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Multi-organ network of cardiometabolic
disease-depression multimorbidity revealed
by phenotypic and genetic analyses of
MR images

Jingxuan Wang1,2,11, Mianxin Liu 2,11, Feng Liu 3,11, Guangrui Yang1,11,
Zhongshang Yuan 4, Hao Huang1, Zixuan Zhang1, Lilong Wang2, Ye Wu5,
Wenliang Fan6,7, Shuxiao Shi1, Meng Chen1, Xuanwei Jiang1, Qiaoling Yan8,
Jun Lan8, Xiaoming Liu 6,7,9 , Shuang Rong10 , Nannan Feng1 &
Victor W. Zhong 1

The development and progression of cardiometabolic diseases and depres-
sion multimorbidity involves pathophysiological processes across multiple
organs. Using multi-organ imaging data from 31,246 UK Biobank participants,
we investigate the multi-organ manifestations and their phenotypic connec-
tions and shared genetic architecture underlying the multimorbidity. Pheno-
typic analyses identify seven abdominal, 16 cardiac, and 107 brain traits
forming 1418 abdomen-heart-brain cliques, with liver volume, myocardial wall
thickness, and white matter hyperintensity volume as central nodes. Genetic
analyses reveal 43 distinct genomic loci (21 novel) sharedby these cliques, with
the most widely shared loci mapped to genes NUDC, ARID1A, and CRHR1. The
224 protein-coding genes mapped by these loci are enriched in 39 biological
processes related to cardiometabolic and neuropsychiatric functions, with 15
genes expressed across liver-heart-brain axis tissues. Combining biochemical
and multi-organ imaging indicators significantly improves multimorbidity
prediction. These findings uncover multi-organ network underlying physical-
mental multimorbidity and highlight the necessity of holistic management.

The prevalence of chronic disease multimorbidity has been steadily
increasing with population aging, imposing substantial health and
economic burdens worldwide1–3. Cardiometabolic diseases (CMDs)
and depression represent one of the most common multimorbidity
patterns, with the depression prevalence up to nearly 21% in people
with cardiovascular disease (CVD)4 and 28% in those with type 2
diabetes (T2D)5, which are substantially higher than the 4% pre-
valence observed in the general population6. This relationship is
bidirectional, as individuals with depression face 2–3 fold increased
risk of developing CMDs compared to the general population7,8. Due

to shared risk factors and overlapping pathophysiological mechan-
isms, including autonomic nervous system imbalance, hypothalamic-
pituitary-adrenal (HPA) axis dysregulation, and chronic inflamma-
tion, CMDs-depression multimorbidity leads to increased mortality,
higher healthcare costs, and diminished quality of life compared to
single chronic conditions8–11.

Both CMDs and depression involve pathophysiological processes
spanning multiple organ systems, including the liver, pancreas, heart,
and brain12–15. The multimorbidity of these conditions exhibits sig-
nificantly heterogeneous correlations with changes across organ
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systems compared to either condition alone7. Thismulti-systemnature
underscores the need to switch from an isolated single-organ per-
spective to an integrated approach that captures cross-organ interac-
tions. Given that magnetic resonance imaging (MRI)-derived
phenotypes have been widely validated in assessing structures and
functions of multiple organs16–18, leveraging multi-organ MRI traits to
comprehensively understand the organ-specific manifestations of
CMDs-depression multimorbidity can provide valuable insights into
the biological underpinnings of this complex condition.

Growing evidence has revealed the interconnectedness of multi-
organ systems in human health, exemplified by connections between
heart-brain19, eye-brain20, and heart-brain-liver21 axes that reflect
shared genetic architecture and biological pathways identified
through genome-wide association studies (GWAS). However, most
existing multi-organ crosstalk has focused on general connections
between organ traits in the overall population rather than examining
disease-specific relationships that could provide direct clinical utility
for pathophysiology understanding, disease prediction, and ther-
apeutic targeting. While extensive single-disease studies have char-
acterized imaging and genetic correlates of CVD22–24, T2D25,26, and
depression27,28 independently—revealing organ-specific alterations in
cardiac structure and function,metabolic tissues, andbrainnetworks—
this approach cannot capture the complex systemic alterations that
characterize multimorbid states, where pathological processes may
interact synergistically across organ systems. Elucidating the connec-
tions among organ traits associated with CMDs-depression

multimorbidity and their shared genetic underpinnings holds promise
for advancing holistic approaches tomultimorbidity riskmanagement
and identifying potential therapeutic targets for intervention.

This study comprehensively investigated the multi-organ mani-
festations of CMDs-depression multimorbidity through integrated
phenotypic, genetic, and predictive analyses across the abdomen-
heart-brain axis. The specific hypotheses are formulated as follows: (1)
Multi-organMRI traits across abdominal, cardiac, andbrain regions are
significantly associated with CMDs-depression multimorbidity,
reflecting the systemic nature beyond single-organ alterations; (2)
Multimorbidity-associated imaging traits exhibit extensive cross-
organ phenotypic connections, forming integrated abdomen-heart-
brain networks that indicate interconnected pathophysiology under-
lying physical-mental comorbidity; (3) Cross-organ MRI traits share
common genetic architecture, with pleiotropic variants influencing
multiple organ systems; and (4) Prediction models incorporating
multi-organMRI traits significantly improvemultimorbidity prediction
beyond traditional risk factors (Fig. 1).

