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Abstract

Dietary polyphenols have been studied for their potential to mitigate cardiometabolic disease
risk; however, their metabolic effects show significant interindividual variability. While factors
such as sex, age, health status or polyphenol metabolism have been proposed to explain this
heterogeneity, the studies on host genetic variability are very limited. Moreover, reliance on
genetically inbred mouse model limits the translational relevance of preclinical findings to
humans. Emerging concepts in precision nutrition emphasize that responses to dietary bioactives
are complex traits shaped by gene—environment interactions, suggesting that genetic background
may critically influence bioactivity. In this study, we investigated gene-polyphenol interactions
for (—)-epigallocatechin gallate (EGCG) using genetically diverse Diversity Outbred (DO) mice,
which model human-like genetic heterogeneity. Male DO mice were fed a high-fat diet (HFD)
followed by HFD supplemented with EGCG, and longitudinal changes in body weight,
adiposity, insulin, and glucose were assessed. Genome-wide genotypes (>143,000 SNPs) were
integrated with metabolic phenotypes using mixed-model genome-wide association analyses.
EGCG supplementation elicited pronounced interindividual variability, including divergent
effects on adiposity and glycemic regulation. Multiple genomic loci were associated with
variation in insulin, body fat mass, and glucose responses, revealing both additive and dominant
genetic effects, as well as shared loci influencing insulin regulation and adiposity. Candidate
genes within associated regions were enriched for pathways related to insulin signaling, lipid
metabolism, inflammation, and cytoskeletal regulation. These findings demonstrate that genetic
background is a major determinant of EGCG bioactivity and underscores limitations of single
inbred models for predicting phytochemical efficacy. Collectively, this study provides proof-of-

concept that genetically diverse preclinical models can identify gene—polyphenol interactions
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with translational relevance, supporting precision nutrition strategies to optimize dietary

bioactive interventions.

Keywords: Epigallocatechin gallate (EGCG), polyphenols, genetic polymorphism, Genome-

Wide Association Study (GWAS), gene-bioactive interaction

Introduction

Evidence from cohort studies and randomized controlled trials indicates that plant food
bioactives, particularly polyphenols, may help to reduce the risk of chronic diseases, particularly
of cardiometabolic diseases. However, an increasing number of studies have pointed out between
subject variations in response to dietary interventions, suggesting that the consumption of
particular foods or bioactive constituents may benefit some individuals more than others.
Therefore, the recommendations for plant foods are promoted at a population level in a “one-size
fits-all approach”, which does not necessarily ensure that everyone is adequately exposed to and
benefit from the protective constituents provided by these foods !. It has been suggested that
different factors can influence the response to dietary interventions and thereby may influence
the benefit/risk associated with consumption of a particular dietary constituent. Among these
factors are gut microbiome, but also age, sex, lifestyle (diet, smoking, physical activity),
ethnicity, pathophysiological status or medication !-2. Another factor that can impact between-
subject variations in response to bioactives is genetic polymorphism. However, only a very few
studies have pointed out that genetic polymorphism can affect the biological response to or
metabolism of polyphenols and polyphenol-rich foods. One of the first studies revealed that

intake of coffee was associated with an increased risk of nonfatal myocardial infarction only
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among individual carriers of the variant CYP1A2*1F of cytochrome P450 1A2 (CYP1A2)
enzyme, individuals with slow caffeine metabolism 3. The risks of albuminuria, hyperfiltration,
and hypertension increased with heavy coffee intake only among those with the AC and CC
genotypes of CYP1A2 at rs762551 associated with slow caffeine metabolism 4. An association
between the SNPs in SULT1A1, SULT1C4 and ABCC2 and the high excretion of phase II
flavanone metabolites were observed 3 as well as association between SNPs in APOE, APOAL,
and LPL with lipid levels and blood pressure ©. Together, these preliminary results in the field of
personalized and precision nutrition aim for a better prediction of individual responses rather
than population-based averages.

Collectively, these observations highlight an urgent need to re-evaluate phytochemical efficacy
through the lens of genetic diversity. Integrating genetically diverse preclinical models with
genomic analyses offers a powerful approach to identify loci governing phytochemical
responses, improve translational relevance, and ultimately enable precision nutrition strategies
that move beyond population averages toward individualized dietary recommendations.

In response to these factors, the field is slowly shifting from a “one-size-fits-all” preclinical and
clinical approach towards a pharmacogenomics approach 7, where the potential for individuals
to exhibit hypo- or hyper-responsiveness to a given exposure is viewed in the context of their
specific genetic attributes. The concept of significant gene environment (GXE) interactions is
established in the nutrition field. For example, the genetic underpinnings of both spontaneous !°
and diet-induced obesity in mouse models was demonstrated ! 2. Indeed, researchers select the
C57BL/6J mice for diet-induced obesity due to the Nnt mutation which drives obesity % 13, It is
inherently understood that genetics determines how mice respond to dietary stimulus, and that

the response to the stimulus is a phenotype. However, the concept of gene-phytochemical
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interactions is less widely studied. By extending this concept of GxE interaction to
phytochemicals, we can hypothesize that the impact of a phytochemicals depends highly on the
genetics of the consumer. However, due to lack of studies in this area, it remains largely
unknown 1) how extensive the impact of genetics is on phytochemical efficacy, 2) whether
different phytochemicals exhibit distinct GXE behavior, and 3) whether genetic variability in
humans has limited translational success of phytochemicals from preclinical models with little
genetic variability. In other words, we do not know whether preclinical data on phytochemical
efficacy are experimental artifacts from a few inbred strains, or whether we should expect the
activities to be widely observed across strains (and thus, in humans). These are key unknowns
that must be addressed moving forward.

A key tool for precision nutrition is the availability of preclinical rodent models that possess
genetic diversity mimicking humans. The impact of genetic variability on the efficacy of
phytochemicals cannot be studied in single inbred rodent models with minimal genetic variation.
While traditional outbred rodent populations 4 can overcome some of these limitations (and are
often used for phytochemical bioavailability studies), the emergence of systematically designed
diversity panels and populations such as the Collaborative Cross (CC) and Diversity Outbred
(DO) 5 1 mouse populations have revolutionized the study of GXE interactions, such as gene
diet. These populations facilitate QTL mapping (DO) and heritability studies (DO and CC),
which are essential to characterize the genetic underpinnings of gene x phytochemical
interactions. Unlike traditional, genetically homogenous inbred strains (e.g., C57BL/6J), which
often yield singular responses that fail to replicate in humans, the DO mouse population serves as
a robust model for human genetic heterogeneity. DO mice are derived from eight highly

divergent founder strains (including wild-derived strains), capturing over 45 million segregating
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single-nucleotide polymorphisms (SNPs). This high level of genetic variation mirrors the
complexity and diversity found in human populations far better than any single inbred strain.
Because DO mice undergo continuous random outbreeding, their genomes are highly
recombinant. This fine-grained genetic mosaic allows for high-resolution mapping of complex
traits down to specific causative genes or narrow chromosomal intervals, which frequently have
direct human orthologs. The DO mouse population has been used to dissect the genetic
architecture of complex traits including physiological, behavioral, and molecular phenotypes !7.
Few studies of phytochemicals have utilized these tools. We previously demonstrated that the
metabolic effects of quercetin were highly dependent on mouse strain and sex using CC founder
strains '8, Two studies also demonstrated that the metabolic effects of phytochemical-rich
cranberry were highly strain-dependent in CC panel strains -2, Combined, these 3 studies
provide provocative evidence that the bioactivities of phytochemicals are significantly influenced
by the genetics of the consuming organisms.

