTLs where six mapped multiple traits, 11 were diet-specific and 13 were sex-38 

specific. We identified nine candidate causal genes, including Pcare, Rbks, Mpv17 and Gpn1 39 

within a pleiotropic pQTL for multiple adiposity traits on rat chr. 6 and Tnsfs9 within a pQTL for 40 

fat pad weight on rat chr. 9. We also identified Ccdc77 as a candidate gene within a LFD-41 

specific pQTL for activity levels and Rtel1 and Polr3k within a male-specific pQTL for fatty liver. 42 

Genes involved in extracellular matrix and inflammation were dysregulated by diet, particularly 43 

in females, while males on HFD showed upregulation of several addiction pathways. 44 

Conclusions 45 

We identified novel candidate genes as neural regulators of diet-induced obesity and related 46 

traits and confirmed the importance of accounting for diet and sex in genetic studies of obesity. 47 

 48 

Keywords: Gene x diet interactions, genome wide association study, obesity, hypothalamus, 49 

heterogeneous stock rats 50 
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 51 

 52 

Introduction 53 

Obesity and overweight are major risk factors for multiple diseases including cardiovascular 54 

disease, type 2 diabetes, cancer and stroke (1). There has been a steady increase in 55 

prevalence of overweight and obesity (2), where current obesity prevalence in the United States 56 

reaches 68.6% (based on body mass index (BMI) and anthropomorphic measures such as 57 

waist-hip circumference) (3), emphasizing the dire state of health in the US and a critical need 58 

for new obesity treatments. Obesity is caused by genetics (4), the environment (5) and their 59 

interactions (GxE) (6, 7). Although human genome-wide association studies (GWAS) for 60 

obesity-related traits (e.g., BMI and body fat distribution) have identified many genetic effects (8, 61 

9), GxE interactions (10, 11) are more challenging to identify. Most human studies for obesity-62 

related traits that do account for genetic interactions with diet (GxD) either fail to report 63 

significant results (12, 13) or lack reproducibility due to insufficient power (e.g., sample size), 64 

high heterogeneity, measurement error and lack of proper controls (14, 15). 65 

 66 

Obesity is, in large part, a brain disease where neuronal circuits play a role in regulating food 67 

intake and peripheral metabolism (16-18). The hypothalamus, a key brain region involved in 68 

satiety signaling and energy homeostasis (19-22), is divided into sub-sections (23). The 69 

ventromedial hypothalamus (VMH) is known to play an important role in obesity, lipid 70 

metabolism, and glucose production and uptake (24-30). The VMH sends (31) and receives (32, 71 

33) signals from the arcuate nucleus, a region well known for regulating satiety signaling via the 72 

leptin-melanocortin pathway (34, 35). Although genes located near BMI-associated loci in 73 

human GWAS are enriched within the hypothalamus (36, 37), these studies did not account for 74 

diet. Importantly, it is impossible to collect human brain tissue under controlled conditions after a 75 

specific diet treatment. 76 
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 77 

Animal models of human complex disease offer several advantages over human studies, 78 

including the ability to regulate environmental exposures such as diet and to collect tissues, 79 

including brain, under tightly controlled conditions. Our laboratory uses outbred heterogeneous 80 

stock (HS) rats for genetic mapping of obesity and other metabolic traits. HS rats were created 81 

from eight inbred founder strains (38), with known differences in metabolic traits (39). They have 82 

been bred for over 100 generations, approximating the spectrum of common genetic variation 83 

segregating in humans (40, 41). Previous work in our lab has demonstrated the utility of HS rats 84 

for understanding genetics underlying obesity when rats were on normal chow (42-44) and 85 

shown translational relevance to humans (45-47). Here, we conducted a controlled diet study in 86 

a large cohort of HS rats to identify genetic loci for obesity/metabolic health, including those that 87 

interact with diet or sex. We then assessed gene expression changes within the VMH in 88 

response to diet and employed mediation analysis to identify candidate causal genes within the 89 

genetic loci. We also identified genes that were differentially expressed by diet in both sexes, 90 

followed by pathway analysis. 91 

 92 

Methods 93 

Animals and Diet 94 

The outbred NIH HS rat colony was initiated in 1984 from eight inbred founder strains: ACI/N, 95 

BN/SsN, BUF/N, F344/N, M520/N, MR/N, WN/N, WKY/N, and maintained to minimize inbreeding 96 

[13]. Rats used in this study were maintained at Wake Forest University school of Medicine 97 

(NMcwiWFsm:HS, Rat Genome Database number 13673907) (41), weaned at 21 days of age 98 

and housed 2 rat of the same sex per cage (except for one week for evaluating food intake) in 99 

micro-isolation cages (non-siblings housed together) in a conventional facility. Throughout the 100 

course of the study, 1942 HS rats were saved from 824 distinct breeder pairs. To maximize genetic 101 

heterogeneity, we randomized only one or two males and females from each breeder pair (two 102 
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males and/or females from 234 breeder pairs, with only one male and female from the other 103 

breeder pairs), with siblings placed on different diets. We saved 12 experimental animals each 104 

week throughout the course of the study (July 2020 through January 2024). All rats were housed 105 

at standard temperature and humidity conditions on a 12-hour light/dark cycle with ad libitum 106 

access to food and water. Breeders and experimental rats up to five weeks of age were fed 107 

standard rodent chow (Lab Diet, Prolab RMH 3000, #5P00). At five weeks of age, experimental 108 

rats were randomly assigned to either high fat diet (HFD) or low-fat diet (LFD) (Research Diets 109 

#12492: 5.21 kcal/g, 60% fat, 20% carbohydrate, 20% protein; or #D12450J: 3.82 kcal/g, 10% 110 

fat, 70% carbohydrate, 20% protein; both diets contain 17% sucrose, and the fat source is lard 111 

and soybean oil with all other components being matched). All animal experiments were 112 

performed using protocols approved by the Institutional Animal Care and Use Committee at Wake 113 

Forest University School of Medicine. 114 

 115 

Study Design 116 

1942 HS rats were phenotyped as shown in Table 1. Each cohort consisted of 12 genetically 117 

distinct rats (6 males and 6 females). At five weeks of age, prior to the start of HFD or LFD, 118 

baseline adiposity was measured using an EchoMRI. Body weight was then measured weekly. At 119 

12 weeks of age (seven weeks on diet), rats were individually housed for one week to measure 120 

food intake. At 15 weeks of age (10 weeks on diet), EchoMRI was used to measure fat and lean 121 

mass, followed the next day by an intra-peritoneal glucose tolerance test (IPGTT) to measure 122 

fasting glucose, insulin and glucose tolerance. We then implanted a telemeter to measure daily 123 

activity. We measured activity when animals were both individually and pair housed. While 124 

individually housed, we took a second measurement of individual food intake. Rats were then 125 

euthanized after a four-hour fast. Blood was collected for measuring lipids and multiple tissues 126 

were collected and snap frozen for subsequent RNA analysis. Spleen was collected for DNA 127 
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extraction and genotyping. All experiments were conducted at similar times of day across cohorts. 128 

Test details are described below. The full list of phenotypes that were collected is listed in 129 

Supplemental Table 1 with raw phenotype data shown in Supplemental Table 2. 130 

Table 1: Phenotype Timeline 131 

Age 
(weeks) 

Time on 
diet 

(weeks) 
Test 

3 0 Wean 

5 0 
Weigh, baseline EchoMRI, place on 

LFD or HFD 

12 7 Food intake 

15 10 EchoMRI, IPGTT 

16 11 
Food intake, individual and pair-housed 

daily activity 

17 12 Tissue harvest 

LFD: low-fat diet, HFD: high-fat diet, IPGTT: intra-peritoneal glucose tolerance test 132 

