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We aimed to identify distinct axes of obesity using ad-
vanced magnetic resonance imaging (MRI)-derived pheno-
types. We used 24 MRI-derived fat distribution and muscle
volume measures (UK Biobank; N = 33,122) to construct
obesity axes through principal component analysis.
Genome-wide association studies were performed for
each axis to uncover genetic factors, followed by pathway
enrichment, genetic correlation, and Mendelian randomi-
zation analyses to investigate disease associations. Four
primary obesity axes were identified: 7) general obesity,
reflecting higher fat accumulation in all regions (visceral,
subcutaneous, and ectopic fat); 2) muscle dominant, indi-
cating greater muscle volume; 3) peripheral fat, associ-
ated with higher subcutaneous fat in abdominal and thigh
regions; and 4) lower-body fat, characterized by increased
lower-body subcutaneous fat and reduced ectopic fat.
Each axis was associated with distinct genetic loci and
pathways. For instance, the lower-body fat axis was asso-
ciated with RSPO3 and COBLL1, which are emerging as
promising candidates for therapeutic targeting. Disease
risks varied across axes; the general obesity axis was cor-
related with higher risks of metabolic and cardiovascular
diseases, whereas the lower-body fat axis seemed to pro-
tect against type 2 diabetes and cardiovascular disease.
This study highlights the heterogeneity of obesity through
the identification of obesity axes and emphasizes the po-
tential to extend beyond BMI in defining and treating obe-
sity for obesity-related disease management.

Obesity presents with a range of metabolic patterns, disease
risks, and responses to weight loss interventions among

ARTICLE HIGHLIGHTS

¢ This study aimed to address potential limitations of BMI
by exploring the heterogeneity of obesity using magnetic
resonance imaging—derived fat distribution and muscle
volume measures.

e We sought to identify distinct obesity axes and investi-
gate their genetic, metabolic, and disease associations.

o Four obesity axes were identified (general obesity, mus-
cle dominant, peripheral fat, and lower-body fat), each
linked to unique genetic loci, metabolic traits, and dis-
ease risks.

e These findings emphasize the potential to extend be-
yond BMI in defining and managing obesity, offering a
more nuanced framework for understanding and treat-
ing obesity-related diseases.

individuals (1-4). This variability is largely due to the tra-
ditional clinical definition of obesity, which uses a BMI
threshold of >30 kg/m” to identify at-risk groups (1). Al-
though this measurement effectively categorizes obesity
at the population level, it fails to capture the heterogene-
ity among individuals (5). This broad metric, although
useful for public health strategies, is inadequate for the
nuanced requirements of precision medicine that necessi-
tate tailored approaches.

Numerous studies have explored the complexities of obe-
sity by identifying specific subtypes, notably focusing on met-
abolically healthy obesity, where individuals exhibit no initial
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metabolic dysfunctions despite living with obesity (6). How-
ever, the stability of this state is uncertain, because many
may develop metabolic complications over time as they gain
weight or age (2,6). The use of biomarkers to classify obe-
sity into subtypes and guide personalized treatments has
been proposed (2,7). However, gathering biomarker data
postdiagnosis can challenge causal interpretations because
of potential reverse causation, where the disease itself
might influence biomarker levels (8). Additionally, the reli-
ance on BMI hinders these methods, because it fails to dif-
ferentiate between fat and muscle mass or consider the
importance of fat distribution (1,2). These limitations mean
that even those within a normal BMI range can face metabolic
challenges, whereas some individuals with obesity might dis-
play metabolic resilience (2,9).

Recent advancements in magnetic resonance imaging
(MRI) technology and the availability of comprehensive
scan data from participants in UK Biobank have opened
new avenues for detailed assessments of fat and muscle
across various body regions. These image-derived phe-
notypes (IDPs) enable the classification of obesity axes
without preconceived hypotheses by examining diverse
fat distribution patterns in subcutaneous and ectopic
locations.

In this study, we used 24 MRI-derived fat distribution and
musde measurements to agnostically construct four principal
component (PC)-derived obesity axes. These axes are linear
combinations of the IDPs, representing distinct dimensions
of obesity, and allow us to move beyond traditional BMI clas-
sifications. We demonstrate that these axes capture unique
patterns of fat distribution and muscle volume that are
linked to different genetic profiles and disease risks. By in-
tegrating advanced imaging with genetic analysis, this study
offers a comprehensive framework to better understand
obesity heterogeneity, paving the way potentially for more
targeted approaches in obesity management and treatment.