The green tea flavanol (—)-epigallocatechin gallate (EGCG) is a useful case study on how
genetics influence both the efficacy and safety of a phytochemical. EGCG is one of the most
widely studied dietary phytochemicals. Significant preclinical rodent evidence suggests that
EGCG or EGCG-rich green tea or its polyphenol extract can prevent or even reverse obesity by
reducing body fat via multiple mechanisms including increased fatty acid oxidation and whole-
body energy expenditure 2!. However, human clinical findings of the effects of EGCG or EGCG-
rich product supplementation on obesity and lipid status have been variable and the effects
appear to be modest '322-26, In the 2000’s, it was discovered that polymorphisms in COMT, the
gene which encodes catechol-O-methyl transferase, significantly affected both the bioavailability

27 and bioactivity 2% 2% of EGCG and green tea. In terms of safety, most rodent data suggests that
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oral consumption of EGCG and green tea are safe at doses associated with diet and supplement
use 3031 with the caveat that the dose and its distribution throughout the day can influence
potential toxicity 3% 33. However, rare but significant hepatotoxicity of green tea extract
supplements has been reported in humans at doses typically regarded as safe (140-1000 mg/d) 3%
35, Clinical studies showed no evidence of hepatotoxicity below 800 mg EGCG/day up to 12
months which is outside the range of the mean daily intake of EGCG (90-300 mg/day) resulting
from the consumption of green tea infusions, however this level of exposure falls within the
upper range (300-866 mg/day) of exposure by high-level consumers of green tea infusions 3°.
Same study also reported evidence from interventional clinical trials that intake of 800 mg
EGCG/day or above taken as a food supplement can induce an increase of serum transaminases
in treated subjects compared to control, suggesting that the kinetics as well as the toxicity of
green tea catechins could be modified by the matrix in which they are present.

While dosage, contaminants and interactions with other ingredients were identified as potential
causes, genetic variability was also suggested as a potential factor 3°. An elegant and
groundbreaking study by Church et al. 37 explored the impact of gene-EGCG interactions on
hepatotoxicity in a large population of DO mice, which accounts for 95% of research mouse
genetics and models human genetic variability. In this mouse cohort, a moderate EGCG dose
resulted in hepatotoxicity in 16% of the mice. Genotyping and QTL mapping identified a genetic
region with 49 genes with variants arising from a single founder mouse strain that were
associated with increased probability of hepatotoxicity. Of those, there were 46 with human
orthologues. The authors then genotyped individuals from the Drug-Induced Liver Injury
Network (DILIN) and normal control participants. Variation in SNPs from the 46 human

orthologues were analyzed for their association with hepatotoxicity, resulting in 3 hits (genes
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with genotype variants showing differential probability of hepatotoxicity). This study illustrated
two key points. First, the activity (adverse or beneficial) of a phytochemical can depend on
genetic polymorphisms of the organism exposed to it. Second, rodent models with genetic
diversity (such as DO mice) are useful and necessary for uncovering polyphenol GXE
interactions with human clinical relevance, which cannot be fully appreciated using inbred
mouse model.

The use of genetic polymorphisms to explain variability in efficacy, and then target
interventions based on genetic predisposition, can significantly enhance the translatability of
phytochemicals from preclinical evidence to human application. Given the fact that most
preclinical data on the health benefits of phytochemicals have historically been generated in
inbred rodent models, there is thus a significant and urgent need to revisit these data and revise
our understanding of phytochemical efficacy in the context of genetic variation. There is
significant potential to explore gene interactions in preclinical genetic diversity models, identify
key genetic loci/genes governing phytochemical efficacy, and apply these to clinical translation
either by recruiting pre-disposed populations or differentiating responders vs. non-responders.
Based on the findings of Church et al. 37 that EGCG’s bioactivity significantly varied due to
genetic differences, we recently published a novel phenotyping study supporting the hypothesis
that the impact of dietary EGCG supplementation on metabolic phenotypes was dependent on
genetic background 3. In that study, DO mice were fed a high-fat (HFD) diet (8 wk), followed
by a HFD + EGCG (8 wk). As expected, all mice gained weight on the HF diet. All mice also
gained weight on the HF+EGCG diet, but the average rate of weight gain slowed when EGCG
was added. Furthermore, the individual rates of weight gain in the HF and HF+EGCG phases

were not correlated. Provocatively, all mice gained body fat on the high-fat diet, but 22% of the
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mice lost body fat when EGCG was introduced. Again, body fat changes between the two diet
phases were poorly correlated. These data suggest that the genetic background of the mice
significantly impacted both their response to a HF diet and the effect of EGCG in the context of a
HF diet. The objective of the present study was to employ genotyping data from the DO mice
used in our recent pilot study 38 to develop proof-of-concept and feasibility data for QTL

mapping of gene EGCG interactions that influence the effects of EGCG on diet-induced obesity.

2 Materials and methods

2.1 Mice

Approval for the animal study was obtained from the Animal Care and Use Committee at the
North Carolina Research Campus (Protocol 20-004). Three-week-old male DO mice (Stock
#009376, Spring 2022, Generation G46, Litter 1, Non-sibling, N = 50) were obtained from
Jackson Laboratory (Bar Harbor, ME, USA). Sample size was determined by the number of mice
provided by the sponsor; power analysis was not conducted. Mice were cage randomized upon
arrival and acclimatized to the facility for 11 days on a low-fat diet before administration of the
high-fat (HF) diet. Mice were housed under standard specific pathogen-free conditions (12 h
light/dark cycle, 30-70% relative humidity, 20 to 26°C, 5 mice/cage) on corncob bedding. Mice
were separated for aggression/health reasons when necessary. Animals were allowed access to

food and water ad libitum except during fasting periods (water only).