EchoMRI 133 

Prior to diet assignment and after 10 weeks of LFD or HFD consumption, rats went through 134 

EchoMRI analysis (EchoMRI LLC, Houston, TX) to measure fat and lean mass. Non-fasted rats 135 

were initially weighed and then each rat was scanned in the machine for two minutes in triplicate. 136 

EchoMRI occurred in the morning between 9am-12. 137 

IPGTT 138 

Rats were fasted overnight for 16 hours. Testing began at 10am +/- 30 minutes at which time 139 

fasting blood glucose was measured (Contour Next EZ) and serum was saved for subsequent 140 

determination of fasting insulin. We then administered an intraperitoneal injection of glucose (1 141 

mg/kg body weight) and measured blood glucose at 15, 30, 60, 90, and 120 minutes after the 142 

injection. Glucose sensitivity was calculated by measuring glucose area-under-the-curve (AUC) 143 

where: 144 
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𝐴𝑈ܥ =  ∑ ௧ܩ) + (௧+1ܩ ×  ∆݉݅݊ 2  145 

Where G is serum glucose levels at time t.  146 

Fasting serum insulin was measured with an ultrasensitive ELISA kit (ALPCO, #80-INSRTU-E10). 147 

Telemeter implantation for activity measurements 148 

Surgeries took place each week on Thursday. Prior to surgery, rats were given oral meloxidyl 149 

(1mg/kg) as an analgesic. Rats were then anesthetized with isoflurane gas. Once fully 150 

anesthetized, aseptic technique was used to insert a telemeter (Stellar Telemetry Implant E-151 

430001-IMP-05 X 01, TSE systems) subcutaneously under the rat’s shoulder. Incision was 152 

sutured and the rat was placed in a clean empty cage on a warming pad. Once active and 153 

ambulatory, the rat was placed into a separate cage. At this time, rats were housed individually 154 

for one week to obtain activity and a second measurement of food intake. 155 

Rats were given through the weekend to recover, and telemeters were activated on Monday using 156 

Stellar Commander 1.0.0.7/1 software. Activity was recorded while singly housed from Monday 157 

afternoon until Friday morning, after which animals were pair-housed with their previous cage 158 

mate and activity recording continued until the following Monday afternoon. We thus obtained 3.5 159 

days of activity when individually housed and 3.5 days of activity when pair-housed. 160 

Euthanasia and tissue harvest 161 

Rats were fasted around 8am, four hours prior to euthanasia. They were then brought to the 162 

euthanasia anteroom 40 minutes prior to euthanasia, which generally started at noon. Rats 163 

were euthanized by decapitation and blood was collected in serum separator tubes (Fisher 164 

Scientific). We weighed and snap froze multiple tissues including: brain, liver, fat pads 165 

(retroperitoneal, omental, gonadal), kidneys, heart and pancreas. Brain was removed and snap-166 
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frozen within two minutes of the rat being removed from the cage, while all other tissues were 167 

removed and snap-frozen within 10 minutes or less after cage removal. 168 

Prior to freezing, we used visual inspection, employing the following scale to assess degree of 169 

fatty liver/damage, as previously described (48): 170 

0 = healthy red coloration, smooth uniform texture 171 

1 = notable yellowing present over 30-75% of the surface area of the liver 172 

2 = liver is uniformly yellowed in coloration 173 

3 = uniform, lighter yellow coloration, visible mild to moderate fibrosis  174 

 175 

Low-coverage whole genome sequencing and imputation 176 

To genotype HS rats, we used low-coverage whole genome sequencing. DNA was obtained 177 

from spleens, which were collected postmortem. Detailed protocols for spleen collection, DNA 178 

isolation, sample processing, preparing sequencing libraries, and performing the sequencing 179 

can be found on protocols.io here: https://www.protocols.io/workspaces/cgord/publications. DNA 180 

was extracted using the DNA Advance kit (Beckman Coulter), then sequencing libraries were 181 

prepared using the Twist 96-Plex Library Prep kit (TWIST Bioscience). Reads were aligned to 182 

the rat reference genome mRatBN7.2 (GCA_015227675.2 GCF_015227675.2) using BWA-183 

mem v0.7.17. Mapped sequences were used to construct haplotypes and impute biallelic single 184 

nucleotide polymorphism (SNP) genotypes using STITCH v1.6.6 39 (49, 50). This process 185 

resulted in a high-quality set of ~5 million SNPs with imputation quality scores (INFO) > 0.9. The 186 

genotypes are deposited in the University of California Library Digital Collection as 187 

Heterogeneous Stock (HS) Rat Genotypes, Version 6, 188 

https://library.ucsd.edu/dc/object/bb65996027 ; the genotypes for the animals form this paper 189 

can be found by sub-setting for the animals used in this work. 190 

 191 

SNP and Founder haplotype dosage imputation and kinship matrix construction 192 
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We then derived a subset of 90,363 high-quality tagging SNPs using PLINK v2 193 

(https://www.cog-genomics.org/plink/2.0/), such that every other SNP was in Linkage 194 

Disequilibium (R2>0.95) with at least one tagging SNP within a window of 100 SNPs. SNPs with 195 

mean allele frequency<0.05 were removed. These sites were used for all subsequent analysis. 196 

 197 

Brain dissections and RNA extraction 198 

The VMH was microdissected from frozen brain of 391 HS rats, split equally by sex and diet 199 

following coordinates in the Rat Brain Atlas (51). Rats used for RNAseq were the first rat to be 200 

euthanized from the cage (to avoid any transcriptomic changes due to the stress of being alone 201 

in a cage for several minutes). These animals spanned the phenotypic spectrum for 202 

retroperitoneal fat pad weight (RetroFat). Frozen samples were then sent to Azenta Life 203 

Sciences (South Plainfield, NJ) for RNA extraction, library preparation and sequencing as 204 

described below.  205 

 206 

Library Preparation with PolyA selection and Illumina Sequencing  207 

Total RNA was extracted using Qiagen RNeasy Plus Universal micro Kit following 208 

manufacturer’s instructions (Qiagen, Hilden, Germany). RNA samples were quantified using 209 

Qubit 2.0 Fluorometer (ThermoFisher Scientific, Waltham, MA, USA) and RNA integrity was 210 

checked using TapeStation (Agilent Technologies, Palo Alto, CA, USA). RNA sequencing 211 

libraries were prepared using the NEBNext Ultra II RNA Library Prep for Illumina using 212 

manufacturer’s instructions (New England Biolabs, Ipswich, MA, USA). Briefly, mRNAs were 213 

initially enriched with Oligod(T) beads. Enriched mRNAs were fragmented for 15 minutes at 214 

94°C. First strand and second strand cDNA were subsequently synthesized. cDNA fragments 215 

were end repaired and adenylated at 3’ends, and universal adapters were ligated to cDNA 216 

fragments, followed by index addition and library enrichment by PCR with limited cycles. The 217 
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sequencing libraries were validated on the Agilent TapeStation (Agilent Technologies, Palo Alto, 218 

CA, USA) and quantified by using Qubit 2.0 Fluorometer (ThermoFisher Scientific, Waltham, 219 

MA, USA) as well as by quantitative PCR (KAPA Biosystems, Wilmington, MA, USA).  220 

 221 

The sequencing libraries were multiplexed and clustered onto a flowcell. After clustering, the 222 

flowcell was loaded onto the Illumina HiSeq 4000 or equivalent instrument according to 223 

manufacturer’s instructions. The samples were sequenced using a 2x150bp Paired End (PE) 224 

configuration. Image analysis and base calling were conducted by the Control Software. Raw 225 

sequence data (.bcl files) generated from the sequencer was converted into fastq files and de-226 

multiplexed using Illumina's bcl2fastq 2.20 software. One mismatch was allowed for index 227 

sequence identification. RNAseq data have been deposited in the Gene Expression Omnibus 228 

