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Objective: To investigate the genetic determinants of fat distribution across anatomical sites and their implications for health
outcomes.
Methods: We analyzed neck-to-knee MRI data from the UK Biobank (n = 37,589) to measure fat at various locations and
used Mendelian randomization to assess efects on 26 obesity-related diseases and 94 biomarkers from FinnGen and other
consortia.
Result: We identifed genetic loci associated with 10 fat depots: abdominal subcutaneous adipose tissue (n� 2 loci), thigh
subcutaneous adipose tissue (25), thigh intermuscular adipose tissue (15), visceral adipose tissue (7), liver proton density fat
fraction (PDFF) (8), pancreas PDFF (11), paraspinal adipose tissue (9), pelvic bone marrow fat (28), thigh bone marrow fat (27),
and vertebrae bone marrow fat (5). Genetically higher abdominal subcutaneous adipose tissue was associated with an adverse
metabolic profle and higher risks of Type 2 diabetes, and cardiovascular outcomes. Conversely, higher thigh subcutaneous
adipose tissue was associated with a favorable profle and lower risks of Type 2 diabetes and cardiovascular outcomes. Higher
visceral adipose tissue was associated with gallstones; higher liver PDFF was associated with elevated tyrosine levels, higher Type 2
diabetes risk, and fatty liver disease; pancreas PDFF was associated with thrombotic events; and thigh bone marrow fat was
associated with osteoporosis.
Conclusion:Tese results further suggest a unique contribution of fat deposition in diferent anatomical locations to disease risk,
emphasizing the potential, beyond weight loss per se, for future research into depot-specifc therapeutic strategies.

Keywords: bone marrow fat; cardiovascular diseases; ectopic fat; liver fat; MRI scan; pancreas fat; subcutaneous fat; Type 2
diabetes; visceral fat

1. Introduction

Obesity is a major global public health issue, signifcantly
increasing the risk of chronic diseases such as Type 2

diabetes, cardiovascular conditions, and certain cancers.
According to recent WHO statistics, approximately 1 in 8
people worldwide is afected by obesity [1]. Traditionally,
body mass index (BMI) has been used as a primary metric

Wiley
Journal of Obesity
Volume 2025, Article ID 7792701, 13 pages
https://doi.org/10.1155/jobe/7792701

https://orcid.org/0000-0003-4748-1991
https://orcid.org/0000-0001-9672-9477
mailto:h.yaghootkar@soton.ac.uk
https://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1155%2Fjobe%2F7792701&domain=pdf&date_stamp=2025-09-01


for assessing obesity; however, it does not account for fat
distribution and may not accurately refect health risks.
Subsequently, the waist–hip ratio was introduced as a more
refned measure, ofering some insight into fat distribution.
While waist–hip ratio is a better proxy than BMI, it still falls
short of fully capturing the complexities of fat distribution
across diferent anatomical sites [2, 3].

Emerging evidence suggests that the distribution of fat,
beyond overall fat mass, plays a crucial role in determining
metabolic profles and disease risk. For example, visceral
adipose tissue has been associated with higher risks of in-
sulin resistance, Type 2 diabetes [4], and chronic kidney
disease [5, 6]. Conversely, gluteofemoral adipose tissue has
been linked to more favorable metabolic and infammatory
profles and likely ofers protective efects against car-
diometabolic disorders including Type 2 diabetes [7].
However, while studies often use dual-energy X-ray
absorptiometry (DEXA) to quantify fat, this method is
less accurate for measuring organ-specifc fat, such as liver or
pancreas fat, compared to high-resolution MRI. Using MRI
scans of liver proton density fat fraction (PDFF), we were
able to dissect diferent mechanisms that lead to higher fat
accumulation in the liver, which have diferent consequences
on the risk of cardiovascular disease and cancer [8].

Tese fndings highlight the importance of un-
derstanding how specifc fat depots impact health outcomes
beyond what is measured by BMI and waist–hip ratio.
Current literature primarily focuses on the efects of sub-
cutaneous adipose tissue, visceral adipose tissue, and liver
fat, leaving a signifcant gap in our understanding of how fat
deposited in other anatomical locations impacts human
health. A detailed analysis of fat distribution patterns and
their underlying mechanisms is essential for developing
targeted therapeutic strategies that address the specifc roles
of various fat depots.

In this study, we aimed to address these gaps by
leveraging high-resolution MRI data from the UK Biobank
to precisely measure fat deposition across various ana-
tomical sites. We conducted a Genome-Wide Association
Study (GWAS) involving up to 37,358 participants to
identify genetic variants associated with 10 distinct fat de-
pots, including abdominal subcutaneous adipose tissue,
thigh subcutaneous adipose tissue, thigh intermuscular
adipose tissue, visceral adipose tissue, liver PDFF, pancreas
PDFF, paraspinal adipose tissue, pelvic bone marrow fat,
thigh bone marrow fat, and vertebrae bone marrow fat. We
included bone marrow and pancreas PDFF due to their
understudied nature and potential involvement in metabolic
diseases that are not adequately captured by more common
fat depots, such as subcutaneous or visceral fat. Trough
genetic correlation and Mendelian randomization analyses,
we investigated the relationship and the potential causal
association of these fat depots with 120 obesity-related
diseases and biomarkers, using data from FinnGen
(https://www.fnngen.f/en) [9] and other consortia. We
employed functional annotation tools to further elucidate
the biological mechanisms underlying these associations.
Our hypothesis was that there would be distinct associations
of diferent fat depots with diferent diseases.