2.2 Diet and experimental design
Mice were initially maintained on a low-fat diet (10% kcal from fat, D12450J, Research Diets,

New Brunswick, NJ, USA) prior to beginning the study. A high fat diet (HFD, 60% kcal from
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fat, D12492, Research Diets) was administered to all mice for weeks 1 to 8 (the “~EGCG”
period). EGCG (94%, Sunphenon) was obtained from Taiyo International, Inc. (Taiyo Kagaku
Corp. Tokyo, Japan). Then for weeks 9-16 a HFD supplemented with 0.3% EGCG (the
“+EGCG” period) was administered to all mice (60% kcal from fat, 0.3% w/w EGCG,
D22022201, Research Diets). The compositions of the diets are shown in Table 1. These feeding
intervals were selected based on our previous longitudinal study in DO founder strains, showing
that 8 weeks of HF feeding was sufficient to induce obesity in many of these mice, and that 8
weeks of HF feeding + quercetin (a flavonoid, like EGCG) was sufficient to demonstrate anti-
obesity effects in many mice as well. Based on an estimated average food intake of ~10% body
weight/day in DO mice, the 0.3% EGCG diet was designed to provide ~300 mg EGCG/kg body
weight/day. Based on a common body surface area conversions method, this mouse dose
corresponds to ~ 24.3 mg/kg in an adult human (~1700 mg/70 kg). Dosing was selected based
on previous studies demonstrating that within the DO population doses up to 50 mg/kg (i.p.
injections) of EGCG show minimal hepatotoxicity, decreased bioavailability of orally
administered EGCG vs 1.p./i.v. (meaning that 300 mg/kg oral would not reach hepatotoxic
concentrations), and data indicating that ~0.3% EGCG in the diet inhibits diet-induced obesity in
male C57BL/6J mice. This was a comparatively high dose designed to produce a detectable

effect in this phenotyping study.

2.3 Measurements
Blood glucose: Mice were fasted for 6h prior to all blood collection and glucose measurements.
Blood was collected every 8 weeks (weeks 0, 8, 16) from the lateral saphenous vein using needle

pricks and Microvette CB 300 Z capillary tubes (Starstedt AG & Co. KG, Niimbrecht,
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Germany). Blood glucose was measured using glucose test strips (ReliOn Premier, Novo
Nordisk, Bagsvaerd, Denmark) after blood collection. Blood samples were allowed to clot for 30
minutes then spun at 3500 x g for 10 minutes. The supernatant was collected and stored at
—80°C.

Body mass and composition: Mice were weighed weekly. Body composition was measured at 3
times (weeks 0, 8, 16). EchoMRI Body Composition Analyzer (EchoMRI, Houston, TX, USA)
was used to measure fat, lean muscle, free water, and total water mass.

Insulin: Insulin was measured at weeks 0, 8, and 16 using Ultrasensitive Insulin ELISA
(MyBioSource, San Diego, CA, USA) per manufacturer instructions using fasted blood serum
samples. Absorbance was measured using SpectraMax iD3 Microplate Reader (Molecular

Devices, San Jose, CA, USA).

2.4 Mouse euthanasia
At the conclusion of week 16 all animals were euthanized by CO, per American Veterinary
Medical Association guidelines. Cervical dislocation was used as a secondary method. Liver

samples were flash frozen in liquid nitrogen and stored at —80°C for genotyping.

2.5 DNA genotyping

Mouse livers were genotyped using the Giga Mouse Universal Genotyping Array (GigaMUGA,
Neogen, Lincoln, NE), which provides >143,000 SNPs built on the Illumina Infinium platform
(https://pmc.ncbi.nlm.nih.gov/articles/PMC4751547/). These SNPs are distributed throughout
the mouse genome, with special emphasis for markers that are informative in CC and DO

populations. DNA extraction and genotyping were performed by Neogen.
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2.6 Phenotype data analysis

Data analysis for phenotype data was performed as described previously 37. Traits used for
GWAS analysis were defined as % change in response between response to the high-fat diet +
EGCG and the high-fat diet alone (the "EGCG period). This response-based phenotype was
selected to capture inter-individual variation in responsiveness to EGCG supplementation while
minimizing baseline differences among animals. Consequently, the GWAS was designed to
identify genetic loci associated with variation in response to EGCG exposure rather than loci
controlling absolute metabolic trait values. This approach enables the detection of genetic factors

underlying differential responses to dietary intervention and potential gene % diet interactions.

2.7 Genotype data analysis

Genotype data were initially filtered to ensure suitability for genome-wide association studies.
SNPs with more than 10% missing data or a minor allele frequency (MAF < 0.05) were
removed. Marker-level quality metrics, including heterozygosity, allele frequency distribution,
and genotype concordance (R?), were assessed in GAPIT to confirm overall data quality. The
genotype matrix (GD) and corresponding marker map (GM) were synchronized and validated to
ensure consistent marker order across files. As the DO mice exhibit complex population structure
and cryptic relatedness arising from their eight-founder ancestry, both population structure and
kinship correction were incorporated into association models. Kinship matrices were estimated
using the Zhang method implemented in GAPIT. Models containing 3, 5, and 10 PCs were
evaluated using quantile—quantile plots, and three PCs (explaining 3.05%, 2.90%, and 2.80% of

total genetic variation) were selected because they provided adequate control of genomic


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d6fo00791k

Page 13 of 55

This articleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

Open Access Article. Published on 23 June 2026. Downloaded on 6/24/2026 1:44:23 AM.

(cc)

Food & Function

View Article Online
DOI: 10.1039/D6FO00791K

inflation while minimizing overcorrection and loss of statistical power. Although R/qtl2 is
commonly used for founder haplotype-based mapping in DO populations, GAPIT was selected
because the primary objective of this study was SNP-level association mapping using multiple
complementary statistical frameworks (GLM, MLM, MLMM, FarmCPU, and BLINK). This
approach allowed direct estimation of additive SNP effects and facilitated cross-model validation

of association signals.

2.8 Genome-Wide Association Studies (GWAS)

GWAS was performed using GAPIT v3 conducted in R (v4.4.1). Multiple models were
employed to improve robustness of detection, including general linear model (GLM), mixed
linear model (MLM), multi-locus mixed model (MLMM), Fixed and random model Circulating
Probability Unification (FarmCPU), and Bayesian-information and linkage-disequilibrium
iteratively nested keyway (BLINK). The analyses were run with PCA .total = 3 and SNP.MAF =
0.05, with results generated per trait. Genome-wide significance was assessed using a
Bonferroni-corrected threshold calculated as a = 0.05 divided by the number of analyzed SNPs.
Because the exploratory nature of the study and limited sample size reduced power to detect
modest-effect loci, a secondary suggestive threshold (—log10 p > 4) was used to identify
candidate regions in Manhattan plot for further investigation. Candidate loci identified using the
suggestive threshold were only considered biologically relevant when supported by multiple
GWAS models and consistent allelic effect patterns. Additionally, Quantile—quantile (QQ) plots
were used to assess inflation of test statistics under different model and PCA parameterizations.
Manhattan plots were generated using GAPIT. To integrate results across multiple phenotypes,

per-trait GWAS results were merged into a unified dataset and visualized using CMplot package
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in R (https://github.com/YinLiLin/CMplot), which enabled multi-track and wide Manhattan

plots, displaying associations across all traits simultaneously.