RESEARCH DESIGN AND METHODS

Study Design

We applied 24 MRI-derived measures of fat distribution
(volumes and percentages) and muscle indices from UK
Biobank to construct obesity axes. Analyses were con-
ducted separately for men and women because of known
sex-specific differences in fat distribution patterns. After
confirming consistent PC patterns across sexes, we per-
formed meta-analyses of genome-wide association study
(GWAS) results for each axis. We investigated genetic cor-
relations with metabolic biomarkers, lifestyle, behavior,
and psychological disorders. Additionally, we performed
Mendelian randomization (MR) to explore relationships
between each axis and obesity-related disease risks.

Image-Derived Measures of Fat Distribution and
Muscle Volume

We used neck-to-knee Dixon MRI and single-slice multi-
echo MRI acquisitions for abdominal imaging, as previously
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outlined in the UK Biobank protocol (10). Image processing
was conducted using deep learning models, as previously
described (11-14). The IDPs included volume and median
proton density fat fraction, calculated via the phase regu-
larized estimation using the smoothing and constrained
optimization method (15). Quality control was performed
by analyzing univariate distributions and visually inspect-
ing scans for anomalies.

Supplementary Table 1 details the 24 IDPs used in this
study, including subcutaneous adipose tissue volumes (ab-
dominal and thigh), visceral adipose tissue volumes, inter-
nal fat and thigh intermuscular adipose tissue volumes
(corrected for muscle volume), and iliopsoas and total
muscle volumes (indexed to heightz). We also obtained a
measure of fat (proton density fat fraction) stored in the
liver, pancreas, and paraspinal muscles (intramyocellular
fat) from the single-slice multiecho acquisition.

Construction of Obesity Axes

PC analysis (PCA) was applied to the 24 IDPs to identify
obesity axes. PCA, a robust and widely validated dimen-
sionality reduction technique, captures dominant patterns
of variation across data sets while minimizing noise. Each
IDP was scaled and standardized to mean zero and unit
variance. Resultant PCs were oriented to align with higher
obesity levels. The number of PCs retained was determined
based on the proportion of variance explained (>85% cu-
mulatively) and the interpretability of the components.

Given sex-specific differences in fat and muscle distribu-
tion, PCA was conducted separately for men and women.
Meta-analysis was subsequently performed on follow-up
analyses (e.g., GWAS) for consistent axes across sexes, en-
suring that male PC1 aligned with female PC1, male PC2
with female PC2, and so forth.

We did not include BMI or total body fat percentage
as a covariate in our analyses because these measures
are highly correlated with certain axes, particularly the gen-
eral obesity and muscle-dominant axes. Adjusting for these
variables could obscure the meaningful variation in fat dis-
tribution and muscle composition that our MRI-derived
phenotypes capture.

GWAS

Using REGENIE (version 3.1.1) (16), which is well suited for
association testing in the presence of closely related individ-
uals, our GWAS included participants who self-identified
as White British who clustered with this group in PCA. We
excluded participants with sex chromosome anomalies, sex
discrepancies, heterozygosity outliers, and genotype call rate
outliers (17). Covariates included age, squared age, genotyp-
ing array, imaging center, and the first 10 genotype-related
PCs. Imputed single nucleotide polymorphisms, filtered by a
minor allele frequency >0.01 and an INFO score >0.9, re-
sulted in 9,788,243 single nudeotide polymorphisms for the
final analysis. GWAS was conducted separately for each sex,
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followed by a meta-analysis using METAL to integrate re-
sults across sexes.

Pathway and Tissue Enrichment Analysis

We used the SNP2GENE function in the Functional Map-
ping and Annotation (18) platform to identify expression
quantitative trait loci (eQTLs) using the GTEx (version 8)
project (19). Identified genes were analyzed for pathway
enrichment using the PANTHER (version 17.0) tool (20),
enhancing our understanding of the biological pathways
enriched in our gene sets.

Genetic Correlation Analysis

We estimated genetic correlations between obesity axes
and various biomarkers, lifestyle traits, and psychological
conditions using LD score regression (21). We selected
110 traits using publicly available GWAS summary statistics
(Supplementary Table 2) based on established links with
obesity and body composition. It is important to note that
some of these GWAS included UK Biobank participants.
Although incorporating these data sets increases our statis-
tical power, it may also introduce a degree of sample over-
lap, potentially inflating genetic correlation estimates. We
set a multiple testing-corrected significance level at P <
0.05/110 * 4 = 0.00011.