2. Methods

2.1. Image-Derived Measures of Fat Distribution. We used
MRI data from the UK Biobank abdominal protocol to
measure fat deposited throughout the body. Te UK Bio-
bank has approval from the Northwest Multicenter Research
Ethics Committee (MREC) to obtain and disseminate data
and samples from participants (http://www.ukbiobank.ac.
uk/ethics/), and these ethical regulations cover the work in
this study. In this study, we included data for up to 37,589
participants of White British ancestry who had MRI scans.
We employed neck-to-knee Dixon MRI and single-slice
multiecho MRI techniques for abdominal imaging, as out-
lined in the UK Biobank imaging protocol [9]. Organ, tissue,
and bone segmentation was conducted using deep-learning
models. Performance metrics for the single-slice multiecho
liver, abdominal subcutaneous, and visceral adipose tissues
are available in Liu et al. [10], and for the thigh muscle and
single-slice multiecho paraspinal muscle, metrics are
available in Tanaj et al. 2024 [11]. For pelvic and thigh
bones, manual annotations from 110 to 120 participants
were utilized, with Dice similarity coefcients of 0.82 and
0.91, respectively, on 20% out-of-sample test data. For the
single-slice multiecho vertebrae bone marrow data, manual
annotations from 120 participants yielded a Dice similarity
coefcient of 0.83 on 20% out-of-sample test data. Quality
control was performed by analyzing univariable distribu-
tions and visually inspecting scans for anomalies. PDFF was
estimated voxelwise in the liver and pancreas [12], providing
anatomical coverage for the liver, pancreas, paraspinal
muscles, and vertebrae bone marrow. Te median statistic
was used to summarize the PDFF values for these organs and
tissues, producing a single average PDFF value for each.

2.2. Genetic Association Studies. We conducted the GWAS
using REGENIE Version v3.1.1 [13] on each image-derived
phenotype (IDP) of the MRI-measured fat depots. Our
GWAS included participants self-identifed as “White
British,” who clustered with this group in principal com-
ponent analysis (PCA). We excluded participants with sex
chromosome anomalies, sex discrepancies, heterozygosity
outliers, and genotype call rate outliers. Covariates included
age, squared age, sex, genotyping array, imaging center, and
the frst 10 genotype-related principal components. IDPs
were inverse normal transformed before analysis. Imputed
SNPs, fltered by a minor allele frequency (MAF)> 0.01 and
an INFO score > 0.9, resulted in 9,788,243 SNPs for the fnal
analysis.

2.3. Functional Mapping and Annotation of Genetic
Association. Functional mapping, gene set enrichment
analysis, and tissue and cell-type annotations were con-
ducted using FUMA v1.5.2 (https://fuma.ctglab.nl/), with
default MAGMA settings v1.5.2, to provide functional
context for the identifed genetic variants within each
genomic locus. We prioritized genes using a scoring system
based on data from multiple sources: (1) We used the
RegulomeDB, which provides functional annotations,
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especially those in noncoding regions. (2) Combined
Annotation Dependent Depletion (CADD) scores were
used to predict the functional impact of variants. A score
greater than 12.37 indicates a higher likelihood of func-
tional signifcance, and nearby genes associated with these
SNPs were prioritized. (3) We incorporated data from the
GTEx v8 project (https://gtexportal.org/) to link genetic
variants with gene expression levels (expression quanti-
tative trait loci [eQTLs]) in relevant tissues. (4) Chromatin
interaction mapping (ciMap) was used to identify physical
interactions between genomic risk loci and gene promoters
or enhancers. Genes with strong evidence of such in-
teractions were prioritized, as they suggest potential reg-
ulatory relationships. For each of the four criteria, the
presence was scored as 1, and the absence as 0. In addition,
we integrated protein quantitative trait loci (pQTL) data
from the UK Biobank Pharma Proteomics Project (UKB-
PPP) (https://metabolomips.org/ukbbpgwas/) [14]. In-
dependent signifcant SNPs at the genomic risk loci for
each IDP were mapped to cis-QTLs to provide deeper
functional insight.

2.4.GeneticCorrelation. We used LDSC [12] to compute the
genetic correlation between adiposity IDPs and various
anthropometric traits including body fat–free mass, body fat
percentage, WHR, BMI, height, and childhood measures of
obesity, to understand how our adiposity IDPs relate to these
traits. We applied a multiple testing correction, setting the
signifcance level at p< 0.006 (0.05/9, the number of an-
thropometric traits).