2.8 Candidate genes in the SNPs regions and functional analysis

For the SNPs identified as associated with the phenotypes, DNA sequences around the SNPs
were blasted on the mice genome using ensembl BLAST. Once the 100% homologous regions
were identified, genes +/- 200,000pb of the SNP region were searched. With the aim to identify
what type of RNA the identified genes will give, we used ShinyGO tool *°. To identify cellular
pathway gene ontology in which these genes are involved, we used EnrichR online tool

(https://maayanlab.cloud/Enrichr/) 4°. The alluvial plot and the circus plot were created using

SRPIot (https://www.bioinformatics.com.cn/en) 4!.

2.9 Statistical Analysis

All statistical analyses were performed in R version 4.4.1 (https://www.r-project.org). Genome-
wide association analyses were conducted using GAPIT v3 with GLM, MLM, MLMM,
FarmCPU, and BLINK models 4?. Population structure and relatedness were accounted for using
principal component analysis (PCA) and kinship matrices as described above. Genome-wide
significance was assessed using a Bonferroni-corrected threshold (o = 0.05/number of SNPs),
while a suggestive threshold (—log10 P > 4) was used to identify candidate loci for exploratory
analyses. Model performance and control of false-positive associations were evaluated using
quantile—quantile (QQ) plots. Manhattan plots were generated in GAPIT, and integrated multi-

trait visualizations were produced using the CMplot package in R 43.
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3 Results

3.1 Phenotyping

As we previously reported 3%, we measured major biomarkers of obesity and glycemic control in
a cohort of =50 DO mice at baseline, after 8 weeks of a HFD alone, and after an additional 8
weeks of HFD + 0.3% EGCG (w/w). Body mass, body fat %, fasting blood insulin and fasting
blood glucose are shown in Figure 1. Importantly, measures for individual mice were tracked
over time to facilitate tracking of changes between diets and associate these changes with
genotyping data.

Body mass data are shown in Figure 1A. Each of the 50 mice gained weight on HFD alone, with
extreme variation (~16-109% increase from baseline). All mice also gained weight on HFD +
EGCQG, albeit with blunted weight gain and variability compared to the HFD alone (~4-52%
increase from the end of the HFD period). Adiposity (body fat %) data are shown in Figure 1B.
Like body mass, each mouse gained body fat on the HFD alone, with high variability (~5-640%
increased from baseline, expressed as % change, not absolute % fat). The addition of EGCG to
the HFD on average slowed body fat accretion, like body mass. However, unlike body mass,
some mice gained body fat and others (11 out of 50) lost body fat when EGCG was added to the
diet, with changes relative to the end of the HFD diet period of —52-+386% (again, expressed as
% change, not absolute % fat). Fasting blood insulin data are shown in Figure 1C. For most, but
not all mice, fasting insulin concentrations increased on the HFD alone (changes ranged from
—94 to +1330%). When EGCG was added to the HFD, more extreme variation was observed
(changes ranged from —82 to +3514%). Fasting blood glucose data are shown in Figure 1D.

Fasting glucose data exhibited the least consistent trends between diet periods among the four
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biomarkers. On the HFD alone, changes in fasting glucose were ~48% to +70%. On the HFD +
EGCQG diet, changes in blood glucose were —53% to +87%.

Unlike inbred mouse strains with little phenotypic variability, DO mice demonstrate wide
phenotypic variability and distinct responses to dietary stimuli. These data suggest strong genetic
control of obesity and glycemic control in response to HFD and EGCG. As we previously
discussed 38, plateauing of weight and adiposity on a high-fat diet over time could explain some
of the slowed body mass and fat accretion in the HFD + EGCG phase, but not the loss of body
fat. Furthermore, although EGCG could cause loss of adiposity due to hepatotoxicity, we
previously verified that hepatotoxicity was not present at the end of the HFD + EGCG phase by

measuring serum alanine aminotransferase levels, a marker of liver damage.

3.2 Genotype Data QC, Population Structure and Kinship
From the initial set of 143,260 SNPs, obtained by genotyping DNA from mouse liver samples, a
total of 108,885 high-quality markers were retained after filtering for missing data and applying
a minor allele frequency (MAF) cutoff of 0.05. Both marker- and sample-level call rates were
high, supporting the suitability of the dataset for genome-wide association analysis. Marker-level
quality control revealed evenly distributed heterozygosity values without extreme outliers, a
broad and balanced spectrum of allele frequencies, and uniformly high R? values across
chromosomes, confirming reliable genotype calls (Fig. 2A).

Principal component analysis (PCA) indicated moderate population structure within the
DO population, with PC1, PC2, and PC3 explaining 3.05%, 2.9%, and 2.8% of the variance,
respectively (Fig. 2B). Based on QQ plot evaluation and genomic inflation patterns, the first

three principal components were included as covariates in subsequent GWAS analyses to
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account for population structure while maintaining statistical power. Kinship matrices were
estimated internally in GAPIT using the Zhang method and incorporated into mixed linear
models to account for relatedness among individuals.

The Linkage disequilibrium (LD) patterns were characterized across the genome (Fig. 3).
Pairwise correlation coefficients (R) between markers (Fig. 3A) showed a wide distribution, with
values ranging from —1 to 1 and a clear enrichment of positive correlations (Fig. 3B). The
relationship between marker distance and LD indicated that most SNP pairs within short physical
distances exhibited strong correlations, with a rapid decline in LD as the distance increased (Fig.
3C). Marker spacing was broadly distributed across the genome, with most inter-marker
distances falling below 5 kb (Fig. 3D-E). LD decay analysis based on R? values (Fig. 3F)
showed that LD decreased sharply within the first few kilobases, stabilizing at lower levels
beyond ~5 kb. These results suggest that the filtered SNP dataset provided broad genome-wide
coverage suitable for exploratory association mapping in the DO population. Although LD
decayed rapidly across short physical distances, the effective mapping resolution is expected to
be substantially larger than the observed LD decay because of marker density and limited sample
size. Therefore, the identified loci should be considered candidate genomic regions requiring

further fine-mapping and validation.

3.3 Genome-Wide Association Analysis (GWAS) for Insulin, Body Fat Mass and Glucose
To identify genomic regions associated with changes in the key metabolic traits following EGCG
supplementation, that is from week 8 to week 16, genome-wide association studies (GWAS)

were performed for insulin concentration, body fat mass (BFM), and glucose level using five

statistical models: GLM, MLM, MLMM, FarmCPU, and BLINK were implemented in the
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GAPIT framework. Circular Manhattan and QQ plots indicated adequate control of population
structure and relatedness, with no evidence of substantial p-value inflation. The concordance of
association signals across multiple GWAS models was used as supporting evidence for candidate
locus identification. Loci repeatedly detected by independent analytical methods were considered

higher-confidence candidate regions than loci identified by a single model.