MR
To investigate the potential causal impacts of differ-
ent obesity axes on disease outcomes, we applied MR
(Supplementary Table 2). Genetic variants were selected as
instrumental variables for each obesity axis based on strin-
gent criteria: P = 5 x 107° and linkage disequilibrium
pruning with > > 0.001 within a 10-Mb window, using
European ancestry data from the 1000 Genomes Project.
Our primary method was the inverse variance weighted
(IVW) method. This method is subject to biases such as
weak instrument bias, where the weak association between
genetic instruments and exposures can skew estimates, and
horizontal pleiotropy, where genetic variants may influence
outcomes through pathways unrelated to the studied expo-
sure. To try to counteract these potential biases, we con-
firmed strong associations between each genetic instrument
and its corresponding obesity axis (F statistics >10) and
used MR-Egger regression to test for horizontal pleiotropy,
as indicated by the Egger intercept. Additionally, we applied
methods like MR-PRESSO, weighted median, simple mode,
and weighted mode to enhance the robustness of our find-
ings (22). We adjusted the results for multiple testing using
Benjamini-Hochberg correction and considered results sta-
tistically significant at an adjusted P value <0.05.

Data and Resource Availability

Our research was conducted using UK Biobank data. Un-
der the standard UK Biobank data sharing agreement, we
(and other researchers) cannot directly share raw data ob-
tained or derived from UK Biobank. However, under this
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agreement, all of the data generated and methodologies
used in this study are returned by us to UK Biobank,
where they will be fully available. Access can be obtained
directly from UK Biobank to all bona fide researchers on
submitting a health-related research proposal to UK Bio-
bank at https://www.ukbiobank.ac.uk.

RESULTS

Axes of Obesity

In our study, we analyzed data from 33,122 participants
who underwent MRI scanning in the UK Biobank study.
We derived 24 IDPs from these samples, with sample char-
acteristics detailed in Supplementary Table 1. Using these
IDPs, we constructed four obesity axes through PCA per-
formed separately for men and women. Each measure was
oriented to positively correlate with BMI. The resulting
obesity axes explained 4.43% to 57.50% of the variance
in men and 5.89% to 54.76% in women (Supplementary
Figs. 1 and 2). Consistent PC patterns across sexes allowed
us to meta-analyze results for equivalent PCs (e.g., male
PC1 with female PC1) (Fig. 1 and Supplementary Table 3).

We named the axes based on their PC loadings (Fig. 1):
1) general obesity axis, which reflects increased fat accu-
mulation across all regions, including visceral, subcutane-
ous, and ectopic fat (Fig. 2A and B); 2) muscle-dominant
axis, which indicates greater muscle volume (Fig. 2C and D);
3) peripheral fat axis, which is associated with higher subcu-
taneous fat in the abdominal and thigh regions (Fig. 2E
and F); and 4) lower-body fat axis, which is characterized
by increased lower-body subcutaneous fat and reduced ec-
topic fat in the liver, pancreas, and muscles (Fig. 2G and H).

To better contextualize the axes within clinical obesity
definitions, we examined the BMI distributions of individu-
als in the top 10% of each axis (Supplementary Table 4). In-
dividuals in the top 10% of all axes showed significantly higher
BMI (P < 0.0001), with most having a BMI >30 kg/m”, sug-
gesting that high scores on these axes generally reflect a
phenotype consistent with clinical obesity. However, the ob-
served differences between axes indicate that even among
individuals classified as having obesity by BMI criteria, there
is substantial heterogeneity in fat distribution.

Axes represent overlapping dimensions rather than dis-
crete categories. Muscle-dominant and peripheral fat axes
displayed a weak negative correlation, suggesting that in-
dividuals scoring high on one axis tend to score lower on
the other (Supplementary Fig. 3).

Relationship Between Axes and Age

We analyzed the relationship between PC scores and age for
all obesity axes in men and women. Scores for the general
obesity axis increased with age (fmen = 0.15 and P, <
1E—10; "women = 0.10 and Pyomen < 1E—10), indicating a
higher likelihood of accumulating fat in older individuals. Con-
versely, scores for the musde-dominant (e, = —0.48 and
Pren < 1E—10; Fyomen = —0.36 and P,y e < 1E—10), periph-
eral fat (rpen = —0.14 and P, < 1E—10; 7iyomen = —0.10
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Figure 1—Characteristics of obesity axes. Radial plots display the magnitudes of PC loadings for the four obesity axes from men (A-D)
and women (E-H). Points above the inner circle indicate positive loadings, reflecting traits that contribute positively to the respective obe-
sity axis, whereas points below the inner circle represent negative loadings, indicating traits that contribute inversely to the axis. General
obesity (A and E), muscle dominant (B and F), peripheral fat (C and G), and lower-body fat (D and H) axes are shown. ASAT, abdominal
subcutaneous adipose tissue; TSAT, thigh subcutaneous adipose tissue; VAT, visceral adipose tissue.

and Pyomen < 1E—10), and lower body fat (rpen = —0.18
and P, ., < 1E—10; ryomen = —0.24 and Pyomen < 1E—10)
axes decreased with age, suggesting these patterns of fat or
muscle distribution are less common among older individu-
als (Fig. 3).