2.5. Mendelian Randomization. We used Mendelian ran-
domization to assess the causal efect of each individual fat
depot on various biomarkers and disease outcomes
(Supporting Table 1). For each IDP, we selected the genetic
variants as instrumental variables based on the following
criteria: p value ≤ 5 ×10−8, linkage disequilibrium pruning
r2 > 0.001 within a 10Mb window, using the European
ancestry group from the 1000 Genomes reference panel
(https://www.internationalgenome.org/). Given the dif-
ferences in fat distribution between men and women, we
frst compared the efects of each IDP’s genetic instrument
across both sexes. We calculated Cochran’s Q-statistic to
quantify variation in efect sizes between males and fe-
males. A Bonferroni correction was applied to determine
the signifcance threshold (p � 0.05/137 [number of var-
iants] � 4×10−4).

We used the inverse variance weighted (IVW) method as
our primary Mendelian randomization test. However, IVW
estimates can be susceptible to biases, including instrumental
variable bias, where weak associations between genetic in-
struments and exposures may distort causal efect estimates,
and horizontal pleiotropy, where genetic instruments may
infuence outcomes through pathways other than the expo-
sure of interest. To address these potential biases, we (1)
ensured that each genetic instrument had a robust association
with its respective exposure (F-statistics > 10); (2) employed
diferent sensitivity tests, including MR-Egger, weighted

median, simple mode, weighted mode methods, and MR-
PRESSO to further validate the robustness of our fndings
[15]. To account for multiple testing, we used Benjamini–
Hochberg–adjusted p value (BHP) (< 0.05) to correct for and
classify signifcant IVW causal associations.

Given the strong phenotypic correlations among the 10
adiposity IDPs, we used multivariable Mendelian random-
ization (MVMR) with the IVW method to estimate the
efects of each individual fat depot on the outcomes in-
dependent of the other nine IDPs. Multivariable MR is an
advanced technique that estimates the causal relationships of
multiple correlated exposures simultaneously, providing
direct estimates of each exposure’s efect while accounting
for the infuence of other exposures in the model. We fol-
lowed the workfow described by Sanderson et al. [16]. We
created exposure data from the 10 IDPs using the mv_ex-
tract_exposures_local function from the TwoSampleMR
package. We selected the genetic variants as instrumental
variables based on the following criteria: p value ≤ 5×10−8,
linkage disequilibrium pruning r2 > 0.001 within a 10Mb
window, using the European ancestry group from the 1000
Genomes reference panel. We used LDSC to estimate the
genetic covariance between IDPs. We calculated the con-
ditional F-statistics to assess the strength of the genetic
instruments in explaining the exposure after accounting for
the correlation and contributions of other exposures in the
model. Tis approach enhances the precision of causal es-
timates by addressing potential confounding efects from
correlated fat depots [17, 18].

3. Results

We used high-resolution MRI data from up to 37,589 UK
Biobank participants to quantify fat deposition across 10
diferent anatomical locations including abdominal sub-
cutaneous adipose tissue, thigh subcutaneous adipose tissue,
thigh intermuscular adipose tissue, visceral adipose tissue,
liver PDFF, pancreas PDFF, paraspinal adipose tissue, pelvic
bone marrow fat, thigh bone marrow fat, and vertebrae bone
marrow fat. Te detailed characteristics of the study sample,
including demographic and baseline health metrics, are
provided in Supporting Table 2.

Tere was a strong correlation among several adiposity
measures (Supporting Figure 1). For instance, abdominal
subcutaneous adipose tissue had a strong correlation with
thigh subcutaneous adipose tissue (rg � 0.74), thigh inter-
muscular adipose tissue (0.58), visceral adipose tissue (0.77),
liver PDFF (0.60), pancreas PDFF (0.50), and paraspinal
adipose tissue (0.61). In contrast, pelvic bone marrow fat,
thigh bone marrow fat, and vertebrae bone marrow fat
demonstrated strong intercorrelations among themselves
but were less correlated with other fat depots (Supporting
Figure 1).

Sex-based diferences were observed in fat distribution.
Women had signifcantly higher levels of abdominal (p
value < e−200) and thigh subcutaneous adipose tissue
(p< e − 200), paraspinal adipose tissue (4.7×10−91), ver-
tebrae bone marrow fat (8.6 ×10−99) but lower levels of
pancreas PDFF (p< e − 200), liver PDFF (5.2×10−106), and
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visceral adipose tissue (p< e − 200) compared to men
(Supporting Figure 2). Age was strongly associated with
variations in adiposity IDPs. Specifcally, abdominal and
thigh subcutaneous adipose tissue decreased with age,
while other fat depots increased with age. Liver PDFF levels
increased up to around 60 years of age before decreasing in
men, whereas liver PDFF levels plateaued in women be-
yond this age (Supporting Figure 3).