3.3.1 Insulin-associated loci

A strong and consistent association was detected on chromosome 14, with additional moderate
signals on chromosomes 10, 7, and 3, suggesting the presence of loci loci associated with
variation in insulin concentration (Fig. 4A).The model-specific Manhattan plots (Fig. 4B) further
supported this finding, with the most significant associations observed across both single-locus
(GLM, MLM) and multi-locus (MLMM, FarmCPU, BLINK) models. The quantile—quantile
(QQ) plots showed that most observed p-values aligned well with the expected null distribution,
demonstrating adequate correction for population structure and kinship. Only the tail of the
distribution deviated from expectation, suggesting the presence of true marker—trait associations
rather than false positives (Fig. 4C).

The lead SNPs, UNC4953653, UNCHS019512, UNC24087882, UNCHS029548, and
JAX00382029, exhibited significant associations (—log10 p > 4) with insulin concentration
across multiple models. The allelic effect plots (Supplemental figure 1) revealed that genotypic
classes coded as 0, 1, and 2 correspond to homozygous reference, heterozygous, and
homozygous alternate genotypes, respectively. In each case, mice homozygous for the alternate
allele (genotype 2) exhibited significantly altered insulin concentrations compared with the

reference homozygotes. Most loci, including those on chromosomes 3, 10, and 7, showed strong
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additive or dosage-dependent effects, where incremental increases in allele dosage corresponded
to higher insulin levels. Among the identified loci, SNP JAX00382029 on chromosome 14
exhibited the largest estimated effect size (effect = 887.5) and was associated with a minor allele
frequency of 0.09. This locus could explain a substantial proportion of phenotypic variance in the
analyzed dataset; however, because low-frequency alleles can produce inflated effect estimates
in small populations, these values should be interpreted cautiously until validated in larger
cohorts.

For SNP UNCHSO019512 (Figure 4D), statistical analysis of insulin changes stratified by
genotype (G/G vs. T/G) revealed a significant genotype-dependent response to EGCG intake,
with mice carrying the G/G genotype exhibiting a markedly lower change in insulin levels
compared with those carrying the T/G genotype. The chromosome 10 locus (UNCHS029548)
explained approximately 4.6% of the observed phenotypic variance and was consistently
identified across MLMM, FarmCPU, and BLINK analyses, providing additional support for its

biological relevance.

3.3.2 Body fat mass (BFM)-associated loci

The GWAS for BFM identified significant putative association peaks primarily on chromosomes
9 and 10, with SNPs UNCHS026712 and UNCHS029548 consistently surpassing the
significance threshold across models (Fig. 5A, B and C). The allele effect plots indicated an
allele dosage-dependent increase in fat mass, characteristic of an additive genetic effect, where
incremental copies of the alternate allele were associated with higher fat accumulation
(Supplemental figure 2). The co-localization of the chromosome 10 locus with the insulin-

associated region suggests pleiotropic genetic effects or closely linked loci influencing both
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adiposity and insulin regulation, reinforcing the hypothesis that shared genetic architecture
governs multiple aspects of metabolic balance. Interestingly, for SNP UNCHS029548 (Figure
5D), stratification of mice by genotype (G/G vs. A/G) revealed a significant genotype-dependent
response to EGCG intake, with mice carrying the G/G genotype exhibiting a markedly lower

change in body fat mass levels compared with those carrying the A/G genotype.

3.3.3 Glucose-associated locus

In contrast to insulin and BFM, GWAS for glucose levels detected a single candidate locus on
chromosome 17 (UNC28326389) (Fig. 6 A, and B). This locus may reflect a variant influencing
glucose homeostasis through mechanisms partially independent of insulin-associated loci. The
QQ plot indicated no substantial inflation, confirming that the observed signal reflects a true
association rather than population artifact (Figure 6C). The effect plot revealed a pronounced
allelic difference, where carriers of the heterozygous allele (A/C) exhibited higher glucose
concentrations relative to reference homozygotes (C/C) (Figure 6D; Supplemental figure 3). The
distinct pattern suggests a dominant or semi-dominant genetic effect, unlike the purely additive

effects seen for insulin and fat mass.

3.3.4 Common Locus associated with insulin and BFM

Together, these results are suggestive of a polygenic and interconnected genetic basis of
metabolic traits, with loci on chromosome 10 emerging as a shared hotspot influencing both
insulin regulation and body fat deposition (Fig. 7). The dosage-dependent allelic effects observed
for insulin and BFM point to additive gene action, while the glucose-associated locus suggests a

potentially dominant regulatory effect. Such findings underscore how allelic variation at multiple
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loci may cumulatively influence metabolic efficiency, energy storage, and glucose—insulin
balance. The convergence of signals across traits also indicates pleiotropic genes or linked QTL
that coordinately regulate energy metabolism, consistent with the complex genetic architecture of

obesity and insulin resistance.

3.4 Identification and functional analyses of genes in SNPs regions

For the 27 SNPs associated with variability in the effect on insulin level, 172 genes were
identified. Of these, 8 were identified as long non-coding RNAs, 12 pseudogenes, 41 protein
coding genes, 1 gene coding for snoRNA and 110 unknown genes (Figure 8). It has been
observed that 4 SNPs are localized within genes; UNCHS002441 is localized in the Kdm5b
(lysine demethylase 5B) gene, UNC24184030 within GM31281, UNC24180391 within
GM31227 and UNC24093641 within long non-coding GM35419. Functional analysis of the
protein coding genes suggests that some of the identified genes are involved in the retinol
metabolism, insulin secretion, insulin resistance, pancreas secretion or PI3K-Akt signaling

pathway (Figure 9).

For the SNPs identified as associated with BFM, 84 genes were identified in the regions around
the SNPs. Of the 84, 45 are protein coding genes and 1 gene coding for miRNA (Figure 8).
Pathway analysis of these genes has shown that some of them are involved in the regulation of
p53 signaling, IL3 and IL6 signaling, but also MAPK signaling or regulation of actin
cytoskeleton. Moreover, comparison of identified genes against the NIH database of Genotypes
and Phenotypes (dbGaP), we observed that variants within or near some of the genes were

identified as involved in body fat distribution, triglycerides levels, or type 2 diabetes.
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Global association analysis only showed association between 2 SNPs and variability in glucose
level in mice following EGCG intake. Eleven genes were identified in the chromosomal regions
of the 2 SNPs, of which 6 are protein coding genes and 5 unknown genes (Figure 8). Pathway
analysis suggested that these protein coding genes can be involved in the regulation of

glycerophospholipid metabolism or glycerolipid metabolism.