(https://www.ncbi.nlm.nih.gov/geo/) under accession number GSE330152. 229 

 230 

RNAseq quality control:  231 

We used STAR (v2.6.1a) (52) to align RNAseq reads to the reference Rn6.0, PICARD (v2.5.0) 232 

to remove PCR duplicates, and featureCount in the Bioconductor package Rsubread to 233 

compute gene-level expression counts, which were later normalized by sequencing depth, gene 234 

length, and RNA composition using the DESeq2 BioconductoR package (v1.24.0). We excluded 235 

very lowly expressed genes with average reads per sample less than one. The normalized 236 

expression levels across individuals for each gene were then transformed using the VST 237 

variance-stabilising transformation in DESeq2 (53) before being used for eQTL mapping in 238 

Matrix eQTL. 239 

 240 

Differential expression and pathway analysis  241 

Differential expression was conducted using the DESeq2 (53) packages. Unwanted variation 242 

was estimated by deriving three “remove unwanted variation or RUV” factors from control genes 243 
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using RUVSeq (54). These control genes are those not associated with Sex, Diet, or Sex_Diet, 244 

as determined by the likelihood ratio test comparing the full model ~ 1 + seqbatch + Sex + Diet 245 

+ Sex_Diet with the reduced model ~ 1 + seqbatch. Control genes with adjusted p > 0.1 were 246 

used to calculate RUVg factors W1, W2, and W3, which explained variation not associated with 247 

sequence batch (included as a covariate), sex, diet, or sex by diet interactions. 248 

 249 

Differential expression was tested in DESeq2 using the model ~ 1 + W1 + W2 + W3 + seqbatch 250 

+ Sex + Diet + Sex_Diet. The term Sex_Diet is a factorized term to represent interaction effects 251 

by looking at differential expression within groups. Significance of each of the main effects, Sex 252 

and Diet, and the interaction effects were assessed using the negative binomial Wald test. Log 253 

fold changes (LFCs) for Sex and Diet were shrunken with ashr and reported. Significance was 254 

defined as adjusted p < 0.1 after B-H FDR correction. Interaction analyses used the same 255 

framework with a factorized Sex_Diet term and four contrasts: M_1 vs M_0, F_1 vs F_0, M_0 vs 256 

F_0, and M_1 vs F_1.  257 

 258 

Gene set enrichment analysis was performed with clusterProfiler (55) using ranked, non-259 

shrunken, unadjusted LFCs from the full DESeq2 results. Enrichment scores were normalized to 260 

generate normalized enrichment scores (NES); pathways with positive NES were labeled 261 

activated and those with negative NES suppressed. GSEA using KEGG analysis was run with 262 

clusterProfiler::gseKEGG. All recommended parameters were used, except that the minimum 263 

number of genes in a set was set to 3 to accommodate lower-powered subset analyses. Dot 264 

plots were ordered by adjusted p-value. 265 

In DEseq2, the model is Gene expression ~ Sex + Diet + Sequencing Batch 266 

 267 

Statistical analysis  268 
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Statistical analyses largely followed the methodology and code-base in our previous study (43). 269 

We briefly summarize the methods here.  270 

 271 

Kinship matrix construction 272 

We estimated a SNP-based genetic relationship matrix (GRM) KSNP from the tagging SNPs in 273 

PLINK v2.0, which was used for genetic mapping as well as to estimate heritability and genetic 274 

correlations for the physiological traits.  275 

 276 

Phenotype correlations and heritability estimates 277 

Each physiological phenotype was quantile-normalized using the rank-inverse Normal 278 

transformation and adjusted for covariates (e.g., sex, diet, batch) if they accounted for more 279 

than 2% of the total variance (see Supplemental Table 1). The resulting residuals were used 280 

for correlation and heritability analysis. Phenotypic correlations between traits were computed 281 

as Pearson R statistics of the corresponding residuals. Genetic correlations between traits and 282 

the additive heritability of each trait was estimated using GCTA (56) using KSNP. 283 

 284 

 Genetic mapping of physiological traits 285 

GWAS was conducted on all quantile-normalized phenotypes in Supplementary Table 1, 286 

including raw tissue weights as well as tissue weights adjusted to body weight (e.g., tissue 287 

weight/body weight). Covariates were included explicitly in the genetic mapping (i.e., we did not 288 

use residuals). Quantitative trait loci for each physiological trait (named pQTLs in this study) 289 

were mapped using the miqtl R package (https://rdrr.io/github/gkeele/miqtl/), employing the 290 

GRM KSNP across the 90,363 tagging SNPs. A genome-wide significance threshold for each trait 291 

was computed from 500 permutations; generally the threshold was in the range logP=5-6. QTL 292 

intervals were estimated by finding all SNPs with R2 >0.6 with the peak SNP of the QTL. The 293 
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peak SNP within each pQTL was used for subsequent mediation analysis and to estimate 294 

founder haplotype effects.  295 

 296 

Sex and diet-specific effects on pQTLs were identified by repeating the miqtl mapping for each 297 

trait on subsets of rats categorized by sex or diet, using the same covariates as in the miqtl 298 

analysis of all the animals. For pQTL that mapped in only a single diet and not in the other diet 299 

or in the complete data, we used ANOVA in lme4qtl (57) to check for the Gene x Diet (GxD) 300 

interaction in the full data set by comparing the linear mixed models 301 ݕ = ߙܺ + ݃௣௘௔௞ீߚ + ஽ߚ݀ + ݃݀௣௘௔௞ீߚ௫஽ + ݁   (a) 302 

ݕ 303  = ߙܺ + ݃௣௘௔௞ீߚ + ீߚ݀ + ݁    (b) 304 

where ݃௣௘௔௞ is the genotype dosage at the peak SNP with effect ீߚ  under the pQTL, ݀ is an 305 

indicator variable indicating the diet with effect ߚ஽ and ݃݀௣௘௔௞ீߚ௫஽ models the interaction of diet 306 

and genotype. The covariance structure of the data is modelled using the GRM KSNP . Those 307 

pQTLs for which the p-value of the comparison of the models a vs b is <0.05 are considered as 308 

having significant GxD and were designated as diet-specific.  A similar process was applied to 309 

identify GxS interactions, using sex in place of Diet.  310 

  311 

Founder haplotype reconstruction and estimation of QTL haplotype effects 312 

Each HS rat chromosome is a mosaic of the original eight founder haplotypes. The haplotype 313 

mosaic was inferred probabilistically for all chromosomes in all rats using the hidden Markov 314 

(HMM) model in R/qtl2 (58), given the ~90k tagging SNP genotypes previously calculated for 315 

the rats and the SNP alleles at these locations known for the founder strains (49). Since the 316 

haplotype reconstruction is probabilistic, it provides, for each rat at each location, a set of 317 

haplotype pair (diplotype) probabilities. The diplotype probabilities at the peak SNPs of mapped 318 
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pQTLs and eQTLs were used to estimate the effect of haplotype substitutions (haplotype 319 

effects) using Diploffect (59). These estimates and their 95% credible intervals were used to 320 

determine if peak SNPs for an eQTL had a strain distribution pattern (SDP) consistent with that 321 

of the pQTL. 322 

 323 

Genetic mapping of expression traits 324 

We mapped eQTLs using MATRIX-eQTL (https://cran.r-325 

project.org/web/packages/MatrixEQTL/index.html) including as covariates sex, diet, technician, 326 

sequencing batch and the first principal component of the gene expression matrix, the GRM as 327 

the individual covariance matrix. A threshold of logP=5 was employed to call cis-eQTLs within 328 

each tissue. Cis-eQTL were constrained to lie within 2 Mb of the corresponding gene location. 329 