3.1. Genetic Architecture of Fat Depots. We identifed 137
genetic loci associated with at least one fat depot: ab-
dominal subcutaneous adipose tissue (n = 2 loci), thigh
subcutaneous adipose tissue (19), thigh intermuscular
adipose tissue (15), visceral adipose tissue (7), liver PDFF
(8), pancreas PDFF (11), paraspinal adipose tissue (9),
pelvic bone marrow fat (20), thigh bone marrow fat (21),
and vertebrae bone marrow fat (5). Some loci were asso-
ciated with more than one IDP, for example, rs1421085 (in/
near FTO) was associated with abdominal subcutaneous,
thigh subcutaneous, visceral, and paraspinal adipose tis-
sues; rs33823 (PEPD) was associated with thigh inter-
muscular, visceral, and paraspinal adipose tissues and
pancreas PDFF; rs17036160 (PPARG) was associated with
thigh intermuscular adipose tissue, paraspinal adipose
tissue, and pelvic and thigh bone marrow fat (Supporting
Figures 4A- 4J).

Several of these genomic loci have been associated with
various adiposity measures in prior studies. However, their
precise roles in infuencing fat distribution across diferent
anatomical depots remain poorly understood. In this sec-
tion, we highlight some interesting fndings related to
specifc fat depots (Supporting Table 3).

Most of the thigh subcutaneous adipose tissue–
increasing alleles either had no association or were associ-
ated with lower liver PDFF (18/25; p value � 0.021; Sup-
porting Figure 4B).Tis includes Allele G at rs72959041 with
the biggest efect on increasing thigh subcutaneous adipose
tissue and was associated with both lower expression levels
of RSPO3 (p � 1.7E − 7) in adipose tissue and its protein
levels in the blood (p � 6E − 89) and lower liver PDFF
(p � 0.039). Te other example is rs13389219 (COBLL1)
where the thigh subcutaneous adipose tissue–increasing
allele was associated with lower liver PDFF (p � 1.1E − 5).
Te thigh subcutaneous adipose tissue–increasing allele at
rs6029180 (MAFB) was also associated with lower liver
PDFF (0.018).

Among the 15 alleles associated with increased thigh
intermuscular adipose tissue, 12 had a negative efect on liver
PDFF (p � 0.018). rs17036160-T within PPARG had the
biggest efect on thigh intermuscular adipose tissue. Tis
variant is associated with higher TIMP4 expression in vis-
ceral adipose tissue (p � 2E − 6) and its blood protein levels
(p � 3E − 181). Studies on TIMP4-defcient mice fed a high-
fat diet demonstrated impaired fat absorption and reduced
adipocyte fat accumulation, fbrosis, and steatosis levels [22].
rs77481804 (MAML2) and rs151804 (ARL15) have not been
reported before to be associated with any traits. rs151804 is
a cis-pQTL for FST (p � 1.7E − 14), which is involved in

adipogenesis and muscle growth and regeneration [23].
rs33823 was associated with thigh intermuscular adipose
tissue, pancreas PDFF, paraspinal adipose tissue, and PEPD
expression levels in subcutaneous adipose tissue
(p � 2.4E − 24) and PEPD in the blood (p � 3E − 312).

Variants associated with bone marrow fat were specifc
to these fat depots and had a weaker association with other
adiposity IDPs. Among these variants, rs76428106 had the
biggest efect on pelvic bone marrow fat and was associated
with FLT3 blood protein levels. Te second most signifcant
variant afecting pelvic bone marrow fat was rs10493013,
which was also associated with thigh bone marrow fat. Tis
variant is intergenic but resides near another independent
variant (rs55938609) in the 5′ UTR of WNT4.

Te gene set enrichment analysis revealed several
enriched pathways for diferent fat depots (Supporting Ta-
bles 4). For thigh subcutaneous fat, key pathways included
PI3K-AKT signaling, which is well-established in regulating
insulin sensitivity, lipid metabolism, and adipogenesis. Tis
pathway is known to enhance glucose uptake and promote
the production of metabolically protective adipokines such
as adiponectin, which is highly expressed in subcutaneous
adipose tissue [24], and Notch signaling, which regulates fat
distribution and infammation response. Pathways for thigh
intermuscular adipose tissue included muscle tumors, adi-
pogenesis, and connective tissue regulation. For liver fat,
pathways were related to cell growth, acyl chain remodeling,
and estrogen receptor regulation. Pancreas fat pathways
involved epigenetic regulation, adipogenesis, and DNA re-
pair. Pelvic bone marrow fat was linked to responses to
oxygen levels and chondrocyte diferentiation, while path-
ways for thigh bone marrow fat included fat cell diferen-
tiation and regulation.