Results
Study sample characteristics
This study included three separate datasets for analyzing associations
between MRI traits and CMDs-depression multimorbidity: an abdom-
inal set (N = 25,344), a heart set (N = 27,705), and a brain set
(N = 31,246), each containing the respective MRI scans (Fig. S1). The
three-region set of 14,122 participants who had undergone all three

Fig. 1 | Overview of study design and analyses (Created in BioRender. Wang, J.
(2025) https://BioRender.com/q51m660). A Overview of the study design.
B Description of specific abdominal, cardiac, and brain MRI traits. C Key
analyses involved in each step. Abbreviations: CMDs cardiometabolic dis-
eases, CPASSOC cross-phenotypic association analysis, DTI diffusion tensor

imaging, GPA genetic analysis incorporating pleiotropy and annotation,
LAVA local analysis of variant association, LDSC linkage disequilibrium score
regression, NODDI neurite orientation dispersion and density imaging,
TWAS transcriptome-wide association studies.
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types of MRI scans was used for estimating cross-organ pairwise cor-
relations (Fig. S1). The demographic characteristics were similar across
all four study samples. Specifically, in the three-region set, participants
had a mean (SD) age of 62.9 (7.2) years, with 6363 (45.1%) being male,
13,063 (92.5%) being White, and 61 (0.4%) having prevalent CMDs-
depression multimorbidity (Table 1).

Further demographic stratification by disease status revealed that
the CMDs-only, depression-only, multimorbidity, and control groups
each showed comparable baseline characteristics (age, sex distribu-
tion, ethnicity, and socioeconomic status [SES]) across the abdominal,
cardiac, brain, and three-region datasets (Supplementary Data 1).

CMDs-depression multimorbidity was significantly enriched in all
four datasets, with ERs ranging from 2.3 to 2.6 (all ERs > 2.0, all
p <0.001), showing non-random synergistic CMDs-depression co-
occurrence (Supplementary Table 1).

Associations between imaging traits and multimorbidity
Seven abdominal, 16 cardiac, and 107 brain traits showed significant
associations with CMDs-depression multimorbidity (Fig. 2, Supple-
mentary Data 2). Among abdominal MRI traits, subcutaneous fat
volume, visceral fat volume, liver proton density fat fraction (PDFF),
pancreas PDFF, and liver volume were positively, while liver iron and
pancreas volume were negatively associated with multimorbidity
(Fig. 2A). The cardiac assessment revealed that left ventricle (LV)
myocardial wall thickness, circumferential strain, and longitudinal
strain were positively associated with multimorbidity, while stroke
volume (including left atrium [LA], LV, and right ventricle [RV]) and LV
radial strain showed negative associations (Fig. 2B). Among brain gray
matter traits, ventricular volumes (including the third and inferior
lateral ventricles) were positively associated with multimorbidity,

while global gray matter volume, most regional cortical and sub-
cortical volumes (including the caudal anterior cingulate, superior
temporal, and superior frontal regions) showed negative associations
(Fig. 2C, D). Among brain white matter traits, larger white matter
hyperintensity volume was positively, while better white matter
microstructural integrity, characterized by higher fractional aniso-
tropy (FA), isotropic volume fraction (ISOVF), andmode of anisotropy
(MO) values, and lower mean diffusivity (MD), intracellular volume
fraction (ICVF), and orientation dispersion (OD) values, were nega-
tively associated with multimorbidity. Specifically, these associations
were observed in major white matter pathways (corpus callosum,
corona radiata, and cerebral peduncle) and limbic tracts (cingulum
cingulate gyrus, uncinate fasciculus, cingulum hippocampus, and
fornix cres + stria terminalis) (Fig. 2E–J).

Sensitivity analyses showed that significant associations remained
between all 7 abdominal and 16 cardiac traits and CMDs-depression
multimorbidity after additional adjustment for imaging parameters,
while 92 brain traits remained significantly associated with multi-
morbidity (Supplementary Data 3). In addition, the associations
remained significant for most organ traits in subgroup analyses. For
CVD-depressionmultimorbidity, 5 abdominal, 10 cardiac, and 86 brain
traits overlapped with CMDs-depression findings, while for T2D-
depressionmultimorbidity, 7 abdominal, 14 cardiac, and 58brain traits
overlapped with the CMDs-depression associations (Supplementary
Data 4–5).

Cross-organ phenotypic pairwise correlations between
imaging traits
Multimorbidity-associated imaging traits showed widespread inter-
organ correlations across the abdomen, heart, and brain regions.