 330 

Mediation analysis and bmediatR 331 

Genes with a cis-eQTL overlapping a pQTL were considered as potential mediators of the 332 

corresponding physiological trait if the cis-eQTL contained at least two associated SNPs within 333 

the interval of a pQTL (as defined by R2 = 0.5). For these potential mediators, we performed 334 

mediation analysis, that is, we tested for evidence that the QTL peak (g) acts on the 335 

physiological trait (y) through gene expression (t), either wholly (complete mediation) or in part 336 

(partial mediation). This was done in two complementary ways: first, using causal steps, as 337 

proposed by Baron and Kenny (60) and used in Hong-Le et al. (43), and modeling g in terms of 338 

SNP genotype dosage; and second, as a verification step, using Bayesian model selection via 339 

bmediatR (61), and modeling g in terms QTL diplotype probability. 340 

 341 

First, for causal steps, consider gene z with a cis-eQTL mapping within the interval of a 342 

pQTL. The evidence for mediation is evaluated by comparisons among three models:  343 
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ݕ = ߙܺ + ݃௣௘௔௞ߚ + ߛ௭ݐ + ݁     (1) 344 

ݕ = ߙܺ + ݃௣௘௔௞ߚ + ݁      (2) 345 

ݕ = ߙܺ + ߛ௭ݐ + ݁      (3) 346 

where y is the normalized physiological phenotype, tz is the normalized expression for gene z, 347 

and gpeak is the SNP genotype dosage for the peak SNP within the pQTL. A Mediator is called 348 

when model 1 fits significantly better than model 2 (as assessed by an ANOVA partial F test 349 

comparing the models). P values of all tested genes within each QTL are corrected for multiple 350 

testing using the Benjamini-Hochberg false discovery rate (BH-FDR) (62), with significant 351 

mediators defined as genes with q values <0.1. For significant mediators, full mediation is 352 

implied when model 1 fails to be significantly more predictive than model 3 (nominal P value 353 

<0.05); otherwise, mediation is considered partial. 354 

 355 

Second, to further understand mediation mechanisms, all significant mediators discovered 356 

through causal steps above were tested using bmediatR. bmediatR considers 8 possible 357 

models describing relationships between g, t, and y, including models for complete mediation, 358 

partial mediation, and “co-local”, where g affects t and y but independently. Giving each model 359 

an equal prior probability of 1/8, bmediatR then applies Bayesian model selection to obtain 360 

posterior probabilities for each model, as well as Bayes factors, reported here on the log10 361 

scale (log10BF), that summarize the extent to which movement from the priors to the posteriors 362 

reflects evidence for mediation of any kind (partial or complete). Since this method was used for 363 

verification rather than discovery, the Bayes factor thresholds were lenient: log10BF > 2 364 

indicated strong evidence for mediation; 1 < log10BF ≤ 2 indicated evidence for mediation; 0.5 < 365 
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log10BF ≤ 1 indicated weak evidence for mediation; values between 0.5 and –0.5 reflect a lack 366 

of information either way; and any other negative values were considered evidence against 367 

mediation. bmediatR was performed with g, the QTL state, defined in terms of either genotype 368 

(as allele dosage, one parameter) or diplotype probability (i.e., 36 parameters), with interest 369 

focused primarily on the latter, since it provides the most complementary perspective. Moreover, 370 

mediation analysis was performed on both the full (unstratified) dataset, with covariates for sex 371 

and diet, and on the HFD and LFD groups separately (ie, stratified), with a covariate for sex. All 372 

pQTL diplotype, transcript, and phenotype sets with evidence of mediation were reported as 373 

strong candidates for further analysis if they had evidence for SNP-based mediation through 374 

causal steps and diplotype-based evidence through bmediatR.  375 

 376 

Results 377 

We first investigated the correlation structure and genetic architecture of the obesity related 378 

traits listed in Supplemental Table 1 in 1,942 HS rats, sampled from both sexes and 379 

maintained under either HFD or LFD. We then measured gene expression in hypothalamus 380 

tissue of 391 of these animals and related it to the physiological data to determine causal 381 

pathways mediating genotype to phenotype and diet. 382 

 383 

Adiposity correlates with metabolic health across all groups while correlations with 384 

activity levels differ by diet. 385 

As expected, fat mass from the EchoMRI positively correlates and lean mass negatively 386 

correlates with individual fat pad weights (r = +/-0.50 – 0.83, p < 0.001) and with other metabolic 387 

traits including fasting insulin (Insulin0; r = +/-0.34 – 0.47, p < 0.001), fasting glucose (Gluc0; r = 388 

+/-0.13 – 0.30, p < 0.001), serum cholesterol (CHOL) (r = 0.12 – 0.44, p < 0.01) and serum 389 

triglycerides (TRIG; r = 0.22 – 0.47, p < 0.001) across all sex and diet groups (Figure 1; 390 

Supplemental Figure 1; Supplemental Table 3-6). Fat mass also correlates with body weight 391 
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(BW), with a stronger correlation in rats on HFD (r = 0.32 – 0.43, p < 0.001) than those on LFD 392 

(r = 0.14 – 0.26), p < 0.01). Food intake at either 7 weeks, 11 weeks or both correlates with BW 393 

(r = 0.49 – 0.61, p < 0.001) and fat pad weights (r = 0.09 – 0.38), independent of sex and diet. 394 

Interestingly, food intake positively correlates with lean mass only in rats on LFD (r = 0.14-0.16, 395 

p < 0.01), while a negative correlation between food intake and lean mass is seen in females on 396 

HFD (r = -0.16), with no correlation between these traits in males on HFD. Correlations with 397 

activity levels differ by sex where activity levels negatively correlate with body weight in males 398 

on HFD (r = -0.19, p < 0.01) and with fat mass and fat pad weights (r = -0.14 - -0.24, p < 0.05) in 399 

males on LFD.  There is no correlation between activity levels and body weight, fat mass, lean 400 

mass or fat pad weights in females. We also estimated phenotypic genetic correlations, to 401 

quantify how much phenotypic correlation is attributable to shared additive genetics, and found 402 

they generally mirror the phenotypic correlations, although tend to be stronger in animals on 403 

HFD relative to those on LFD.  404 



18 

 

 405 

Figure 1. Genetic and phenotypic correlations for physiological traits separated by sex and diet.  406 

The upper triangle shows the phenotypic correlations while the lower triangle shows the genetic 407 

correlations. Significance levels can be found in Supplemental Figure 1. 408 

 409 

Strong heritability of most traits across sex and diet groups 410 

Similar to our previous work, heritability, estimated from the SNP-based additive genetic 411 

relationship matrix, is strongest for body weight and fat mass traits, with higher heritability when 412 
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on HFD (h2 = 0.42 – 0.69) than LFD (h2 = 0.31 – 0.49) (Table 2). Heritability is moderate for 413 

metabolic traits (Gluc0, Ins0, CHOL, TRIG, Glucose area under the curve (GlucAUC)), food 414 

intake and activity levels, independent of diet (h2 = 0.06 – 0.44). Other than activity during the 415 

light period (Activity_Light), activity levels were highly heritable in males on LFD (h2 = 0.5 – 416 

0.61), with moderate heritability in the other groups (h2 = 0.12 – 0.43). Fatty liver was heritable 417 

only males (h2 = 0.11 LFD and 0.17 HFD), while serum alanine aminotransferase (AST) was 418 

more heritable in females (h2 = 0.30 LFD and 0.27 HFD).  419 

Table 2. Heritability across sex and diet conditions 420 

 Full data 
Males Low 
Fat Diet 

Males High 
Fat Diet 

Females Low 
Fat Diet 

Females High 

Fat Diet 
BW 0.46 0.46 0.69 0.31 0.42 
BWYoung 0.44 0.42 0.45 0.29 0.25 
Heart 0.24 0.2 0.19 0.15 0.3 
BWDelta 0.36 0.38 0.6 0.31 0.41 
LeanMass 0.47 0.48 0.62 0.57 0.59 
FatMass 0.51 0.54 0.62 0.64 0.59 