Differences in Axes by Ancestry

To explore potential differences in the distribution of
obesity axes across ancestry groups, we categorized par-
ticipants into four major genetic ancestry groups: Afri-

can ancestry (n = 146), Central/South Asian ancestry

(n = 320), East Asian ancestry (n = 152), and European
ancestry (n = 29,179). Comparisons revealed that East
Asian individuals had lower scores for the general obe-
sity (Prur vs. Eas < 0.00001) and lower-body fat axes
(PEuR vs. Bas < 0.00004). Central/South Asian individ-
uals had lower scores for the muscle-dominant axis
(Pgur vs. csa < 0.00001), whereas individuals of African
ancestry had higher scores for the muscle-dominant
and lower-body fat axes but lower scores for the pe-
ripheral fat axis (all Pgyg vs. arpr < 0.00001) (Fig. 4 and
Supplementary Table 5).
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Genetic Background of Obesity Axes

Given the ancestry-related differences in axis distribu-
tion, and to minimize confounding from unrelated fac-
tors (e.g., B-cell function differences influencing type 2
diabetes risk in individuals of African ancestry), all ge-
netic analyses were restricted to White British partici-
pants. GWAS were conducted separately for men and
women and meta-analyzed across sexes for consistent
axes, resulting in a total sample size of 25,637 (Table 1
and Supplementary Figs. 4 and 5). No evidence of sex-
specific associations was observed, because the genetic
loci contributing to the axes were consistent between
men and women (Supplementary Table 6).

General Obesity Axis

Two significant loci were identified: rs62033405 (eQTL for
FTO in skeletal muscle; P = 2.6E—7 and IRX1 in pancreas;
P = 1.2E—7) and rs33823 (eQTL for PEPD in skeletal muscle;
P = 49E—9 and subcutaneous adipose tissue; P = S5E—6),
both previously associated with obesity-related traits. Pathway
enrichment highlighted the corticosteroid receptor signal-
ing pathway; however, these results did not remain signifi-
cant after Bonferroni correction (Supplementary Table 7).

Muscle-Dominant Axis
Nine loci were associated, including rs7515497 near
FBLIM1, rs80345488 near RIMS2 (eQTL for RIMS2 in
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A Individual with low score B Individual with high score

C Individual with low score D Individual with high score

G Individual with low score H Individual with high score

Figure 2—MRI scans and fat distribution patterns across obesity axes: general obesity (A and B), muscle dominant (C and D), peripheral
fat (E and F), and lower-body fat (G and H). MRI scans illustrate the contrasting fat distribution patterns observed in individuals with the
lowest (A, C, E, and G) and highest (B, D, F, and H) scores along each obesity axis. These visual comparisons highlight the distinctive ana-
tomical fat accumulation and muscle distribution associated with each axis.
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Figure 3—Relationship between obesity axes and age in men (A) and women (B). Scatter plots depict the variation in scores for each obe-
sity axis across different ages. General obesity scores tended to increase with age, whereas scores for other axes, such as the lower-

body fat axis, decreased in older individuals.

thyroid; P = 7E—18), rs3850625, an exonic variant in
CACNA1S, rs12632536 (eQTL for DLGI in skeletal muscle;
P =1.2E—7), rs13170533 (splicing QTL for PIK3R1 in skel-
etal muscle; P = 2.2E—6), rs1028883 (eQTL for KLF5 in
skeletal muscle; P = 6.6E—38), rs6058093 near PIGU (eQTL
for GGT7; P = 1E—6 and MAPILC3A; P = 8E—9 in skeletal
musdle), and rs9306468 near MTMR3 (eQTL for THOC5 in
skeletal muscle; P = 2E—8). Pathway enrichment analysis re-
vealed nominally significant enrichment in pathways related
to muscle function, particularly ion transport, muscle con-
traction, and structural integrity; however, these results did
not remain significant after Bonferroni correction (Supple-
mentary Table 8).