Table 1 | Sample characteristics

Characteristics Abdominal set (n = 25,344) Heart set (n = 27,705) Brain set (n = 31,246) Three-region set (n = 14,122)

Age, mean (SD), years 63.6 (7.5) 63.2 (7.5) 63.3 (7.5) 62.9 (7.2)

Male, n (%) 11745 (46.3) 12918 (46.6) 13968 (44.7) 6363 (45.1)

White race, n (%) 23463 (92.6) 25634 (92.5) 28839 (92.3) 13063 (92.5)

Townsend index, mean (SD) −2.0 (2.7) −2.0 (2.7) −1.9 (2.7) −2.0 (2.7)

Education level, n (%)

Higher degree 13338 (52.6) 14468 (52.2) 16356 (52.3) 7541 (53.4)

Any school degree 9250 (36.5) 10164 (36.7) 11466 (36.7) 5148 (36.5)

Vocational qualifications 1288 (5.1) 1436 (5.2) 1573 (5.0) 695 (4.9)

Other 1468 (5.8) 1637 (5.9) 1851 (5.9) 738 (5.2)

BMI, mean (SD), kg/m2 26.2 (4.1) 26.1 (4.1) 26.3 (4.3) 26.0 (3.9)

Smoking status, n (%)

Never 16247 (64.1) 17611 (63.6) 20012 (64.0) 9188 (65.1)

Ever 8269 (32.6) 9141 (33.0) 10217 (32.7) 4494 (31.8)

Current 828 (3.3) 953 (3.4) 1017 (3.3) 440 (3.1)

Alcohol status, n (%)

Never 798 (3.1) 858 (3.1) 956 (3.1) 411 (2.9)

Ever 797 (3.1) 847 (3.1) 950 (3.0) 434 (3.1)

Current 23749 (93.7) 26000 (93.8) 29340 (93.9) 13277 (94.0)

METs per week, mean (SD), minutes 1750.9 (1969.6) 1731.2 (1946.6) 1756.8 (1991.8) 1785.2 (1979.0)

History, n (%)

Cardiovascular disease 199 (0.8) 198 (0.7) 224 (0.7) 85 (0.6)

Type 2 diabetes 69 (0.3) 63 (0.2) 76 (0.2) 26 (0.2)

Hypertension 2586 (10.2) 2712 (9.8) 3036 (9.7) 1193 (8.4)

Hyperlipidemia 944 (3.7) 1013 (3.7) 1135 (3.6) 457 (3.2)

Depression 176 (0.7) 176 (0.6) 207 (0.7) 81 (0.6)

Prevalence of CMDs-depression multimorbidity,
n (%)

127 (0.52) 127 (0.46) 159 (0.51) 61 (0.43)

BMI body mass index, CMDs cardiometabolic diseases, METsmetabolic equivalent tasks, SD standard deviation.
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Among 2573 significant cross-organ imaging traits pairs, we identified
1418 interrelated abdomen-heart-brain cliques, comprising six
abdominal traits, 16 cardiac traits, and 86 brain traits (Supplementary
Data 6–9).Within this complex network, themost connected nodes for
each region were liver volume, LV mean myocardial wall thickness of
American Heart Association (AHA) segment 6, and total volume of
white matter hyperintensities, respectively (Fig. 3A, B). The network
exhibited high sparsity (0.84), low modularity (0.15), and moderate
centrality measures (0.54 for closeness and 17.07 for degree) (Sup-
plementary Table 2).

Cross-organ connections within abdomen-heart-brain cliques
revealed two distinct functional subnetworks with specific directional
correlation patterns (Fig. 3A, C, D and Supplementary Data 9). The
Metabolic Load-Cardiac Remodeling-Brain Structural Abnormality
Module comprised three components: metabolic load indicated by

increased liver volume and visceral fat volume, cardiac remodeling
represented by increased myocardial wall thickness, and brain struc-
tural abnormalities involving reduced gray matter volumes with
compromised white matter integrity across major tracts (corpus cal-
losum, corona radiata, internal capsule, and limbic pathways). Within
this module, greater metabolic load correlated with more severe car-
diac remodeling andmore pronounced brain structural abnormalities,
while more severe cardiac remodeling correlated with more pro-
nounced brain structural abnormalities. The Ectopic Lipid-Cardiac
Dysfunction-White Matter Pathology Module encompassed ectopic
lipid accumulation in the liver and pancreas, cardiac dysfunction
reflected by reduced stroke volume, and white matter pathology
manifested as increased hyperintensity volume and compromised
corpus callosum integrity. This module showed positive correlations
between ectopic lipid accumulation and both cardiac dysfunction and
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Fig. 2 | Significant phenotypic traits associated with cardiometabolic diseases
and depressionmultimorbidity: abdominal. A cardiac B, regional cortical C and
subcortical gray matter volumes D, and white matter microstructural properties
including fractional anisotropy (E), mean diffusivity (F), mode of anisotropy (G),
isotropic volume fraction (H), intracellular volume fraction (I), and orientation
dispersion (J). Visualization methods differ by organ system due to anatomical
mappability constraints. Abdominal and cardiac anatomical diagrams provide
organ anatomy without trait-specific mapping, with trait associations represented
throughwordmap font sizes scaled to statistical significance (-log10 p values). Brain
images display statistical significance through both anatomical color mapping
(-log10 p values) and wordmap font sizes. Regional cortical volumes (Desikan-Kill-
iany atlas) and subcortical gray matter volumes (aseg atlas) are mapped onto brain
surfaces, while whitemattermicrostructural properties (JHU ICBM-DTI-81 atlas) are

rendered in Montreal Neurological Institute-152 space. The associations were esti-
mated based on logistic regressions adjusted for age, sex, ethnicity, Townsend
deprivation index, education level, body mass index, smoking status, drinking
status, physical activity, and imaging site. Whole body surface and de-meaned
scanner table coordinateswere additionally adjusted in the brain analysis and heart
analysis, respectively. Two-sided t-tests were used for all associations, and false
discovery rate adjustment was applied for multiple comparisons. Complete results
of all association analyses are presented in Supplementary Data 2. FA fractional
anisotropy, ICVF intracellular volume fraction, ISOVF isotropic volume fraction, L
left hemisphere, LA left atrium, LV left ventricle, MDmean diffusivity, MOmode of
anisotropy, OD orientation dispersion, PDFF proton density fat fraction, R right
hemisphere, RA right atrium, RV right ventricle.
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white matter pathology, as well as positive correlations between car-
diac dysfunction and white matter pathology.