Given the sex-specifc patterns in fat distribution, we
conducted sex-stratifed GWAS and identifed seven loci
with sex-specifc associations. Tese included rs1275519
(SLC5A6) associated with liver PDFF in male, rs2596827
(TSEN2) associated with pancreas PDFF in female,
rs1208931 (LUZP1) and rs727479 (CYP19A1) associated
with pelvic bone marrow fat in male, rs10782417 (SOS2)
associated with pelvic bone marrow fat in female, rs7491585
(NALCN) associated with thigh subcutaneous adipose tissue
in female, and rs1812736 (PKMP4) associated with visceral
adipose tissue in male. Full details of these variants are
provided in Supporting Table 5.

3.2. Genetic Correlation With Anthropometric Measures.
We conducted a genetic correlation analysis to explore the
relationships between individual fat depots and various
anthropometric traits (Supporting Figure 5). Our analysis
revealed that abdominal subcutaneous, thigh subcutaneous,
thigh intermuscular, and visceral and paraspinal adipose
tissues, in addition to liver and pancreas PDFFs, were
positively correlated with several measures: whole body
fat–free mass, body fat percentage, waist–hip ratio (except
for thigh subcutaneous fat in females), childhood obesity,
and adult BMI. In contrast, pelvic, thigh, and vertebrae bone
marrow fat were positively correlated with adult height.

4 Journal of Obesity
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Tigh bone marrow fat was negatively correlated with
waist–hip ratio, body fat percentage, and adult BMI. None of
the adiposity IDPs were correlated with birth weight.

3.3. Causal Associations of Fat DepotsWithHealth Outcomes.
Given the diferences in fat distribution between men and
women, we frst compared the efects of each IDP’s genetic
instrument across both sexes. Our analysis revealed con-
sistent efects for both sexes, indicating the robustness and
suitability of the genetic instruments used in our Mendelian
randomization analysis in men and women combined
(Supporting Table 6; Supporting Figures 6A–6J).

Te univariable Mendelian randomization analysis
indicated that the genetic instruments were strong for all
exposures, as demonstrated by F-statistics > 10 (Sup-
porting Table 7). Tis supports the robustness of the
instruments when estimating the total efect of each ex-
posure on the outcomes. However, when exposures were
combined in the multivariable model, the conditional F-
statistics substantially decreased below the threshold of 10
for all exposures (Supporting Table 7), indicating weak
instrument bias. Given this, the MVMR estimates may be
unreliable, and the results should be interpreted with
caution. To account for potential weak instrument bias in
our MVMR analyses, we applied a robust IVW method
based on the framework by Sanderson et al. [16]. Tis
estimator helps mitigate bias in the presence of in-
strument heterogeneity and collinearity between expo-
sures. However, given the limited conditional F-statistics
and overlapping genetic architecture among fat depots, we
interpret MVMR results with caution and rely primarily
on fndings from univariable MR.

Te univariable Mendelian randomization analysis
highlighted contrasting causal efects of abdominal versus
thigh subcutaneous adipose tissues on biomarkers and
health outcomes (Figures 1, 2, and 3, Supporting Table 8).
Genetically higher abdominal subcutaneous adipose tissue
was associated with higher levels of adverse markers, such as
increased insulin resistance, higher triglycerides, lower
HDL-C, and higher branched-chain amino acids (BCAAs),
along with a trend towards higher levels of infammatory
markers. In contrast, genetically higher thigh subcutaneous
adipose tissue was associated with higher levels of favorable
markers, including higher insulin sensitivity, higher sex
hormone–binding globulin (SHBG) and adiponectin, lower
BCAA, lower alanine, and higher HDL-cholesterol levels, as
well as a trend towards reduced levels of infammatory
markers.

Tese contrasting efects were also evident when
assessing disease risk (Figure 4; Supporting Table 9). For
instance, genetically higher abdominal subcutaneous
adipose tissue was associated with higher risk of Type 2
diabetes (odds ratio [OR] per 1 standard deviation in-
crease: 3.6 [95% confdence interval [CI]: 1.2–11.2]), heart
failure (1.6 [1.30–2.0]), and suggested associations
(p< 0.05 but BHP > 0.05) with higher risk of stroke and
atrial fbrillation. In addition, it was associated with
a higher risk of knee osteoarthritis (1.9 [1.4–2.4]), hip

osteoarthritis (2.1 [1.4–3.1]), asthma (1.3 [1.1–1.5]), and
gastroesophageal refux disease (GERD) (1.1 [0.8–1.5]).
Te magnitude and direction of efect remained consistent
after adjusting for the phenotypic correlation between the
IDPs (Figure 4; Supporting Table 10). We were unable to
perform sensitivity analyses for abdominal subcutaneous
adipose tissue, as the genetic instrument consisted of only
two variants. However, the instrument was strong (F-
statistic � 55), supporting the reliability of the univariable
Mendelian randomization IVW estimate, but pleiotropy
could not be assessed.