FatMassYoung 0.43 0.36 0.52 0.50 0.2 
LeanMasYoung 0.34 0.29 0.37 0.4 0.27 
RetroFat 0.46 0.46 0.65 0.45 0.59 

GonadalFat 0.47 0.49 0.62 0.46 0.62 
OmenFat 0.36 0.34 0.5 0.31 0.51 
Insulin0 0.12 0.21 0.16 0.2 0.06 
Gluc0 0.25 0.23 0.31 0.23 0.27 
GluAUC 0.28 0.33 0.38 0.27 0.19 
CHOL 0.31 0.44 0.27 0.36 0.32 
TRIG 0.15 0.35 0.2 0.18 0.07 
Fatty_Liver 0.09 0.11 0.17 0.04 0 
Food@7wks 0.28 0.2 0.42 0.3 0.24 
Food@11wks 0.28 0.21 0.25 0.27 0.32 
Activity_Total 0.26 0.65 0.31 0.29 0.39 
Activity_Light 0.26 0.26 0.43 0.41 0.38 

Activity_Dark 0.29 0.61 0.28 0.23 0.23 

Activity_Paired 0.2 0.5 0.3 0.28 0.36 
Activity_Single 0.25 0.54 0.21 0.12 0.3 
AST 0.19 0.06 0.02 0.3 0.27 
ALT 0.21 0.06 0.2 0.29 0.13 
Liver 0.41 0.3 0.49 0.29 0.43 
Brain 0.26 0.26 0.28 0.17 0.1 
Kidney 0.39 0.35 0.4 0.36 0.36 
Pancreas 0.12 0.2 0.18 0.07 0.22 
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 421 

Differentially expressed hypothalamic genes by diet differ by sex 422 

We then asked which genes are differentially expressed (DE) in the VMH between diet, as 423 

quantified by DESeq2 (53). We identified 101 genes that are DE by diet using the full dataset 424 

with sex as a covariate (false discovery rate (FDR) < 0.1; Supplemental Table 7). When 425 

stratified by sex, many more genes are DE by diet in females (269) than males (11; 426 

Supplemental Table 7), likely due to higher intrinsic variation in gene expression in the male 427 

data. Pathway analysis in the full dataset demonstrates a downregulation of genes involved in 428 

ribosome and oxidative phosphorylation, while there is an upregulation of genes involved in the 429 

extracellular matrix (ECM; cytoskeleton in muscle cells, integrin signaling, proteoglycans in 430 

cancer, focal adhesion and ECM-receptor interactions), PI3K-Akt signaling, inflammation (e.g., 431 

TGF-beta-signaling, hippo signaling), and addiction (alcoholism, cocaine addiction, 432 

amphetamine addiction) among others (Supplemental Table 8). When stratified by sex, 433 

oxidative phosphorylation, ECM pathways, PI3K-Ak5 signaling and proliferation/inflammation 434 

(Hippo signaling, TGF-beta signaling) are dysregulated in females on HFD, while addiction 435 

pathways (alcoholism, cocaine addiction, amphetamine addiction), dopamine synapse and 436 

cAMP signaling are altered only in males (Figure 2, Supplemental Tables 9,10). Ribosomal 437 

genes are downregulated in both males and females. 438 
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 439 

Figure 2. Pathway analysis of RNA sequencing data of the ventromedial hypothalamus showing 440 

pathways impacted by high fat diet in male and female HS rats. 441 

 442 

Multiple physiological QTL identified in the full dataset 443 

We then mapped physiological QTL (hereafter pQTL) associated with the physiological traits, 444 

initially using the full dataset (combining sexes and diets) to identify pQTL. We identified 23 445 

pQTL, of which six are pleiotropic, mapping multiple traits (Table 3; Figure 3a, b). These 446 

include highly significant loci on rat Chrs. 1:259,628,230bp and 6:27,064,422bp that contain 447 

multiple adiposity pQTLs as well as LeanMass and LeanMassDelta. The Chr. 1 locus also 448 

contains BW, change in body weight (BWDelta), GlucoseAUC, Brain/BW, Food@11weeks, and 449 

CHOL while the Chr. 6 locus maps TRIG and CHOL. Activity levels map to two pleiotropic loci: 450 

Chr1:141,239,990 for Activty_Light and activity during the dark period (Activity_Dark) and 451 

chr19:37,309,444 for total activity (Activity_Total) and activity while house singly 452 

(Activity_Single). A pleiotropic locus on chr18:26,161,137 maps omental fat pad weights 453 

(OmenFat), BWDelta and Heart. Finally, a locus on chr1:201,383,401 maps both FatMass and 454 
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LeanMass. 17 pQTL map only a single trait. The average mapping interval (defined as r2>0.6) 455 

width for all loci is 1.97Mb, ranging from 0.11 – 7.98Mb. 456 

 457 

 458 

 459 

Figure 3. Porcupine plots showing genome-wide scans of multiple metabolic traits using the full 460 

dataset. Due to the large number of traits, we show the data in two plots: A) Adiposity, metabolic 461 

and food intake traits and B) Activity, tissue weights, and serum biochemistries. The x-axis 462 
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shows genomic position and y-axis the significance as _log10 of the P value of the test of 463 

association. Traits are color-coded, as indicated in the legend. Thresholds for genome-wide 464 

significance are shown as horizontal lines and indicate the genome-wide 10% thresholds, as 465 

determined by permutation.  466 

 467 

Table 3. Phenotypic QTL in the full dataset: See attached sheet 468 

 469 

Identification of diet-specific and sex-specific pQTL 470 

When the rats are stratified by diet, we identify 11 diet-specific pQTL at 10% FDR: six under 471 

HFD conditions (right kidney weight (RigKid) chr. 1, CHOL chr. 1, gonadal fat pad weight 472 

(GonadalFat) chr. 3, Serum aspartate aminotransferase (ALT) chr. 3, %FatMassDelta chr. 6, 473 

Gluc0 chr. 15) and five under LFD conditions (TRIG chr. 1, Activity_Light chr. 4, liver/bw chr. 6, 474 

left kidney weight by body weight (lftkid/bw) chr. 7, Insulin0 chr. 12; Table 4; Figure 4a). None 475 

of these loci are pleiotropic. The average mapping interval width is 1.76Mb with a range from 476 

0.31 – 3.92Mb. 477 
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 478 

Figure 4. Porcupine plots showing genome-wide scan of multiple metabolic traits that are A) 479 

diet-specific and B) sex-specific. The x-axis shows genomic position and y-axis the significance 480 

as _log10 of the P value of the test of association. Traits are color-coded, as indicated in the 481 

legend. Thresholds for genome-wide significance are shown as horizontal lines and indicate the 482 

genome-wide 10% thresholds, as determined by permutation. Only those physiological QTL that 483 
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are significant after testing for a diet x SNP or sex x SNP interaction using ANOVA are shown 484 

(see also Tables 4 and 5). 485 

 486 

Table 4. Diet-specific phenotypic QTL: See attached sheet 487 

 488 

If instead the rats are stratified by sex, there are 13 sex-specific pQTL: eight in males (Brain chr. 489 

1, TRIG and Insulin0 chr. 1, AST, chrs. 3 and 18, FattyLiver chr. 3, Activity_Light chr. 5, 490 

FatMassYoung chrs 6 and 19) and five in females (ALT chrs. 1 and 19, Lftkid/BW chr. 1, 491 

FatMass chr. 3, Heart/BW chr. 9; Table 5; Figure 4b). One male-specific locus on 492 