In sensitivity analyses, 1234 abdomen-heart-brain cliques were
retained following additional adjustment for imaging parameters, with
central nodes remaining unchanged within each anatomical region
(Supplementary Data 10). Network stability was further validated

through the application of increasingly stringent false discovery rate
(FDR) thresholds for clique definition, as evidenced by the consistent
identification of liver volume as the central node, preservation of two
core functional subnetworks, and maintenance of stable topological
parameters across threshold levels, including high sparsity
(0.82–0.84), low modularity (0.14–0.17), and moderate centrality
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measures (0.53–0.54 for closeness and 12.45–17.07 for degree) (Fig. S2,
Supplementary Table 2, Supplementary Data 11–13).

Subgroup analyses revealed 609 and 707 overlapping abdomen-
heart-brain cliques in CVD-depression and T2D-depression multi-
morbidity, respectively. The most connected nodes for each region
remained consistent across different disease outcomes, with the
exception that the ascending aorta minimum area emerged as the
most central cardiac node in T2D-depression multimorbidity. The two
central functional modules with specific directional correlation pat-
terns observed in the main analysis were also evident in these sub-
groups (Supplementary Data 14, 15).

Genetic correlations and genetic overlap of abdomen-heart-
brain cliques
Extensive genetic correlations and genetic overlap were observed
across 776 trait pairs from abdomen-heart-brain cliques, of which 14
were identified from cross-trait linkage disequilibrium score regres-
sion (LDSC), 147 from local analysis of variant association (LAVA), and
776 from genetic analysis incorporating pleiotropy and annotation
(GPA) (Supplementary Data 16). These trait pairs included 51 from the
abdomen-heart axis, 161 from the abdomen-brain axis, and 564 from
the heart-brain axis, involving six abdominal traits (liver traits, pan-
creas traits, and fat distribution), 16 cardiac traits (myocardial wall
thickness, myocardial longitudinal and radial strain, and chamber
volumes), and 83 brain traits (global and regional graymatter volumes,
whitematter hyperintensity volume, and whitemattermicrostructural
properties). The magnitude and direction of genetic relationships
varied considerably across organ systems. Abdomen-heart pairs
showed the strongest genetic correlations (ranging from −0.38 to
0.23) and the highest proportions of shared genetic variants
(0.29% to5.27%). Heart-brain pairs exhibited moderate genetic corre-
lations (−0.20 to0.20) with moderate shared genetic architecture
(0.40% to3.46%), while abdomen-brain pairs showedmoremodest but
consistently negative genetic correlations (−0.11 to −0.06) with lower
proportions of shared genetic variants (0.26% to2.41%).

Shared genetic loci across abdomen-heart-brain cliques
A total of 78 unique genomic loci were identified as being shared by
216 abdomen-heart-brain cliques, encompassing six abdominal traits
(liver traits, pancreas traits, and fat distribution), 14 cardiac traits
(myocardial wall thickness, myocardial longitudinal strain, and
chamber volumes), and 62 brain traits (global and regional gray
matter volumes, white matter hyperintensity volume, and white
matter microstructural properties) (Supplementary Data 17). The
lead single-nucleotide polymorphisms (SNPs) across the genomic
loci exhibited heterogeneous directional effects, with 33.2% dis-
playing concordant associations and 66.8% showing discordant
associations across all three traits within their respective cliques
(Fig. S3). Sensitivity analyses revealed strong genetic concordance,
with 58 genomic loci (shared by 198 cliques) overlapping with pri-
mary results after additional adjustment for imaging parameters
(Supplementary Data 18). Subgroup analyses showed substantial
consistency, with 49 loci (shared by 138 cliques) in CVD-depression

multimorbidity and 56 loci (shared by 148 cliques) in T2D-depression
multimorbidity overlapping with those identified in themain analysis
(Supplementary Data 19–20).

Most candidate SNPs from the independent shared genomic loci
were located in intronic (46.9%) and intergenic (41.1%) regions, with
five SNPs in exonic regions, including two non-synonymous muta-
tions (Fig. 4A, B). Of all candidate SNPs, 5.0% had combined
annotation-dependent depletion (CADD) scores larger than 12.37,
indicating pathogenicity, 7.4% had RegulomeDB scores less than 3,
showing high regulatory potential, and 44.8% had chromatin state
less than 8, suggesting presence in transcriptionally active regions
(Supplementary Data 21).