4 Discussion

The DO mouse model clearly revealed substantial inter-individual variability in metabolic
phenotypes in response to diet-induced obesity and also in metabolic responses to EGCG in the
context of obesity. This variability, which is not possible using inbred rodents, provides an
opportunity to map QTL for response to EGCG supplementation. Precision nutrition is drawing
significant interest, but genetic variability is surprisingly typically overlooked (or discussed as
being important but ultimately not studied) when studying factors that explain interindividual
variation. Given the availability and decreasing cost of genotyping platforms for both preclinical
studies and human studies, dietary stimuli warrant considerable study in GXE models.
Phytochemicals are but one of many dietary stimuli that may significantly differ in their effects
based on genetic variation of the consuming organisms. The present data highlight the
applicability of genotyping, phenotyping, and QTL mapping to identify genetic loci associated
with the metabolic effects of dietary polyphenols. These data suggest that new breakthroughs
may be made in personal nutrition and human translatability of polyphenol research by applying
QTL mapping to characterize genetic underpinnings of interindividual response. This has the
potential to advance precision nutrition applications of polyphenols more than any other type of

study.
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In this study, we performed a comprehensive genome-wide association analysis of insulin
concentration, body fat mass (BFM), and glucose levels in mice using high-density SNP
genotypes and multiple complementary statistical models implemented in GAPIT. Rigorous
genotype quality control, explicit correction for population structure using principal components,
and incorporation of kinship matrices ensured robust control of confounding effects. The
concordance of association signals across single-locus and multi-locus models provides strong
support for the biological relevance of the detected loci. GWAS for insulin levels revealed a
complex but structured genetic architecture characterized by a major locus on chromosome 14
and additional moderate-effect loci on chromosomes 10, 7, and 3. The consistency of these
signals across multiple models reduces the likelihood that these associations are not model-
specific artifacts but might reflect true genetic determinants of insulin regulation.

Importantly, the strongest association signal was consistently detected on chromosome 14 across
multiple GWAS models. The lead SNP at this locus (JAX00382029; Chr14:64.8 Mb) exhibited a
relatively low minor allele frequency (MAF = 0.09) and the largest estimated phenotypic effect
among all loci associated with insulin response. Additional loci on chromosomes 3, 7, and 10
showed more moderate effects and generally explained smaller proportions of phenotypic
variance. The chromosome 10 locus (UNCHS029548), which was also associated with body fat
mass, explained approximately 4.6% of the observed phenotypic variation in insulin response.
Allelic effect plots demonstrated predominantly additive or dosage-dependent genetic effects at
these loci, where increasing copies of the alternate allele were associated with progressively
higher insulin concentrations. Such additive effects indicate a complex metabolic trait and imply

that insulin regulation is modulated through cumulative contributions of alleles rather than
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through simple dominant-recessive mechanisms. The observation that the largest estimated
effect was associated with a relatively low-frequency allele is consistent with the general
expectation that rare or less frequent variants may contribute disproportionately to phenotypic
variation. However, because the present study was conducted in a relatively small cohort of DO
mice (n = 50), effect size estimates should be interpreted cautiously. Limited sample sizes can
result in upwardly biased estimates of PVE explained (commonly referred to as the Beavis
effect), particularly for loci segregating at low frequencies. Consequently, the chromosome 14
locus should be considered a candidate region requiring validation in larger DO populations or
independent cohorts before definitive conclusions regarding its contribution to insulin regulation
can be drawn. This result is consistent with previous mouse and human studies showing that
insulin resistance and hyperinsulinemia arise from the combined action of multiple loci with

modest to moderate individual effects 44.

A key finding of this study is the identification of a shared locus on chromosome 10 that is
significantly associated with both insulin level and body fat mass. The repeated detection of this
locus across multiple GWAS models increases confidence that this signal reflects a biologically
meaningful association rather than a model-specific artifact. The locus explained a moderate
proportion of phenotypic variation and exhibited a clear dosage-dependent allelic effect,
suggesting additive genetic regulation of multiple metabolic traits. The co-localization of
association peaks for these two traits, together with concordant allele dosage dependent effects,
strongly supports the presence of either pleiotropic genetic effects or tightly linked loci.
Individuals carrying the alternate allele at this locus exhibited both elevated insulin levels and

increased adiposity, suggesting that this genomic region influences energy storage and insulin
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signaling in a coordinated manner. Pleiotropy between adiposity and insulin regulation is
biologically plausible and well documented. Adipose tissue plays an active endocrine role,
secreting adipokines that modulate insulin sensitivity, glucose uptake, and systemic
inflammation 446, Genetic variants that alter adipose development, lipid storage, or adipokine
signaling can therefore exert parallel effects on fat mass and insulin levels. The additive nature of
the allelic effects observed here further suggests that gradual increases in adiposity driven by this
locus may secondarily elevate insulin demand, potentially predisposing individuals to insulin
resistance.

Unlike founder haplotype-based approaches implemented in R/qtl2, the SNP-based GWAS
framework used here does not directly identify the founder strain(s) contributing to a significant
association signal. Consequently, it was not possible to determine whether specific founder
alleles, such as those originating from CAST/EiJ or PWK/PhJ, disproportionately contributed to
the chromosome 14 or chromosome 10 associations. Future analyses incorporating founder
haplotype reconstruction will be important for resolving the founder-specific genetic architecture
underlying variability in metabolic responses to EGCG supplementation. Notably, while
chromosome 9 also harbored BFM-associated loci, these regions did not overlap with insulin-
associated signals, indicating that not all adiposity-related loci directly influence insulin
regulation. This highlights the heterogeneity of fat mass genetics, where some loci act primarily
on adipogenesis or lipid storage, whereas others exert systemic metabolic effects.

In contrast to insulin and BFM, glucose levels were associated with a single significant locus on
chromosome 17. The allelic effect pattern at this locus differed markedly from the additive
effects observed for insulin and BFM. Instead, carriers of the alternate allele showed a

pronounced shift in glucose concentration, consistent with a dominant or semi-dominant mode of
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inheritance. This distinct genetic architecture suggests that glucose homeostasis, at least under
the conditions examined in this study, may be influenced by fewer loci with larger individual
effects. Such loci may act upstream of insulin signaling, for example by affecting hepatic glucose
production, glucose transport, or pancreatic B-cell glucose sensing. The lack of overlap between
the glucose-associated locus and the insulin/BFM loci further implies partial genetic
independence between glucose regulation and adiposity-driven insulin dynamics, a phenomenon
previously observed in both mouse models and human populations 47-43,