Chr1:258,530,115Mb maps both Insulin0 and TRIG. Interestingly, this locus encompasses the 493 

same confidence interval as the pleiotropic pQTL for multiple BW and adiposity traits on Chr. 1 494 

in the full data. The average mapping interval is 1.46 with a range from 0.23 – 3.28Mb. 495 

 496 

Table 5. Sex-specific phenotypic QTL: See attached sheet 497 

 498 

A sub-set of hypothalamic cis-expression QTL are diet-specific 499 

We analyzed 28,213 transcripts with detectable expression levels in the VMH where 4,522 map 500 

as cis-eQTL (Supplemental Table 11). 66 of these map as diet-specific eQTL (Supplemental 501 

Table 12). 502 

 503 

Identification of candidate causal genes 504 

To identify candidate causal genes within the pQTL, we first used co-localization to identify cis-505 

eQTL that map within the pQTL. We then used mediation analysis (43, 60) and bmediatR (61), 506 

followed by correlation analysis and assessment of the SDP to prioritize candidate genes within 507 

each locus. The number of hypothalamus-expressed genes within the pQTL ranged from 3-211 508 
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(Supplemental Table 13-15). Within the pQTL for the full data, we identified nine full mediators 509 

(Table 6) which correlate with the trait of interest (Supplemental Tables 16-18) and are 510 

supported by bmediatR (see Supplemental Figure 2; Supplemental Table 19), as discussed 511 

below. 512 

 513 

Table 6. List of Mediators in Full and diet or sex-specific loci: See attached sheet 514 

 515 

Within the pleiotropic pQTL on rat chr. 6, there were 96 genes, 14 of which map as cis-eQTL 516 

within the VMH. Of these, we identified four full mediators (Photoreceptor cilium actin regulator 517 

(Pcare), GPN-Loop GTPase 1 (Gpn1), Ribokinase (Rbks) and Mitochondrial inner membrane 518 

protein MPV17 (Mpv17)) that correlate with the adiposity traits and are supported by bmediatR 519 

(Figure 5; Supplemental Figure 2), with the strongest evidence for Pcare and Rbks (Figure 6).  520 

All four genes share the same SDP among the HS founder strains, where the WKY haplotype 521 

results in decreased fat mass and either an increase or decrease in gene expression levels 522 

(Figures 5). Interestingly, when separated by diet, Rbks shows evidence for mediation only 523 

under HFD conditions while Pcare, Gpn1 and Mpv17 show stronger evidence for mediation 524 

under LFD conditions (Figure 6). We then used the transcriptome wide association analysis 525 

feature in RatGtex (https://ratgtex.org/), a database that compiles gene expression from HS rats 526 

across multiple projects. Expression of all four genes within multiple brain regions strongly 527 

associate with adiposity where Mpv17 and Rbks positively associate and Pcare and Gpn1 528 

negatively associate, further supporting our findings here. 529 

 530 

No mediators were identified for TRIG or CHOL at this locus indicating that these traits are likely 531 

under separate genetic control. 532 

 533 
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 534 

Figure 5. Four genes expressed in the ventromedial hypothalamus (VMH) are identified as 535 

mediators within the pleiotropic adiposity locus on rat chromosome 6. The first column shows 536 

estimated founder haplotype effects at the peak SNP, shown as box-whisker plots. Note that the 537 

WKY haplotype leads to decreased FatMassDelta (change in fat mass from time of diet start), 538 

decreased VMH expression of Mpv17 and Rbks and increased expression of Pcare and Gpn1. 539 
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The second column shows the significant peak on rat chromosome 6 (where the dashed 540 

horizontal lines represent maximum log(P value) of the physiological QTL), followed by 541 

conditional scans where expression levels of each of the four mediators are included in the 542 

model. Note that significance level of the FatMassDelta peak drops completely for each of the 543 

four genes. The third column shows expression QTL mapping within the VMH for each of the 544 

four genes. The fourth column shows the correlation between FatMassDelta vs. gene 545 

expression in VMH across 391 rats, using a scatter-plot color-coded by genotype of the WKY 546 

allele at the peak SNP of the FatMassDelta pQTL. 547 

 548 

 549 

Figure 6. bmediatR results for the pleiotropic adiposity locus on rat chromosome 6. Each table 550 

column corresponds to a QTL locus (X) and phenotype (Y) combination, and each row to a gene 551 

whose expression level (M) is potentially mediating the effect of X on Y. Each table cell 552 
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quantifies the evidence for mediation on the log10BF scale, with positive numbers favoring 553 

mediation, negative numbers favoring non-mediation, and zero being inconclusive (see scale on 554 

right, and Methods). Evidence for mediation is shown for diplotype-based analyses on both 555 

stratified (lower two subtables) and unstratified (top subtable) data, illustrating where inferred 556 

relationships are the same or different between the HFD and LFD groups. Color coding 557 

indicates strength of the mediation where darker red indicates strong evidence of mediation and 558 

grey indicates evidence against mediation. 559 

 560 

Within the Chr. 9 locus for OmenFat/BW, there were 44 genes, 11 of which map as cis-eQTL 561 

within the VMH. Of these, only one gene, Tumor necrosis factor superfamily member 9 (Tnfsf9), 562 

was identified as a full mediator that correlates with OmenFat/BW (r = 0.13, p = 0.01). The 563 

M520 and WKY haplotypes share a C at this locus, leading to decreased OmenFat/BW relative 564 

to the other founder haplotypes, with the M520 haplotype leading to decreased Tnfsf9 565 

expression levels and the WKY haplotype not impacting expression levels, at least at the peak 566 

marker (Figure 7). Tnfsf9 is strongly supported by bmediatR (see Supplemental Figure 2). 567 
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 568 

Figure 7. VMH expression of Tnfsf9, identified as a full mediator for the Omental Fat Pad 569 

Weight over body weight (Omenfat/BW) locus on rat chromosome 9. The first column shows 570 

estimated founder haplotype effects at the peak SNP, shown as box-whisker plots. Note that the 571 

M520 and WKY haplotypes lead to decreased OmenFat/BW, with the M520 haplotype also 572 

leading to decreased VMH expression of Tnfsf9. The second and third columns show the 573 

significant peak on rat chromosome 9 (where the dashed horizontal lines represent maximum 574 

_log(P value) of the physiological QTL), followed by conditional scans where Tnfsf9 expression 575 

levels are included in the model, resulting in disappearance of the peak. Also pictured is 576 

expression QTL mapping within the VMH for Tnfsf9 and the correlation between OmenFat/BW 577 

vs. Tnfsf9 gene expression in the VMH across 391 HS rats, using a scatter-plot color-coded by 578 

genotype of the M520/WKY allele at the peak SNP of the OmenFat/BW pQTL. 579 

 580 
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Within the pleiotropic locus on rat Chr. 1 there are 27 genes, five of which map to the VMH. 581 

ENSRNOG00000065260 was identified as a partial mediator for BWDelta and Brain/BW, but not 582 

the other traits that map to this locus. BmediatR shows strong support for this gene, indicating it 583 

is likely a full mediator (Supplmental Figure 2). 584 

 585 

There were ten genes within the pleiotropic chr. 18 locus for BWDelta, OmenFat and Heart, 586 

where only Epb41l4a is expressed in the VMH (Supplemental Table 13). Although Epb41l4a 587 

expression levels in the VMH correlate with BWDelta, this gene is not supported as a mediator.  588 

  589 

Within the LFD-specific locus for Activity_Light on chr. 4, there were 12 genes, six of which map 590 

as cis-eQTL (Supplemental Table 14). Of these, only Coiled-Coil Domain-Containing Protein 591 