Integration of overlapping genomic positions yielded 43 distinct
loci, including 21 novel loci not previously associated with abdominal,
cardiac, or brain traits used in this study (Fig. 4C, Supplementary
Data 22). Among these, 28 loci exhibited pleiotropic effects across
multiple abdomen-heart-brain cliques. The three most widely shared
loci included chr1:27262545-27262545 (lead SNP: rs182050989, map-
ped gene: NUDC) appearing in 33 cliques, chr1:27021913-27021913
(lead SNP: rs114165349,mapped gene: ARID1A) in 27 cliques, and chr17:
43546853-43805194 (lead SNP: rs1635298, mapped gene: CRHR1) in 25
cliques. These cliques were combinations of traits, including pancreas
and liver volume, myocardial wall thickness, white matter hyper-
intensity volume, and white matter microstructural properties in
regions such as the corpus callosum, corona radiata, and posterior
thalamic radiation.

Furthermore, genemapping of all candidate SNPs within genomic
loci identified 224 protein-coding genes, which were enriched in 39
Gene Ontology (GO) biological processes (Fig. 4D, Supplementary
Data 23–24). These processes primarily involved lipidmetabolism and
transport, mitochondrial functions, and membrane organization—
biological pathways with relevance to both cardiometabolic and neu-
ropsychiatric functions.

Shared genes across tissues
Transcriptome-wide association studies (TWAS) validated that 15
unique genes expressed in 24 tissues were shared by 16 abdomen-
heart-brain cliques, spanning adipose tissue, whole blood, blood ves-
sel, brain, heart, liver, and pancreas (Fig. 5, Supplementary Data 25).
These cliques comprised liver volume, myocardial wall thickness, and
global gray matter and white matter microstructural properties in
different tracts, including corpus callosum, posterior thalamic radia-
tion, and corona radiata. For instance, ARID1A, WNT3, and HSPA4
expressed in adipose tissue, heart, and brain, functioned as shared
genes underlying the significant liver-heart-brain connections. CENPW,
PIGV, and GPN2 expressed in the brain, heart, and blood vessels con-
nected traits across the liver-heart-brain axis. SYTL1, TNFSF12, and
NUDC, expressed in heart, brain, blood, and liver tissues, served as
shared genetic links between liver, heart, and brain. RSPO3, MPDU1,
and NMBR expressed in the brain and adipose tissue demonstrated
connections of the same three organs.

All 15 genes expressed in 24 organ-related tissues retained sig-
nificance in sensitivity analyses after additional adjustment for imaging

Fig. 3 | Phenotypic abdomen-heart-brain connections. A Network of inter-
connected abdominal, cardiac, and brain traits underlying cardiometabolic dis-
eases and depressionmultimorbidity. Node colors represent organ regions (green:
abdomen, purple: heart, blue: brain) and node sizes indicate connectivity degrees.
Two key functional subnetworks are highlighted: the Metabolic Load-Cardiac
Remodeling-Brain Structural AbnormalityModule (Module 1) and the Ectopic Lipid-
Cardiac Dysfunction-WhiteMatter PathologyModule (Module 2). Complete results
of all network associations are presented in Supplementary Data 9. B Number of
cardiac and brain traits significantly associatedwith abdominal traits.CHeatmapof
standardized beta coefficients from linear regressions between abdominal and
cardiac traits.D Heatmap of standardized beta coefficients from linear regressions

of abdominal and cardiac traits with brain traits. Cross-organ associations were
assessed using linear regressions adjusted for age, sex, ethnicity, Townsend
deprivation index, education level, body mass index, smoking status, drinking
status, physical activity, imaging site, and history of cardiovascular disease, type 2
diabetes, hypertension, hyperlipidemia, and depression. De-meaned scanner table
coordinates andwholebody surfacewere additionally adjusted in thebrain analysis
and heart analysis, respectively. Two-sided t-tests were used for all associations,
and false discovery rate adjustment were applied for multiple comparisons. The
abdominal, cardiac, and brain traits are labeled with abbreviations, and their full
names are provided in Supplementary Data 31. Abbreviations: CC corpus callosum,
Ctx cortex, IC internal capsule, ST Vol volume of supratentorial, SV stroke volume.
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parameters (Supplementary Data 26). Of the 15 genes identified, 14
were alsoobserved in theCVD-depression subgroup (excludingREEP3)
and in the T2D-depression subgroup (excluding MPDU1) across the
same 24 organ-related tissues (Supplementary Data 27, 28).

Prediction modeling
Following theprocedures illustrated in Fig. S4, sevennestedprediction
models were constructed using Cox models for multimorbidity
development and progression. The addition of multi-organ imaging
traits sharing genetic architecture across the abdomen-heart-brain axis
improved prediction accuracy for CMDs-depression multimorbidity
incidence among individuals without both conditions compared to
base models. Consistent improvements were observed for Royston’s
D, integrated discrimination improvement (IDI), and net reclassifica-
tion improvement (NRI). These performance improvements were
comparable to those achievedby incorporating traditional SES factors,
lifestyle factors, or biochemical factors, showing no significant
C-statistic differences (Fig. 6A, B, Supplementary Data 29, 30).