Genetically higher thigh subcutaneous adipose tissue
was associated with lower risk of Type 2 diabetes (0.62
[0.47–0.83]), hypertension (0.92 [0.90–0.95]), coronary ar-
tery disease (0.76 [0.67–0.87]), myocardial infarction (0.73
[0.65–0.83]), aortic aneurysm (0.71 [0.59–0.85]), and pe-
ripheral artery disease (0.81 [0.71–0.92]). Te association
with a higher risk of knee osteoarthritis was noted (Figure 4;
Supporting Tables 9-10).Tese results were consistent across
all sensitivity analyses (Supporting Table 11).

Genetically higher thigh intermuscular adipose tissue
had a similar pattern to thigh subcutaneous adipose tissue,
with associations with lower risks for Type 2 diabetes and
peripheral artery disease remaining signifcant after cor-
rection for other fat depots and consistent across all sen-
sitivity analyses (Figure 4, Supporting Tables 9-11).

Other fat depots had specifc associations with disease
outcomes. Genetically higher visceral adipose tissue was
associated with a higher risk of cholelithiasis (1.5 [1.2–
1.9]; consistent across all sensitivity tests except MR–
Egger; Supporting Table 11). Higher liver PDFF was as-
sociated with higher levels of alanine transaminase and
tyrosine (1.1 [1.1–1.1]), higher risk of Type 2 diabetes (1.2
[1.0–1.4]) and metabolic associated steatotic liver disease
(MASLD) (3.8 [3.3–4.4]), and lower risk of myocardial
infarction (0.81 [0.70–0.94]) and peripheral artery disease
(0.87 [0.79–0.94]), which is mainly driven by the genes
blocking triglycerides export from the liver. Tese results
were consistent across all sensitivity tests (Supporting
Table 11). Higher pancreas PDFF was associated with
a higher risk of deep vein thrombosis (1.01 [0.99–1.02])
and pulmonary embolism (1.8 [1.1–2.9]). None of the
associations for paraspinal adipose tissue and pelvic,
thigh, and vertebrae bone marrow fat reached our sig-
nifcant levels, but there was a suggestive association
between higher pelvic and thigh bone marrow fat with
lower risk of knee and hip osteoarthritis and higher risk of
osteoporosis, which was diluted in the multivariable
analysis (Figure 4; Supporting Tables 9-10).

Tere was evidence of pleiotropy indicated by Egger
intercept p value and Cochran’s Q for some outcomes in-
cluding coronary heart disease, peripheral artery disease,
heart failure, and aortic aneurysm (Supporting Table 12). To
adjust for these pleiotropic efects, we conducted MR-
PRESSO, which identifed a number of outlier (between 1
and 7) variants. However, there was no signifcant change in
the estimated causal efect for those corrected outcomes
(Supporting Table 13).
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4. Discussion

In this study, we used MRI scans from 37,589 UK Biobank
participants to measure fat deposition across 10 distinct
anatomical locations. Our genetic analyses identifed specifc
genetic determinants of fat distribution and their implica-
tions for health outcomes. Tese fndings reveal how fat
accumulation in diferent anatomical sites may uniquely
infuence disease risk, ofering a more nuanced assessment
of metabolic and cardiovascular health. We observed dis-
tinct potential efects of abdominal versus thigh sub-
cutaneous adipose tissue on various cardiovascular
outcomes, highlighting the potential importance of con-
sidering fat distribution in mediating and evaluating
disease risk.

Our analysis revealed signifcant sex-specifc patterns in
fat distribution, suggesting that sex hormones (or related
pubertal-linked development of fat depots) play a critical
role in determining fat deposition in men and women.
Women had higher levels of abdominal subcutaneous,
thigh subcutaneous, and paraspinal adipose tissues and
vertebrae bone marrow fat. In contrast, men had elevated

levels of visceral adipose tissue and liver and pancreas fat.
Tese observations are consistent with the known efects of
sex hormones on fat distribution. Estrogens are associated
with increased lipid accumulation in subcutaneous fat
depots, contributing to the higher levels observed in
women. Conversely, androgens such as testosterone in-
fuence fat distribution in men by promoting visceral fat
deposition and reducing overall body fat [25]. Tese
hormonal efects may help explain the observed diferences
in fat distribution between sexes and underscore the need
for sex-specifc considerations in metabolic and cardio-
vascular risk assessments; the causal role of sex hormones,
including androgens such as testosterone, requires further
investigation.

We identifed 137 loci associated with at least one fat
depot, enhancing our understanding of the genetic un-
derpinnings of fat distribution. Tese fndings ofer greater
precision compared to previous genetic studies that relied on
broader metrics such as BMI and body fat percentage to
assess adiposity [19, 21, 26–28]. We characterized several
variants that infuencemultiple fat depots, including those in
or near genes such as FTO, PEPD, and PPARG. Tis suggests
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Figure 1: Te association between genetically predicted higher IDPs and insulin and metabolic markers from published GWAS. Results are
shown from the inverse variance weighted method (IVW) from univariable Mendelian randomization (UV). Te color and its intensity
correspond to the direction and value of Z-scores (from the IVW test). Te asterisk represents Benjamini–Hochberg p values < 0.05.
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that, despite the distinct phenotypic characteristics of each
individual fat depot, there are shared genetic factors that
may play a role in shaping overall fat distribution patterns.
Tese common genetic components may help explain the
coordination (and thus correlations) of fat deposition across
diferent anatomical regions.