These GWAS results underscore the polygenic and interconnected nature of metabolic traits (and
their response to EGCG administration). Nevertheless, given the exploratory nature of the study
and the limited sample size, the identified loci should be regarded as candidate regions rather
than definitive QTL. The observation that several loci were detected consistently across multiple
statistical models provides support for their biological relevance, but independent replication and
functional validation will be required to confirm causality. Insulin concentration and body fat
mass share a partially overlapping genetic basis, with additive loci exerting pleiotropic effects on
energy storage and endocrine regulation. In contrast, glucose levels appear to be influenced by
more discrete genetic mechanisms, potentially reflecting regulatory checkpoints distinct from
adiposity-driven insulin demand. The identification of additive, dosage-dependent loci is
particularly relevant for understanding metabolic disease risk, as such loci can produce
continuous phenotypic variation across populations. Small increases in allele dosage may
cumulatively shift metabolic balance toward obesity and hyperinsulinemia, thereby potentially
increasing susceptibility to insulin resistance and type 2 diabetes. The chromosome 10 locus
identified here represents a promising candidate region for future fine-mapping, functional

validation, and integration with transcriptomic or epigenomic data to identify causal genes and
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pathways. Overall, this study highlights how integrative GWAS approaches using multiple
statistical models can robustly dissect the shared and trait-specific genetic components of
complex metabolic phenotypes, providing insights into the biological mechanisms underlying
obesity, insulin regulation, and glucose homeostasis in relation with EGCG intake. These
preliminary results demonstrate an interindividual variability in response to EGCG and allowed
the identification of the genes and molecular pathways that drive this differential responsiveness.
This work paves the way for identifications of the genetic determinants underlying variability in
EGCG-mediated effects, enabling the development of personalized nutritional strategies tailored
to individual genetic profiles. Ultimately, these insights will support precision nutrition
approaches aimed at optimizing dietary interventions for improved vascular and metabolic
health.

Among the genes identified in the regions of SNPs associated with the insulin level is TRIM13.
It has been described that knock-out in this gene result in increased level of insulin in mice on
high fat diet compared to normal mice, resulting in insulin resistance development . Regarding
another candidate genes, CNTFR, it has been observed that its plasma level and expression are
correlated with insulin resistance >°. Moreover, several studies have identified association
between polymorphisms in TRPC1 (Transient Receptor Potential Canonical 1) gene and T2D 3!,
which that can inhibit the positive effect of exercise on type II diabetes under a HF diet-induced
obesity 2. Similarly, another region of the SNPs associated with variability in insulin level is
Trex1, gene which inactivation has been identified as spontaneously develop of type 1 diabetes
>3, Other genes identified in our study has been described as involved in the development of

diabetes, such as CCDC107 >4 or VCP 5.
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Several genes identified in the regions of the SNPs associated with variability in body fat mass
were described as involved in body adipose tissue development and obesity. For example,
vinexin B-knockout knock-out mice were more obese and gained more obvious visceral fat
accumulation than the wildtype mice fed with high fat diet 3°. Association between HTRI1B (5-
hydroxytryptamine receptor 1B) genetic polymorphism and BMI in women with bulimia nervosa
was observed providing explanation why, in response to dieting, some women attain lower
BMIs, whereas others have a natural limitation to their weight loss >’. Among the genes
identified is miRNA320, microRNA that exert posttranscriptional regulation of expression of
genes, which has been identified as statistically associated with overweight and obesity 8.
Moreover, a link between BMP1 and the obesity was observed *°, as for SLC39A14 9, or LRP1
61

This study presents few limitations. First, financial constraints limited us to N=50 DO mice.
Future studies will need larger N (~250) to improve statistical power to obtain more accurate
estimates of locus effect sizes and enable higher-confidence fine-mapping of associated regions.
Previous studies in DO mice have demonstrated that several hundred animals may be required to
reliably detect loci explaining modest proportions of phenotypic variance, whereas loci with
smaller effects may require substantially larger sample sizes %%, Second, due to the pilot nature of
this study, we employed a single group longitudinal design to maximize the number of animals
receiving EGCG. However, this design is confounded by the effect of time. To control for
confounding effects of aging and time, a 2-arm design is needed in which only one arm receives
EGCG. Combined with the need for a larger sample size, and ideal 2-arm design with sufficient
animals per group could have up to 500 mice. Third, again due to the pilot nature of this study,

we excluded sex as a variable. Future studies must include both sexes to improve generalizability
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to humans. Lastly, the effects of lower doses of EGCG corresponding to 1-2 cups of green tea
per day in humans need to be explored.

Taken together, this study represents one of the first genome-wide association analyses to
identify genes and genetic regions involved in the interindividual variability of physiological
responses to polyphenol intake. The candidate genes identified in this study represent
biologically plausible targets involved in insulin signaling, adiposity, glucose homeostasis, and
related metabolic pathways. However, the present findings should be considered preliminary and
hypothesis-generating. Additional studies incorporating larger cohorts, founder haplotype
reconstruction, fine-mapping, transcriptomic integration, and functional validation will be
required to establish causal relationships between these loci and responsiveness to EGCG

supplementation.


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d6fo00791k

This articleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

Open Access Article. Published on 23 June 2026. Downloaded on 6/24/2026 1:44:23 AM.

(cc)

Food & Function

Page 30 of 55

View Article Online
DOI: 10.1039/D6FO00791K

Acknowledgements

The authors wish to thank Drs. Dahlia M. Nielsen, David L. Aylor (Department of Biological
Sciences, North Carolina State University, Raleigh, NC USA) and David W. Threadgill
(Department of Biochemistry & Biophysics and School of Medicine, Texas A&M University,
College Station, TX USA) for their contributions to the original experimental design. The
authors also wish to thank Melissa VerHague and Jody Albright, (Nutrition Research Institute,
University of North Carolina Chapel Hill, Kannapolis, NC USA) for assistance with body
composition analyses. Funding and mice for this work were provided by the Jackson Laboratory
(Bar Harbor, ME USA) via the Diversity Outbred Pilot Grant Program. EGCG (Sunphenon) was

a generous gift from Taiyo International (Minneapolis, MN USA).

Funding

Support for APN was provided by the North Carolina Agricultural Research Service
(NCARS) and the Hatch Program of the National Institute of Food and Agriculture (NIFA), U.S.
Department of Agriculture. DM was supported by the United States Department of Agriculture,

National Institute of Food and Agriculture (USDA-NIFA), Hatch project 7010153.


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d6fo00791k

Page 31 of 55

Open Access Article. Published on 23 June 2026. Downloaded on 6/24/2026 1:44:23 AM.

This articleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Food & Function

View Article Online
DOI: 10.1039/D6FO00791K

Author contributions

Dragan Milenkovic: Conceptualization; Methodology; Formal analysis; Investigation;
Resources; Data Curation; Writing - Original Draft; Writing - Review & Editing; Visualization;
Supervision; Project administration.

Romit Seth: Methodology; Formal analysis; Investigation; Writing - Original Draft; Writing -
Review & Editing; Visualization.

Michael G. Sweet: Investigation; Writing - Review & Editing; Visualization.

Lisard Iglesias-Carres: Investigation; Writing - Review & Editing; Visualization.

Andrew P Neilson:Conceptualization; Methodology; Formal analysis; Investigation; Resources;
Data Curation; Writing - Original Draft; Writing - Review & Editing; Visualization; Supervision;

Project administration; Funding acquisition.


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d6fo00791k

This articleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

Open Access Article. Published on 23 June 2026. Downloaded on 6/24/2026 1:44:23 AM.