Peripheral Fat Axis

Fifteen loci were identified, many of which have been pre-
viously linked to waist-to-hip ratio (WHR), lipid levels,
type 2 diabetes, or red blood cell count. Three loci were
shared between the peripheral and lower-body fat axes, in-
cluding COBLL1, RSPO3, and DNAH10/CCDC92 (Supple-
mentary Fig. 6). Pathway enrichment analysis for the
peripheral fat axis revealed several key pathways. These
include pathways related to cellular growth and energy
metabolism, which may affect adipocyte behavior, and
mechanisms that regulate cell-matrix interactions and devel-
opmental processes influencing fat distribution; however,
these results did not remain significant after Bonferroni cor-
rection (Supplementary Table 9).

Lower-Body Fat Axis

Fifteen loci were identified, including rs1128249 (splicing
QTL for COBLL1 in subcutaneous fat; P = 5E—13),
1572959041 (eQTL for RSPO3 in subcutaneous fat; P = 2E—8
and protein QTL [pQTL] in blood; P = 6E—89), rs7133378
near DNAH10 (eQTL for DNAHI100S in subcutaneous fat;
P = 1E—32), rs3818717 near RAI1 (eQTL for TOMIL2 in

subcutaneous fat; P = 1E—15 and pQTL for SHMTI; P =
1E—42), rs6822892 (eQTL for PDGFC in subcutaneous fat;
P = 3E—8), rs10406327 (eQTL for PEPD in subcutaneous
fat; P = 1E—11), rs2287922, an exonic variant in RASIPI1,
rs3747207 near PNPLA3 (eQTL for SAMMS50 in subcutane-
ous fat; P = 7E—15), rs2943653 near NYAP2 (eQTL for IRS1
in subcutaneous fat; P = 2E—13), rs6888037 near SLC12A2,
1s998584 near VEGFA, rs12138803 near PIGC, rs55893113
near ZC3H11B, rs754243 near ANAPCI, and rs58542926
near TM6SF2 (pQTL for NCAN; P = 4E—92 and SUGP1; P =
6E—12). Pathway enrichment analysis indicated a significant
potential role of adiponectin in metabolic regulation and the
importance of lipid biosynthesis processes in maintaining
healthier adipose tissue; however, these results did not re-
main significant after Bonferroni correction (Supplementary
Table 10).

Association With Metabolic Biomarkers

We performed LD score regression to evaluate the genetic
correlations between obesity axes and a wide range of com-
plex traits, including anthropometric measures, metabolic
biomarkers, lifestyle behaviors, psychological traits, and
obesity-related diseases. Of 110 traits tested, 53 showed
significant genetic correlations (corrected for multiple test-
ing) with at least one obesity axis.

All obesity axes demonstrated positive genetic correla-
tions with adult BMI. The general obesity axis showed
strong positive correlations with body fat percentage, WHR
in both sexes, and childhood obesity. The muscle-dominant
axis correlated positively with fat-free mass index, height,
birth weight, and childhood obesity. The peripheral fat axis
was positively correlated with body fat percentage and WHR
in men. In contrast, the lower-body fat axis was negatively
correlated with WHR in both sexes but positively associ-
ated with birth weight and childhood obesity (Fig. 5A).
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Figure 4— Ancestry-related variation in obesity axes: general obesity (A), muscle dominant (B), peripheral fat (C), and lower-body fat (D).
Density plots show the distribution of scores for each obesity axis across different ancestry groups: African (AFR), Central/South Asian

(CSA), East Asian (EAS), and European (EUR). pop, population.

Each obesity axis had a distinct pattern of genetic corre-
lation with metabolic traits and health outcomes (Fig. 5B).
The general obesity axis showed positive correlations
with insulin resistance markers, C-reactive protein, liver
enzymes, branched-chain amino acids (valine, leucine, and
isoleucine), and triglycerides, while demonstrating nega-
tive correlations with sex hormone-binding globulin, HDL
cholesterol (HDL-C), and apolipoprotein Al. The muscle-
dominant axis did not present extensive correlations but
showed a strong positive association with HOMA for insu-
lin resistance and a negative correlation with HDL-C. The
peripheral fat axis correlated positively with fasting insulin
and C-reactive protein levels. In contrast, the lower-body
fat axis was positively associated with insulin sensitivity,

sex hormone-binding globulin, and HDL-C and negatively
associated with branched-chain amino acids and triglycerides.

Additionally, the general obesity axis was positively cor-
related with sedentary behavior, smoking, attention-deficit/
hyperactivity disorder, substance use, and binge eating.
Conversely, the muscle-dominant axis was negatively cor-
related with sleep duration, whereas the peripheral fat axis
was negatively correlated with physical activity (Fig. 5C).
These findings underscore the complex and distinct meta-
bolic and lifestyle associations for each obesity axis.