The combination of genetically-informed imaging traits and bio-
chemical factors significantly enhancedmultimorbidity risk prediction
performance. The Biochemical-MRI prediction model outperformed
the Biochemical model (ΔC-statistic: 0.05 [95% confidence intervals
(CIs), 0.01–0.10]), with the C-statistic increasing from 0.70 (95% CI,
0.61–0.78) to 0.74 (95% CI, 0.67–0.81). Similar improvements were
observed for predicting depression incidence in individuals with pre-
existing CMDs (ΔC-statistic: 0.06 [95% CI, 0.02–0.13]), where the
integration of biochemical factors andMRI traits achieved a C-statistic
of 0.77 (95% CI, 0.66–0.88), superior to 0.72 (95% CI, 0.60–0.83) for
the MRI model alone. Royston’s D statistic consistently reached peak
performance when combing MRI and biochemical indicators across
both development and progression outcomes (Fig. 6A, B, Supple-
mentary Data 29, 30).

Across all imaging traits in all MRI-enhanced prediction model,
liver volume, LV mean myocardial wall thickness, and global gray
matter volume consistently emerged as the strongest predictors for
bothmultimorbidity development and progression. Additionally, ICVF
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Fig. 4 | Shared genomic loci and biological pathways of abdomen-heart-brain
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plot shows the enrichedGO terms of biological processes for protein-coding genes
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values of the retrolenticular part of the internal capsule tract showed
high-ranking coefficients specifically for predicting multimorbidity
risk in individuals with single pre-existing conditions (Fig. 6C).

Discussion
Our study provided novel insights into the phenotypic and genetic
architecture of the multi-organ network in CMDs-depression multi-
morbidity using MRI-derived traits. We identified significant associa-
tions of multiple organ-specific traits (seven abdominal, 16 cardiac,
and 107 brain traits) with multimorbidity and revealed extensive
phenotypic connections along the abdomen-heart-brain axis. The
shared genetic architecture of these cross-organ connections was

evidenced by genetic correlations and overlap, common genomic loci
and genes, andbiological pathways.Moreover, the integration of these
imaging traits and biochemical factors significantly improved the
prediction of multimorbidity development and progression.

This study characterized the multi-organ networks along the
abdomen-heart-brain axis underlying CMDs-depression multi-
morbidity, revealing the coordinated alterations of metabolic, cardi-
ovascular, and neural dysfunction. In the abdomen, increased liver
volume and ectopic fat accumulation in the liver and pancreas were
strongly correlated with multimorbidity. Liver volume—a parameter
reflecting hepatic fat accumulation but understudied in previous stu-
dies—emerged as a novel marker for multimorbidity with potential

Fig. 5 | Sunburst plot of significant genes expressed in organ-related tissues
and shared by abdomen-heart-brain cliques, validated by transcriptome-wide
association studies. From inner to outer layers, the plot represents significant
genes, the tissues they are expressed in, and the cliques that share these genes. The
width of each ring segment is proportional to the number of organ-related tissues

and the number of abdomen-heart-brain cliques. Statistical details of
transcriptome-wide association studies are presented in Supplementary Data 25.
The abdominal, cardiac, and brain traits are labeled with abbreviations, and their
full names are provided in Supplementary Data 31.
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diagnostic utility. Cardiovascular assessment identified increased
myocardial wall thickness and reduced stroke volume, and brain
imaging revealed structural alterations concentrated in limbic net-
works and major white matter pathways (corpus callosum, corona
radiata, and posterior thalamic radiation). The concurrent presence of
cardiac alterations known from cardiovascular disease research29,30

and brain changes characteristic of depression31,32 underscores the
simultaneous involvement of cardiovascular and neural substrates
underlyingmultimorbidity pathophysiology. Of particular significance
are the limbic system structural changes, which likely represent a cri-
tical neurobiological interface linking mood regulation and cardio-
vascular function, given its central role in emotional regulation and
autonomic control of the heart-brain axis33,34. Importantly, these
organ-specific alterations formed a densely interconnected network
comprising 1418 cliques,with the correlationpatterns crystallizing into
two functional modules: the Metabolic Load-Cardiac Remodeling-
Brain Structural Abnormality Module and the Ectopic Lipid-Cardiac

Dysfunction-WhiteMatter PathologyModule.Within eachmodule, the
systematic intercorrelation of metabolic dysfunction, cardiovascular
impairment, and brain structural abnormalities indicates that CMDs-
depression multimorbidity manifests as a synchronized system-wide
disorder with coordinated perturbations rather than isolated organ
dysfunction.

The coordinatedmetabolic-cardiac-neural alterations observed in
our multi-organ network likely reflect two hypothetical pathophysio-
logical processes underlying multimorbidity. On one hand, primary
diseases may trigger multi-organ changes through behavior-mediated
cascade effects and increase secondary disease risk. Depression as a
primary disease may induce ectopic fat accumulation through beha-
vioral changes (reduced physical activity, sleep disturbance, and poor
dietary quality) while simultaneously affecting cardiovascular function
through chronic stress pathways, ultimately increasing both diabetes
and cardiovascular disease risk7,35–38. Conversely, CMDs may affect
brain structural abnormalities through chronic disease-related
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Fig. 6 | Theperformanceofpredictionmodels for cardiometabolic diseases and
depression multimorbidity development and progression. A Model perfor-
mance evaluated by Harrell’s C statistic across three scenarios, including the mul-
timorbidity risk in individuals without both conditions, depression risk in
cardiometabolic diseases patients, and cardiometabolic diseases risk in depression
patients. Data are presented as estimated Harrell’s C statistic and 95% confidence
intervals in forest plots. B Performance gains of models incorporating MRI traits
quantified by ΔC statistic across the above three scenarios (n = 57,284 for multi-
morbidity risk, n = 6650 for depression risk in CMDs, n = 1344 for CMDs risk in
depression). Data are presented as estimated ΔC statistic and 95% confidence
intervals in forest plots. C Heatmap of standardized beta coefficients of imaging
traits across the above three scenarios inMRI scores. Three composite scores were
constructed using 10-fold cross-validated elastic net Cox regression: lifestyle score
(body mass index, smoking status, alcohol consumption, and physical activity),
biomedical score (HbA1c, total cholesterol, triglycerides, high-density lipoprotein