77 (Ccdc77) was identified as a full mediator that also correlates with the trait (0.31, p < 0.01) 592 

and is supported by bmediatR (Supplemental Figure 2). The M520 and WKY haplotypes at this 593 

locus increase activity levels and Ccdc77 expression levels. (Figure 8; Table 6). Within the 594 

male-specific locus for FattyLiver on Chr. 3, there were 47 genes; only five map as cis-eQTL 595 

within the VMH (Supplemental Table 15). Of these, RNA Polymerase III Subunit K (Polr3k) and 596 

Regulator of telomere elongation helicase 1 (Rtel1) were identified as mediators that correlate 597 

with the trait (r = 0.29, p < 0.01 and r = -0.28, p < 0.01) and are supported by bmediatR 598 

(Supplemental Figure 2). The ACI and MRI haplotypes at this locus lead to increased fatty liver 599 

score, with decreased expression of Rtel1 and increased expression of Polr3k (Figure 9; Table 600 

6).  601 
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 602 

Figure 8. VMH expression of Ccdc77 is identified as a full mediator for the low-fat diet-specific 603 

physiological QTL for activity levels during the light phase (Activity_Light) on rat chromosome 4. 604 

The first column shows estimated founder haplotype effects at the peak SNP, shown as box-605 

whisker plots. Note that the M520 and WKY haplotypes lead to increased Activity_Light and 606 

increased VMH expression of Ccdc77. The second and third columns show the significant peak 607 

on rat chromosome 4 (where the dashed horizontal lines represent maximum log(P value) of the 608 

physiological QTL), followed by conditional scans where Ccdc77 expression levels are included 609 

in the model, resulting in disappearance of the peak. Also pictured is expression QTL mapping 610 

within the VMH for Ccdc77 and the correlation between Activity_LIght vs. Ccdc77 gene 611 

expression in the VMH using a scatter-plot color-coded by genotype of the M520/WKY allele at 612 

the peak SNP of the Activity_Light pQTL. 613 
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 614 

Figure 9. VMH expression of Rtel1 and Polr3k are identified as full mediators for the fatty liver 615 

score (FattyLiver) locus on rat chromosome 3. The first column shows estimated founder 616 

haplotype effects at the peak SNP, shown as box-whisker plots. Note that the ACI and MR 617 

haplotypes lead to increased FattyLiver where BN and WKY share the C allele at this location, 618 

but do not seem to impact the phenotype, although large error bars indicate insufficient 619 

information. The C allele also leads to decreased VMH expression of Rtel1 and increased 620 

expression of Polr3k. The second column show the significant peak on rat chromosome 3 621 
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(where the dashed horizontal lines represent maximum log(P value) of the physiological QTL), 622 

followed by conditional scans where Rtel1 and Polr3k expression levels are included in the 623 

model, making the peak disappear. The third column shows expression QTL mapping within the 624 

VMH of Rtel1 and Polr3k. The fourth column shows the correlation between FattyLiver vs. Rtel1 625 

and Polr3k gene expression in the VMH using a scatter-plot color-coded by genotype of the 626 

ACI/MR allele at the peak SNP of the FattyLiver pQTL. 627 

 628 

Discussion 629 

By employing a controlled diet study in an outbred rat model, we identified novel candidate 630 

genes within the VMH that may play a causal role in driving obesity. We also demonstrated the 631 

role of gene-diet and gene-sex interactions on several metabolic traits and identify candidate 632 

genes within some loci. Furthermore, we found that HFD alters the VMH transcriptome, leading 633 

to disruptions in oxidative phosphorylation, ECM remodeling, and inflammation. Males, but not 634 

females, also show disruptions in addiction pathways.  635 

 636 

Our work identifies both novel and known pQTL for multiple metabolic traits. Using mediation 637 

analysis and other tools (correlation analysis, bmediatR, SDP, RatGtex), we identify several 638 

novel candidate VMH genes that may underlie these pQTL. Specifically, we found four 639 

candidate genes (Pcare, Gpn1, Rbks and Mpv17) as mediators within a pleiotropic locus on rat 640 

chromosome 6 for adiposity (including fat mass, lean mass and all fat pad weights) in the full 641 

data-set. Pcare and Rbks show the strongest evidence of association, where Rbks plays a 642 

larger role under HFD conditions and the other genes may play a larger role under LFD 643 

conditions.  644 

 645 
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Although none of these genes have previously been associated with adiposity (potentially 646 

because this is the first genetic study of adiposity to collect VMH under controlled conditions), 647 

there are several reasons why these genes are plausible candidates. Rbks plays a vital role in 648 

the creation of ATP, acting in the first step of ribose metabolism where increased Rbks activity 649 

leads to decreased cellular ribose. Previous work has shown that increased ribose in the small 650 

intestine leads to increased gut motility and resistance to weight gain in mice fed a HFD (63), in 651 

support of our work showing a positive association between Rbks and adiposity. Other work has 652 

shown that, in the liver, Rbks associates with Metabolic dysfunction-associated steatotic liver 653 

disease (MASLD), a disease strongly linked to obesity (64). PCARE is a ciliary protein that is 654 

highly expressed in the photoreceptors but also with strong expression in other brain regions 655 

including the hypothalamus. Ciliopathies and ciliary genes, particularly those on neuronal 656 

primary cilia, are strongly linked to obesity (65), making this a highly plausible candidate gene. 657 

Mpv17 is a mitochondrial inner membrane protein that is involved in mitochondrial DNA 658 

replication and function (66). Mpv17l2, a related mitochondrial membrane protein, has recently 659 

been identified as a potential candidate in human obesity (67). Given this and the key 660 

importance of mitochondrial function in obesity (68), this is also a highly plausible candidate. 661 

Gpn1 is involved in gene transcription and DNA repair, playing a vital role in cell function (69). 662 

Future work is needed to verify the role of these VMH genes on adiposity. Given that it is 663 

impossible to conduct a controlled study using brain tissue in humans, despite a known crucial 664 

role for the brain in obesity genetics (36, 37), our findings may prove highly relevant. 665 

 666 

Of interest, the chromosome 6 locus has previously been reported (42-44), and our prior work 667 

identified and verified two causal genes (Adcy3 and Krtcap3) within this locus. Specifically, we 668 

have previously shown that a coding variant within the transmembrane domain of Adcy3 leads 669 

to increased adiposity in a rat model (70), as does decreased whole-body expression of Krtcap3 670 

(71, 72). Together, this work highlights the complexity of this region, demonstrating that six (or 671 
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more) genes from various tissues may be playing a causal role in driving increased fat mass 672 

within a single QTL. 673 

 674 

In addition to replicating the chromosome 6 locus, we also replicate a previously identified locus 675 

for RetroFat and TRIG on rat chromosome 1 (42, 44). In the current study, we map multiple 676 

additional traits to this locus, including fat mass, lean mass, all fat pad weights, CHOL, brain 677 

weight and food intake, showing that this locus drives multiple related phenotypes. Of interest, 678 

both TRIG and Insulin0 map to this locus, but only in males, supporting our previous work in 679 

males on chow diet (43, 73).  This region is 1.99Mb and contains 27 genes. VMH 680 