Association With Disease Outcomes
In our UK Biobank imaging subcohort, the general obesity
axis was associated with a higher risk of various
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Figure 5—Genetic correlations between obesity axes and selected biomarkers, lifestyle traits, and psychological disorders. Heat map of
genetic correlations (rg) between obesity axes and anthropometric traits, insulin-related traits, and metabolic biomarkers (A); metabolites
(B); lifestyle traits and psychological disorders (C); and various disease outcomes, including cardiovascular disease and type 2 diabetes
(D). Colors and their intensities represent the correlation coefficients (rg), with asterisks indicating statistical significance after multiple
testing correction (P < 0.00011). ADHD, attention-deficit/hyperactivity disorder; HOMA-B, HOMA for B-cell function; HOMA-IR, HOMA for
insulin resistance; MASLD, metabolic dysfunction-associated steatotic liver disease; MUFA, monounsaturated fatty acid; OCD, obses-
sive-compulsive disorder; PTSD, posttraumatic stress disorder; PUFA, polyunsaturated fatty acid; SHBG, sex hormone-binding globulin.

cardiovascular diseases, asthma, psoriasis, and depression
but a lower risk of osteoporosis. In contrast, the lower-
body fat axis was associated with a lower risk of cardio-
vascular diseases. For example, participants in the top
10% of the general obesity axis, as determined by their
PC scores, had ~25% (95% CI 22%-29%) higher odds of
developing type 2 diabetes compared with those in the

mentary Fig.

.

bottom 10% based on prevalent disease cases. Conversely,
individuals in the top 10% of the lower-body fat axis had
55% lower odds (95% CI 50%-60%) of developing type 2
diabetes compared with those in the bottom 10% (Supple-

To validate these findings in studies independent of the
UK Biobank data set, we performed genetic correlation
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Figure 6—MR. The heat map illustrates causal associations between obesity axes and selected disease outcomes. Colors and their inten-
sities represent the direction and strength of associations determined by the IVW method. Asterisks indicate statistical significance after
Benjamini-Hochberg correction (adjusted P < 0.05). MASLD, metabolic dysfunction-associated steatotic liver disease.

analyses between the obesity axes and disease risks. The
general obesity axis was genetically correlated with a higher
risk of type 2 diabetes, steatotic liver disease, hypertension,
coronary heart disease, stroke, myocardial infarction, aortic
aneurysm, heart failure, peripheral artery disease, gout, oste-
oarthritis, asthma, psoriasis, depression, and cholelithiasis.
The musde-dominant axis was linked to a higher risk of
type 2 diabetes, chronic kidney disease, atrial fibrillation, and
osteoarthritis but a lower risk of depression. The peripheral
fat axis did not present significant genetic correlations with

major diseases. The lower-body fat axis was associated with
a lower risk of type 2 diabetes, steatotic liver disease, and
myocardial infarction (Fig. 5D).

MR analyses, using genetic instruments with robust
F statistics (F = 36 for general obesity axis; F = 31 for
muscle-dominant axis; F = 42 for peripheral fat axis; F = 40
for lower-body fat axis), provided support for causal associa-
tions between obesity axes and various disease outcomes
(Fig. 6 and Supplementary Table 11). The general obesity
axis was instrumented with only two variants, and
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therefore, sensitivity tests such as MR-Egger could not be
reliably performed; our conclusions for this axis are based
solely on IVW estimates, which linked it to increased risks
of osteoarthritis, asthma, cholelithiasis, and gastroesopha-
geal reflux disease. For the muscle-dominant axis, al-
though IVW indicated an increased risk of chronic kidney
disease and osteoarthritis, the association with hip osteo-
arthritis was not replicated in the MR-Egger analysis. For
the peripheral fat axis, sensitivity tests were generally con-
sistent, except that MR-Egger did not confirm the associa-
tion with chronic kidney disease, steatotic liver disease, or
polycystic ovary syndrome. Finally, for the lower-body fat
axis, a majority of MR sensitivity tests corroborated IVW
findings, linking this axis to lower risks of type 2 diabetes,
polycystic ovary syndrome, steatotic liver disease, hyperten-
sion, myocardial infarction, aortic aneurysm, and psoriasis
and a higher risk of osteoarthritis; however, MR-Egger esti-
mates failed to replicate associations for aortic aneurysm
and coronary heart disease.