cholesterol, low-density lipoprotein cholesterol, systolic blood pressure, and
C-reactive protein), and MRI score (imaging traits from genetically-informed
abdomen-heart-brain cliques).Coxmodelswereused to construct sevenprediction
models includingbasemodel (age, sex, and ethnicity), socioeconomic statusmodel
(age, sex, ethnicity, Townsend deprivation index, and education), lifestyle model
(socioeconomic status model adding the lifestyle score), biochemical model
(socioeconomic status model adding the biochemical score), MRI model (socio-
economic status model adding the MRI score), Lifestyle-MRI model (socio-
economic status model adding the lifestyle score and the MRI score), and
Biochemical-MRI model (socioeconomic status model adding the biochemical
score and the MRI score). The abdominal, cardiac, and brain traits are labeled with
abbreviations, and their full names are provided in Supplementary Data 31.
Abbreviations: CI confidence interval, CMDs cardiometabolic diseases, SES socio-
economic status.
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psychological stress, promoting depression development7,35. On the
other hand, shared physiological regulatory mechanisms may simul-
taneously act on multiple organ systems and multimorbidity devel-
opment. Autonomic nervous system dysregulation33,34,39–41, chronic
inflammatory7,42, and HPA axis hyperactivity39,43 states during multi-
morbidity may concurrently contribute to the observed lipid meta-
bolism disorders, cardiac hypertrophy and dysfunction, and brain
structural abnormalities. The multi-organ network could provide a
biological window into the multimorbidity development and pro-
gression, underscoring the inadequacy of single-organ approaches to
this complex condition and highlighting the need for holistic approa-
ches in multimorbidity management.

Sequential genetic analyses uncovered the shared genetic archi-
tecture of multi-organ traits related to CMDs-depression multi-
morbidity, providing a biological foundation for their interconnected
nature. While LDSC analysis showed limited significant genetic corre-
lations, LAVA identified moderate regional associations, and GPA
revealed substantial genetic overlap among abdomen-heart-brain cli-
ques. This hierarchical pattern aligns with different methodological
assumptions: LDSC captures genome-wide consistent allelic effects,
LAVAdetects regionalpleiotropic signals, andGPA identifies individual
variant pleiotropy. These findings suggest that cross-organ genetic
relationshipsmay be primarily driven by scattered pleiotropic variants
with mixed effect directions, indicating that both spatially dispersed
and agonistic-antagonistic genetic mechanisms operate simulta-
neously in the pathophysiology of multi-organ involvement in multi-
morbidity. Cross-phenotypic association analysis (CPASSOC) further
detected 43 distinct shared loci across 216 abdomen-heart-brain cli-
ques, revealing specific genetic determinants that link traits along the
abdomen-heart-brain axis. Among these, the most widely shared loci
mapped to genes with established multi-organ functions, particularly
ARID1A and CRHR1. Specifically, ARID1A, a chromatin remodeling fac-
tor regulating transcriptional programs, exerts pleiotropic effects
along the liver-heart-brain axis through modulating hepatic lipid
metabolism44, cardiomyocyte proliferation affecting myocardial wall
thickness45, and neurodevelopment with particular impact on corpus
callosum integrity46,47. CRHR1 encodes the corticotropin-releasing
hormone receptor, central to HPA axis regulation, a key neuroendo-
crine pathway underlying CMDs-depression multimorbidity39. HPA
axis dysregulation may result in elevated cortisol levels, which can
simultaneously affect the pancreas-heart-brain axis via insulin resis-
tance induction48, cardiomyocyte hypertrophy promotion49,50, and
white matter integrity compromise through disrupting myelin plasti-
city and axonal function51,52. Notably, we identified 21 novel loci asso-
ciatedwithmultiple organ traits, including fivemapped to TMEM106B,
ROBO1, PTCH1, and DENND1A—genes previously implicated in both
depression53,54 and CMDs such as T2D26,55–57, coronary artery disease58,
and stroke59. These novel loci establish a genetic bridge between
CMDs-depression multimorbidity and specific organ alterations.