Our fndings are consistent with previous research that
underscores the risks associated with central adiposity,
which has been linked to increased risk of cardiometabolic
diseases [20, 29]. However, this study advances our un-
derstanding by identifying distinct genetic loci associated
with various specifc fat depots, ofering a more nuanced
view of how genetic factors infuence fat distribution. Our
results highlight the protective role of thigh subcutaneous
adipose tissue against adverse health outcomes, including
cardiometabolic diseases, which contrasts with the detri-
mental efects associated with abdominal subcutaneous
adipose tissue. Tis observation is consistent with previous
work [30], which demonstrated a diferential impact of

abdominal versus gluteofemoral fat depots on car-
diometabolic health. Tis paradoxical efect is thought to be
related to diferences in lipid turnover rates, fat storage
capacity, and, potentially, the infammatory profles of these
fat depots, which appear to be at least in part infuenced by
specifc sets of genes [30].

We extended these fndings by identifying distinct
genetic loci that contribute to the fat distribution across
various anatomical sites. Most of the thigh subcutaneous
adipose tissue–increasing alleles either had no association
or were associated with lower liver PDFF and higher levels
of associated favorable biomarkers, which may clarify their
protective roles for cardiometabolic outcomes. Te ex-
amples include variants in/near RSPO3, COBLL1, and
MAFB. Human cellular studies show that RSPO3 sup-
presses adipogenesis, increases gluteal adipocyte apoptosis,
limiting adipose tissue expansion, and promotes upper-
body fat distribution by stimulating abdominal adipose
progenitor proliferation [31]. Knocking down COBLL1
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impaired the breakdown of stress fbers in subcutaneous fat
cells, which reduced their ability to store fat efectively.Tis
led to disruptions in metabolic processes, including insulin
responsiveness and lipid metabolism [32]. MAFB de-
fciency in the hematopoietic system accelerates weight
gain, enhances the body fat storage, and increases the
adipocyte size [33, 34].

In addition, we found that genetically higher thigh
subcutaneous and thigh intermuscular adipose tissues are
associated with increased adiponectin secretion. Adipo-
nectin, a plasma hormone produced by adipocytes, is in-
versely regulated by upper-body fat accumulation. Reduced
levels of adiponectin, or hypoadiponectinemia, have been
associated with adverse cardiovascular outcomes, di-
minished insulin sensitivity, and an elevated risk of Type 2
diabetes [35, 36], though whether adiponectin is causally
related to outcomes, or rather a downstream marker of
insulin action, remains debated [37, 38]. Furthermore, our
fndings from pathway analysis, associated with these fat
depots, highlight several pathways including the PI3K-AKT
signaling pathway enriched in the GWAS of thigh

subcutaneous fat. PI3K-AKT transmits the efect of some
adipokines including adiponectin from fat tissues to met-
abolic organs.

Our results provide no evidence for an association be-
tween genetically higher visceral adipose tissue and the risk
of cardiovascular disease. Tis contrasts with fndings from
epidemiological studies that suggest a link between increased
visceral adipose tissue and a higher risk of cardiovascular
disease [39, 40]. Te lack of a signifcant association in our
study may be due to several factors. First, while the study had
sufcient power to detect associations (F-statistic > 10), the
null results may refect sample-specifc limitations or re-
sidual confounding by other adiposity-related factors. Vis-
ceral adipose tissue is highly correlated with other adiposity
measures, such as abdominal subcutaneous fat. Prior ob-
servational studies may have been confounded by un-
accounted factors such as overall obesity, which could
obscure the true efect of visceral adipose tissue on car-
diovascular disease. Terefore, while our study does not rule
out the possibility of residual confounding or other study-
specifc limitations infuencing these results, further studies
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with larger and more diverse samples, as well as refned
models to address confounding, are needed to clarify the role
of visceral adipose tissue in cardiovascular risk.

We found evidence suggesting that higher visceral ad-
ipose tissue is associated with an increased risk of choleli-
thiasis. Visceral obesity may impair gallbladder motility
through several mechanisms, one of which is mechanical
compression of the gallbladder and liver. Te accumulation
of visceral fat, particularly in these areas, can lead to physical
compression that restricts the normal movement of the
gallbladder, impairing its ability to contract efectively. Tis
restricted motility can result in bile stasis, which increases
the risk of gallstone formation.

Te relationship between elevated liver fat and a reduced
risk of myocardial infarction has previously been attributed
to diverse and complex mechanisms underlying liver fat
accumulation [8]. Variants increasing liver PDFF, such as
those in PNPLA3 and TM6SF2, impair hepatic lipid export,
promoting fat accumulation without systemic dyslipidemia.
Tis may explain the paradoxical association with lower

myocardial infarction and peripheral artery disease, despite
increased Type 2 diabetes and MASLD risk.