DISCUSSION

This study presents a comprehensive exploration of obesity,
leveraging advanced imaging and genetic analyses to un-
ravel the complex pathways underlying obesity. Using MRI-
derived phenotypes from UK Biobank, we identified four
distinct axes of obesity: general obesity, muscle dominant,
peripheral fat, and lower-body fat. These findings highlight
the heterogeneity of obesity and underscore some limita-
tions of conventional metrics like BMI in capturing the nu-
ances of individual obesity-related risks and outcomes.

Implications of Axes for Disease Risk

The identification of these axes provides important insights
into disease mechanisms. The general obesity axis, charac-
terized by overall fat accumulation, was strongly associated
with increased risks of several metabolic and cardiovascular
conditions, including type 2 diabetes, hypertension, myocar-
dial infarction, and liver disease. These findings align with
prior research linking overall adiposity to metabolic dysre-
gulation and inflammation (23,24). Pathway enrichment
analyses suggest a role for corticosteroid receptor signaling,
although the extent of its direct contribution remains un-
certain. Although elevated cortisol levels, as seen in condi-
tions like Cushing’s syndrome (25), are clearly implicated in
metabolic disturbances, other factors likely play a more
prominent role in general obesity.

The muscle-dominant axis, defined by increased muscle
volume, presented a unique metabolic profile. Although
higher HOMA for insulin resistance levels were observed,
there was no association with other insulin sensitivity in-
dices, suggesting insulin resistance might be confined to
specific tissues such as the liver. The increased risks of
chronic kidney disease and atrial fibrillation, coupled with
a lower risk of depression, highlight the complexity of
this axis. Previous studies have shown that increased
muscle mass can have both beneficial and detrimental

Diabetes Volume 74, July 2025

metabolic effects, depending on factors such as musdle
composition and lipid infiltration (14,26). The elevated
risks of chronic kidney disease and atrial fibrillation might
indicate a link between greater muscle mass and increased
cardiac workload, as well as renal strain resulting from in-
creased protein metabolism and creatinine turnover. The
lower risk of depression associated with this axis sup-
ports previous findings that greater muscle mass may be
protective against mood disorders, potentially through
improved physical function and self-perception (27).
Genetic loci associated with the muscle-dominant axis,
including CACNA1S, DLGI1, and PIK3R1, further point to
the importance of muscle function, ion transport, and in-
sulin signaling in this phenotype.

The peripheral fat axis, associated with higher subcuta-
neous fat in the abdomen and thighs, demonstrated a rela-
tively benign metabolic profile, with no significant genetic
correlation with major disease outcomes. This finding aligns
with previous studies indicating that subcutaneous fat, par-
ticularly in peripheral regions, is less metabolically detri-
mental than visceral fat (28-31). This contrasts with the
general obesity axis, highlighting that not all forms of fat
accumulation carry the same health risks.

The lower-body fat axis, marked by increased lower-body
subcutaneous fat and reduced ectopic fat, exhibited a favor-
able metabolic profile. Participants with higher scores along
this axis showed lower risks of type 2 diabetes, myocardial
infarction, and fatty liver disease. These findings support
the protective metabolic effects of gluteofemoral fat as a
so-called safe storage depot, consistent with previous ge-
netic studies (24,30,32,33). Pathway enrichment analyses
highlighted the importance of adiponectin secretion and
lipid biosynthesis, suggesting enhanced adipocyte function
and fat storage capacity may drive this protective effect.

Ancestry-Related Differences and Precision Medicine
Significant ancestry-related variations in the distribution of
these axes were observed. For example, East Asian partici-
pants had lower scores for the general and lower-body fat
axes, whereas African participants exhibited higher scores
for the muscle-dominant and lower-body fat axes but lower
scores for the peripheral fat axis. These differences under-
score the need for ancestry-informed approaches in manag-
ing obesity and its associated disease risks. The metabolic
risks tied to each axis may vary across populations, empha-
sizing the importance of moving beyond a one-size-fits-all
strategy in obesity management (9,34).