(cc)

Food & Function Page 32 of 55

View Article Online
DOI: 10.1039/D6FO00791K

Table

Table 1. Nutritional and ingredient composition of mouse diets

Low fat diet High fat diet High fat diet + EGCG
Nutrient gram (%) keal (%) gram (%) keal (%) gram (%) kcal (%)
Protein 19 20 26 20 26 20
Carbohydrate 67 70 26 20 26 20
Fat 4 10 35 60 35 60
Total (kcal %) 100 100 100
Energy (kcal/g) 3.8 5.2 5.2
Ingredient gram keal gram keal gram keal
Casein 200 800 200 800 200 800
L-Cystine 3 12 3 12 3 12
Corn Starch 506.2 2025 0 0 0 0
Maltodextrin 10 125 500 125 500 125 500
Sucrose 68.8 275 68.8 275 68.8 275
Cellulose 50 0 50 0 50 0
Lard 20 180 245 2205 245 2205
Soybean Oil 25 225 25 225 25 225
Mineral Mix S10026 10 0 10 0 10 0
DiCalcium Phosphate 13 0 13 0 13 0
Calcium Carbonate 5.5 0 5.5 0 5.5 0
Potassium Citrate, 1 H,O 16.5 0 16.5 0 16.5 0
Vitamin Mix V10001 10 40 10 40 10 40
Choline Bitartrate 2 0 2 0 2 0
EGCG?(94% pure) 0 0 0 2.5
FD&C Yellow Dye #5 0.04 0 0
FD&C Red Dye #40 0 0 0 00.05 0
FD&C Blue Dye #1 0.01 0 0.05 0 0 0
Total 1055.05 4057 773.85 4057 776.35 4057
EGCG? (%) 0 0 0.3
a(—)-epigallocatechin gallate
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Figure legends:

Figure 1. Mouse body masses (A), body fat % (B), fasting blood insulin (C) and fasting blood
glucose (D) in N=50 DO mice fed a low-fat diet prior to the experiment, a high-fat diet (HFD,
weeks 1-8) and then a HFD + EGCG (weeks 9-16). Values (dots) represent individual mice.
Lines link the same mice over time. Previously published data, adapted with permission from

Elsevier.

Figure 2 (A) Marker-level quality control of the SNP dataset. Distributions of heterozygosity,
minor allele frequency (MAF), and genotype concordance (R?) are shown across 19
chromosomes. SNPs displayed balanced heterozygosity, broad allele frequency coverage
consistent with the applied MAF threshold, and uniformly high R? values, confirming robust
marker quality. (B) Principal component analysis (PCA) of the filtered genotype dataset.
Variance explained by the first 10 PCs is shown. The first three PCs captured the major sources
of genetic variation (PC1 = 3.05%, PC2 =2.9%, PC3 = 2.8%) and were selected for use as

covariates in GWAS models to control for population structure.

Figure 3. Linkage disequilibrium (LD) patterns across the genome. (A) Genome-wide LD (R)
across markers. (B) Frequency distribution of pairwise R values. (C) Decay of LD (R) with

physical distance (Kb). (D) Pairwise LD distances (Kb) across the genome. (E) Frequency


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d6fo00791k

Page 43 of 55

Open Access Article. Published on 23 June 2026. Downloaded on 6/24/2026 1:44:23 AM.

This articleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Food & Function

View Article Online
DOI: 10.1039/D6FO00791K

distribution of pairwise marker distances. (F) LD decay plot showing average R? declining with
increasing inter-marker distance, with a gradual decay observed after ~2 Kb, consistent with

moderate LD structure in the population.

Figure 4. Genome-wide association analysis of insulin concentration in mice. (A) Circular
Manhattan plot showing genome-wide marker—trait associations across 19 autosomes using five
GWAS models: GLM, MLM, MLMM, FarmCPU, and BLINK. Strong and consistent
association signals are observed on chromosome 14. (B) Model-specific Manhattan plots display
the distribution of —log;¢(p) values for each model. (C) Quantile—quantile (QQ) plot showing the
observed versus expected —log;o(p) values across the five models, indicating effective correction
for population structure and kinship, with deviation in the upper tail representing true
associations. (D) Allelic effect plots for one the top significant SNPs, UNCHS019512 according
to genotype showing significant differences between genotypic classes for changes in insulin

level.

Figure 5. Genome-wide association analysis of body fat mass (BFM) in mice. (A) Circular
Manhattan plot showing genome-wide marker—trait associations across 19 autosomes using five
GWAS models. Strong association signals are observed on chromosome 9 and 10. (B) Model-
specific Manhattan plots display the distribution of —log;¢(p) values for each model. (C)
Quantile—quantile (QQ) plot showing the observed versus expected —log;o(p) values across the
five models, indicating effective correction for population structure and kinship, with deviation

in the upper tail representing true associations. (D) Allelic effect plots for one the top significant
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SNPs, UNCHS029548, according to genotype showing significant differences between

genotypic classes for changes in body fat mass.

Figure 6. Genome-wide association analysis of glucose content in mice. (A) Circular Manhattan
plot showing genome-wide marker—trait associations across 19 autosomes using five GWAS
models. Only association signals were observed on chromosome 17. (B) Model-specific
Manhattan plots (right) display the distribution of —log4,(p) values for each model. (C)
Quantile—quantile (QQ) plot showing the observed versus expected —log;o(p) values across the
five models, indicating effective correction for population structure and kinship, with deviation
in the upper tail representing true associations. (D) Allelic effect plots for the top significant
SNP, UNC28326389, according to genotype showing significant differences between genotypic

classes for changes in glucose level.

Figure 7. Genome-wide association analyses for glucose, insulin, body fat mass (BFM) and
body weight (BW) using (A) FarmCPU, (B) BLINK and (C) MLMM revealed a shared major
locus on chromosome 10 associated with BFM and insulin. The top SNP
(UNCHS029548:10:127827082) showed a strong additive, dosage-dependent effect, where
individuals carrying the alternate allele exhibited significantly higher insulin levels (D) and BFM

(E), indicates a pleiotropic locus regulating both traits.

Figure 8. Classification of genes located near trait-associated SNPs. Histogram plots show the

number and type of genes (protein-coding genes, snoRNA genes, pseudogenes, miRNAs,
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IncRNAs, and unknown) identified in genomic regions surrounding SNPs associated with

variability in insulin levels, body fat mass (BFM), and glucose levels.

Figure 9. Gene category and pathway analysis for genes in the regions of SNPs associated with
metabolic traits. (A) Sankey diagram showing to SNPs associated with variability in insulin

level, body fat mass, and glucose post-EGCG consumption, followed by genes located in
proximity to SNPs and on the right functional categories of identified genes (protein-coding,
non-coding, pseudogenes, and unknown). (B) circus plot illustrating the relationships between
selected protein-coding genes and enriched biological pathways, highlighting shared

involvement of key genes across insulin, adiposity, and glucose-related pathways.
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