ENSRNOG00000065260 was identified as a mediator for BWGain and Brain/BW, but not the 681 

other traits at this locus. Previous work by our group had identified (43) and verified (74) 682 

adipose tissue Grk5 as a causal gene for fat mass and TRIG within this region, indicating that 683 

adipose tissue may play a more important role than the VMH at this QTL. 684 

 685 

We also identified Tnfsf9 as a candidate VMH mediator within a locus for omental fat pad weight 686 

on rat chromosome 9. Tnfsf9 is a cytokine that belongs to the tumor necrosis factor (TNF) ligand 687 

family. TNFSF9 has been shown to trigger microglia activation, promoting inflammation after 688 

acute ischaemic stroke (75). Given that obesity is known to lead to activation of the immune 689 

system resulting in a state of chronic inflammation (45), particularly in the hypothalamus where 690 

inflammation is known to occur in response to HFD feeding (76), Tnfsf9 is a highly plausible 691 

candidate gene at this locus.  692 

 693 

In addition to identifying candidate neural genes for adiposity and other metabolic traits, our 694 

work identifies QTL that interact with diet. Interestingly, all adiposity traits (fat mass, lean mass, 695 

fat pad weights) have increased heritability when on HFD relative to LFD, with no differences in 696 

heritability by diet for the other traits. We identified 11 diet-specific loci, six under HFD and five 697 
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under LFD conditions. We identified Ccdc77 as a candidate mediator within a QTL on rat 698 

chromosome 4 for Activity_Light (e.g., activity only during the light phase) only under LFD 699 

conditions. Although very little is known about Ccdc77, a gene located in the centrosome, 700 

previous work has found that this gene falls within a locus that has previously been associated 701 

with autism spectrum disorder (77), a disorder which can impact general activity. Ccdc77 gene 702 

expression levels are also associated with comorbidities of type 1 diabetes, including 703 

hypothyroidism (78), a condition often associated with lethargy. Future studies are necessary to 704 

verify the role of Ccdc77 in activity. The current work is important because although gene-diet 705 

interactions are known to influence obesity, human studies for GxD lack reproducibility (14, 15, 706 

79). Furthermore, although previous studies in mice have shown strong gene-diet interactions 707 

for obesity traits (80-82), to our knowledge previous mapping studies have considered only one 708 

diet condition. Thus, we expect that this study will lay the groundwork for future gene-diet 709 

interaction studies in rodents and other models.  710 

 711 

In addition to the diet-specific loci, we identified 13 sex-specific QTL (eight in males and five in 712 

females), supporting previous work demonstrating robust gene-by-sex interactions in mice (83) 713 

and humans (84, 85). Of particular interest, we identified two potential VMH mediators at a 714 

male-specific locus on rat chromosome 3 for fatty liver score, a trait that was heritable only in 715 

males. Expression of Rtel1 negatively correlates with fatty liver and expression of Polr3k 716 

positively correlates with fatty liver. Rtel1 is involved in the stability, protection and elongation of 717 

telomeres and telomere length has previously been associated with non-alcoholic fatty liver 718 

disease (86, 87), providing support for this gene. Polr3k is involved in gene transcription and 719 

has previously been linked to fatty liver disease, but in the opposite direction of our work where 720 

a knock-out of MAF1, a global repressor of Polr3k, leads to protection against diet-induced 721 

obesity and non-alcoholic fatty liver disease (88, 89).  722 

 723 
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In addition to QTL mapping and gene identification, this work demonstrates that genes involved 724 

in oxidative phosphorylation, ECM remodeling, inflammation/proliferation and addiction are 725 

disrupted within the VMH under HFD conditions. These pathways are unsurprising and 726 

supported by previous work in brain tissue of C57BL/6J mice (90-92). We have also seen 727 

disruptions to similar pathways in adipose and liver tissue in HS rats on normal chow with 728 

varying degrees of adiposity (45) while others have seen similar changes in adipose, liver and 729 

muscle after HFD feeding in baboons (93). Interestingly, when separated by sex, we see that 730 

ECM remodeling and inflammation/proliferation pathways are found only in females while 731 

addiction pathways, dopaminergic synapse and cAMP signaling were found only in males, 732 

implicating alterations to the reward pathway, as previously shown by several studies (94, 95). It 733 

is surprising that ECM remodeling and inflammation pathways are unaltered in males and we 734 

suspect that this may be due to the larger variation in gene expression levels found in the male 735 

population, potentially masking these differences.  To our knowledge, this is one of the first 736 

studies to look at differences in gene expression in response to HFD separately in males and 737 

females, particularly within an outbred population.  738 

 739 

Correlation data show that fat mass correlates strongly with metabolic phenotypes across all 740 

sex and diet groups, as expected. Food intake positively correlates with lean mass in animals 741 

on LFD, but not HFD, indicating that energy consumed is more likely to turn into muscle/bone 742 

only when on LFD. We also saw that activity levels positively correlate with lean mass and 743 

negatively correlate with fat mass in males on LFD, demonstrating that male rats that move 744 

more are leaner with lower fat mass. This relationship was not seen in females.  745 

 746 

There are some limitations to this work. Although this study is extremely well-powered to identify 747 

general effects, power is lower for diet-specific and sex-specific loci. Thus, future studies will be 748 

needed to increase power and verify these findings. Although there is plausible evidence from 749 
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the literature for most of the candidate genes identified, future studies are required for validation 750 

(e.g., knock-down or over-expression strategies). There is a chance that the candidate 751 

mediators are not tissue specific and that the findings here represent global gene expression 752 

(e.g., it is possible that Rbks plays a larger role in the small intestine and Rtel1 plays a larger 753 

role in liver than they do in the brain). That said, previous work looking at RNAseq in liver and 754 

adipose tissue of HS rats identified candidate causal genes that differed from those identified 755 

here (43, 44), implicating an important role for the current candidate genes specifically in the 756 

VMH. 757 

 758 

Conclusions 759 

In conclusion, our work identifies diet-specific and sex-specific genetic loci associated with 760 

multiple metabolic traits in an outbred rat model. We used RNAseq from the VMH to identify 761 

novel candidate causal genes for multiple traits. These include Pcare, Rbks, Mpv17 and Gpn1 762 

within a pleiotropic locus for fat mass on rat chromosome 6 and Tnfsf9 within a locus for 763 

Omenfat on rat chromosome 9. We also identified Ccdc77 as a candidate gene within a LFD-764 

specific locus for activity and Rtel1 as a candidate gene within a male-specific locus for fatty 765 

liver score. We further show that addiction related pathways are found in male, but not females 766 

on HFD relative to LFD. Together these results demonstrate the importance of accounting for 767 

both diet and sex in genetic studies for obesity. Identification of novel candidate genes within the 768 

VMH has the potential to lead to novel therapeutic targets for obesity and emphasizes the 769 

importance of controlled studies using brain tissue in the study of obesity.  770 

 771 

List of Abbreviations 772 

Activity_Dark: activity during the dark period 773 

Activity_Light: activity during the light period 774 

Activity_Single: activity while house singly 775 
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Activity_Total: total activity 776 

ALT: Serum aspartate aminotransferase 777 

AST: Serum alanine aminotransferase 778 

BW: body weight 779 

BWDelta: change in body weight from time of high fat diet start to end of study 780 

BWYoung: body weight at 5 weeks of age 781 

BMI: body mass index 782 

BUN/Cre: Serum blood urea nitrogen/creatine ratio 783 

CHOL: serum cholesterol 784 

DE: differential expression 785 

Gluc0: fasting blood glucose 786 

GlucAUC: Glucose area under the curve during intra-peritoneal glucose tolerance test 787 

GxD: gene by diet interaction 788 

GxE: gene by environment interaction 789 

GonadalFat: fat mass of the gonadal fat pad 790 

GWAS: genome-wide association study 791 

HMM: hidden Markov model 792 

HFD: high fat diet 793 

HS: heterogeneous stock 794 

Insulin0: fasting serum insulin 795 

IPGTT: intra-peritoneal glucose tolerance test 796 

LFD: low-fat diet 797 

LftKid: weight of the left kidney 798 

OmenFat: weight of the omental and mesenteric fat pads 799 

NES: normalized enrichment score 800 

RetroFat: retroperitoneal fat mass 801 



41 

 

RigKid: weight of the right kidney 802 

RUV: remove unwanted variation 803 

SNP: single nucleotide polymorphism 804 

SDP: strain distribution pattern 805 

TRIG: serum triglycerides 806 

TNF: tumor necrosis factor 807 
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