Genetic Insights

The GWAS identified distinct genetic loci and pathways
associated with each axis, providing novel insights into
the biological mechanisms underlying fat distribution
patterns. For the muscle-dominant axis, several genes of par-
ticular interest were identified. CACNA1S has been linked to
mild human myopathy, with supporting evidence from
zebrafish models (35). Disruptions in DLGI, which impair
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myosin distribution, can affect muscle efficiency and meta-
bolic regulation (36). PIK3R1 is critical in muscle metabolism,
as demonstrated by knockout mice that resist glucocorticoid-
induced insulin resistance and muscle atrophy, maintaining
healthier muscle structure (37). KLF5, a zinc-finger tran-
scription factor, is essential for cell proliferation and mus-
cle regeneration (38). GGT7 plays a key role in glutathione
metabolism, protecting against oxidative stress and sup-
porting muscle health (39). MAPILC3A is involved in the
autophagy pathway essential for muscle repair (40). THOC5
influences muscle differentiation and hematopoiesis (41).
Genes highlighted for lower-body fat axis have been pre-
viously shown to be involved in adipose tissue function.
Knocking down COBLLI disrupts fat storage by impairing
stress fiber breakdown in subcutaneous fat cells, affecting
insulin responsiveness and lipid metabolism (42). Variants
in RSPO3 suppress adipogenesis, promote apoptosis of glu-
teal adipocytes, limit adipose tissue expansion, and stimu-
late upper-body fat distribution (43). DNAH100S regulates
nearby genes like DNAHI0 and CCDC92, both involved in
lipid accumulation in adipocyte models (30). SHMT?2 defi-
ciency in mice increases fatty liver, highlighting its role in
fat metabolism (44). PDGFC regulates adipose tissue in re-
sponse to dietary changes (45). PEPD is vital for collagen
turnover in adipose tissue, with lower expression linked to
increased fibrosis and insulin resistance (46). RASIP1 plays
a crucial role in vascular development and endothelial cell
function, which are integral to the health and function of
adipose tissue (47). SAMMO50 is involved in beige adipocyte
thermogenesis and energy balance (48). Shared genetic ar-
chitecture between the peripheral fat and lower-body fat
axes, including genes like RSPO3, COBLL1, and DNAH100S,
points to overlapping mechanisms. Additionally, genes in-
volved in adipogenesis, lipid metabolism, and insulin signal-
ing emerged as key drivers of these axes. Tissue-specific
eQTLs in skeletal muscle and adipose tissue further under-
score the role of regulatory mechanisms in shaping these

phenotypes.

Clinical Implications and Future Directions

Our study provides novel insights into the heterogeneity
of obesity by leveraging MRI-derived phenotypes to define
distinct obesity axes. Unlike traditional measures such as
BMI (2), our approach offers a more granular assessment
of body composition and its genetic determinants, reveal-
ing that individuals with similar BMIs can present vastly
different patterns of fat distribution and metabolic risk.
We show that these axes have distinct genetic backgrounds,
with no evidence of sex-specific associations, suggesting
that genetic influences on fat distribution and muscle vol-
ume are largely shared between men and women. Although
many of the genetic markers we identified have been pre-
viously implicated in adiposity, our findings, such as the
associations linking RSPO3 and COBLLI to the lower-body
fat axis and unique loci for the muscle-dominant axis,
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underscore the complexity of obesity and suggest that the
underlying biological mechanisms differ across these axes.
Although these findings are not yet directly applicable
in clinical practice, they lay the groundwork potentially for
future precision medicine approaches. As imaging technol-
ogies become more accessible, MRI-derived obesity classifi-
cations may eventually allow for targeted interventions
that address specific patterns of fat distribution and mus-
cle composition. Furthermore, our study highlights the po-
tential value of risk stratification beyond BMI, because
even individuals classified as living with obesity by conven-
tional standards may have different disease trajectories.
Also, understanding the genetic architecture of these obe-
sity axes may guide therapeutic research, particularly in de-
veloping treatments that modulate fat storage patterns
or muscle composition to mitigate metabolic risk. Future
work should focus on replicating these findings in more di-
verse populations and on investigating whether these obe-
sity axes predict incident disease risk over time, ultimately
guiding the development of tailored therapeutic strategies.
How newer weight loss therapies influence body composi-
tional changes and future outcome risks in these different

obesity phenotypes will also be of interest.

Strengths and Limitations

This study’s strengths include its large sample size and
the use of advanced MRI to define obesity axes. However,
limitations include the restriction of analyses to individu-
als of White British ancestry, which may affect the gener-
alizability of the findings to other populations. Future
studies should replicate these findings in more diverse co-
horts. Additionally, although MR provided causal insights,
potential residual confounding or pleiotropic effects can-
not be completely ruled out.

Conclusion

This study highlights the complexity and heterogeneity of
obesity by identifying distinct axes with unique genetic,
metabolic, and disease risk profiles. The potential to ex-
tend beyond BMI and integrate advanced imaging with
multiomic data provides a nuanced understanding of obe-
sity. These findings pave the way for more personalized
approaches to obesity treatment and prevention, tailored
to an individual’s genetic, metabolic, and fat distribution
profile.
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