Our study highlights a strong association between higher
liver PDFF levels and higher tyrosine, an essential amino
acid. Tis fnding provides insights into the metabolic im-
plications of liver fat accumulation. However, further
clinical validation through diagnostic accuracy studies is
needed to confrm tyrosine’s utility as a reliable biomarker
for liver fat.

Te association between pancreatic fat and Type 2 di-
abetes remains debated. Although observational studies have
suggested a potential role for pancreatic fat in β-cell dys-
function, our analysis did not reveal any causal associations
between pancreatic PDFF and most biomarkers or disease
risk factors, including Type 2 diabetes. Tese fndings may
refect confounding by other ectopic fat depots [41] or the
limitations of MRI in capturing functionally relevant re-
gional fat [42, 43]. In contrast, we observed associations with
thrombotic events. Tis specifc and unexpected association
warrants attention and requires further validation and
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Figure 4:Te association between genetically predicted higher IDPs and the risk of 26 disease outcomes, meta-analyzed from FinnGen and
published GWAS. Results are shown from the inverse variance weighted method (IVW) from univariable Mendelian randomization (UV).
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exploration, as pancreatic fat accumulation may contribute
to pancreatic infammation or pancreatitis [44].

Bone marrow fat was an intriguing and underexplored
adipose depot that showed unique patterns in our analyses.
Bone marrow fat demonstrated a strong correlation among
its various anatomical locations, such as pelvic, thigh, and
vertebrae bone marrow fat, yet showed a weak or absent
correlation with other fat depots, such as subcutaneous and
visceral fat. Tis observation is not due to measurement
error but likely refects the distinct biological nature of bone
marrow fat. Bone marrow fat depots, including pelvic, thigh,
and vertebrae, showed suggestive associations with osteo-
arthritis and osteoporosis. Functional annotation identifed
genes such as WNT4 and FLT3. WNT4 functions as a pro-
moter in osteogenic diferentiation within bone marrow
stromal cells, contributing to bone homeostasis and infu-
encing osteoporotic conditions [45]. Tis pathway is critical
in regulating the balance between bone and fat within the
marrow, and lower WNT activity has been associated with
increased bone marrow adiposity, particularly in conditions
such as osteoporosis [46]. Te genetic association observed
in our study supports this mechanistic framework and
highlights the relevance of WNT signaling in skeletal fat
distribution. FLT3 regulates lymphoid-primed multipotent
progenitors in bonemarrow [47]. A recent population-based
study, using MRI data [48], has shown that higher bone
marrow adiposity is associated with higher cardiometabolic
risk, suggesting a systemic role of bone marrow fat in
metabolism and infammation. Unlike other fat depots, bone
marrow fat is less infuenced by environmental factors such
as diet and exercise, which may contribute to its unique
properties and functional role. Bone marrow fat’s regulation
and function are still not fully understood, and ongoing
research is focusing on characterizing its biological mech-
anisms.Tis includes exploring its role in hematopoiesis and
potential implications for metabolic health. While bone
marrow fat’s specifc role in metabolic diseases requires
further exploration, the current data suggest that it may have
distinct molecular and genetic pathways. Future studies
focusing on bonemarrow fat will help clarify its contribution
to health outcomes and its potential for therapeutic tar-
geting, particularly in the context of metabolic disorders.

While this study provides valuable insights into the
genetic underpinnings of diferent fat depots, there are
important limitations to consider. Te frst key limitation is
the lower statistical power of the genetic instrument used for
abdominal subcutaneous adipose tissue in our Mendelian
randomization analysis. Tis limitation arises from the
genetic variants explaining only a small proportion of the
variance in abdominal adipose tissue, potentially leading to
a weak instrument. Consequently, this weakness could di-
minish the observed efect and introduce bias, driving the
results toward the null hypothesis. Second, the generaliz-
ability of our fndings is constrained by the specifc char-
acteristics of the genetic instruments and the population
studied, which could afect the robustness of the associations
identifed. Tird, we had a substantially weakened in-
strument even after adjusting for the genetic covariance
between IDPs in our multivariable analysis, which could

result in attenuated or infated causal estimates. One possible
explanation is the collinearity among the IDPs due to shared
genetic determinants and pathways.Tis collinearity reduces
the independent variation explained by each genetic in-
strument, reducing the conditional F-statistics. Addressing
these limitations in future research will be crucial for vali-
dating and refning our understanding of the genetic in-
fuences on fat distribution and their implications for health
outcomes.

5. Conclusion

Te fndings of this study uncover the genetic architecture
that governs fat distribution across diferent anatomical
locations and their potential impacts on several health
outcomes. Tese fndings further challenge the traditional
focus on overall adiposity and support the need for more
precision phenotyping in the study of obesity and its
multifold associated health risks.
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