The 224 protein-coding genes mapped by 378 candidate SNPs
within genomic loci were enriched in 39 GO biological processes,
primarily involving lipid metabolism and transport processes related
to liver, pancreas, and fat distribution,mitochondrial and regenerative
processes crucial for myocardial contraction and remodeling, and
membrane organization processes essential for white matter integrity.
TWAS analysis further validated 15 unique genes identified by CPAS-
SOC in organ-related tissues from the abdomen-heart-brain cliques.
Two particularly noteworthy examples include WNT3 and RSPO3,
which serve as a ligand and a signal enhancer of the WNT/β-catenin
pathway —a signaling cascade implicated in both CMDs60 and
depression61. This pathway also coordinates lipid metabolic processes
in liver62, cardiomyocyte proliferation in heart63,64, andmyelination and
axon guidance in white matter tracts65,66. Another two key genes,
TNFSF12 and HSPA4, members of TNF and HSP70 family, affect organ

alterations through inflammatory responses67 and oxidative stress
pathways68 across the liver-heart-brain axis, respectively. These find-
ings provide valuable insights into sharedgenetic loci, gene expression
patterns, and biological pathways linking organ-specific alterations to
psychiatric and cardiometabolic conditions. Based on thesemolecular
discoveries, targeted therapeutic interventions, including HPA axis
modulators, lipid-targeting agents, mitochondrial enhancers, WNT
pathway regulators, and anti-inflammatory treatments, represent
potentially promising strategies for both multimorbidity and overall
organ health management that warrant further investigations.

Our analysis also showcased the robust prediction power of the
combination of biochemical factors and imaging traits with shared
genetic architecture among the abdomen-heart-brain axis for multi-
morbidity risk and depression incidence in individuals with pre-
existing CMDs. These findings underscore that traditional biochemical
markers with genetically-informed multi-organ imaging provide
enhanced risk stratification capabilities, supporting a precision medi-
cine approach for early intervention in physical-mental multi-
morbidity. Within these developed prediction models, the
identification of liver volume, cardiac wall thickness, and global gray
matter volume as the strongest individual predictors suggests that
prioritizing monitoring of these three markers among numerous
available imaging parametersmay enhancemultimorbidity prevention
and inform targeted interventions addressing metabolic dysregula-
tion, cardiac dysfunction, and brain structural abnormalities. The ret-
rolenticular internal capsule ICVF specifically emerged as a key
predictor formultimorbidity progression, indicating that whitematter
integrity in this neural pathway may serve as a targeted biomarker for
monitoring disease advancement in individuals with CMDs or
depression.

This study has several limitations. First, the predominantly Eur-
opean ancestry of our cohort may limit the generalizability of these
results to a more diverse population. Second, our analyses relied on
the ongoing UK Biobank brain imaging study, which currently
includes only a limited proportion of participants and captures a
limited number of multimorbidity cases, although this is the largest
MR imaging study ever. Additional data collection is expected to
reveal more multimorbidity-related traits and multi-organ connec-
tions. Third, the cross-sectional nature of our analysis makes it
challenging to establish causal relationships and temporal dynamics
for organ-multimorbidity and organ-organ connections, which could
be addressed by future longitudinal imaging studies. Fourth, the
well-documented “healthy volunteer” selection bias of the UK Bio-
bank study may limit its representativeness of the general European
population. Fifth, the use of genetic data from the same cohort for
both trait identification and genetic correlation analyses may intro-
duce confounding from shared ancestry, population stratification,
and regional socioeconomic factors. Sixth, employing the same
cohort for both model training and evaluation may lead to over-
optimistic performance estimates, limiting the generalizability of the
prediction results. Seventh, causal inference could not be established
in this observational study. Finally, misinformation associated with
self-reported data on socioeconomic characteristics and lifestyle
factors cannot be avoided.

In conclusion, this study delineated both organ-disease associa-
tions and phenotypic inter-organ connections in CMDs-depression
multimorbidity. Shared genetic architecture among these organ-
specific traits further provides evidence for their interconnected nat-
ure. The integration of multi-organ imaging traits and biochemical
factors significantly improved the prediction of multimorbidity
development and progression. These findings advance our under-
standing of physical-mental multimorbidity mechanisms within the
multi-organ network, suggesting the importance of holistic and multi-
system approaches for multimorbidity management.
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Methods
Study design and participants
This study is embedded in the UK Biobank, a large-scale prospective
cohort involving 502,536 participants aged 37–73 years from 22
assessment centers between 2006 and 201069. The data utilized in this
analysis consisted of sociodemographic and behavioral assessments,
medical conditions, genotype data, andmultimodal neuroimaging. All
participants provided electronically signed informed consent. Ethical
approval for the UK Biobank was obtained from the North West Multi-
center Research Ethics Committee. This researchwas conducted using
the UK Biobank Resource under application number 101169, utilizing
data provided by patients and collected by the National Health Service
as part of their care and support.

Outcomes
The outcome of this study was prevalent multimorbidity of CMDs and
depression, defined as the co-occurrence of at least one CMDs and
depression. The diagnosis of diseases and deaths was ascertained
through first occurrence data from hospital inpatient records and
national death registries. CMDs comprised CVD and T2D. CVD was
defined using the International Classification of Diseases, 10th revision
(ICD-10) for coronary artery disease (I20-I25), stroke (I60-I64), and
heart failure (I50), while T2D was identified with E11. Depression was
defined using F32-F33. Mortality data were sourced from the NHS
Information Centre (England andWales) and the NHS Central Register
(Scotland), with follow-up until October 30, 2023. To enhance the
contrast between individuals with and without multimorbidity, parti-
cipantswhowere diagnosedwithCMDsonly or depression onlybefore
their MRI assessment date were excluded from the analysis.

Abdominal MRI traits
All abdominal scans were performed using a 1.5T scanner (MAGEN-
TOM Aera, Syngo MR D13, Siemens Healthineers, Erlangen, Germany).
Four distinct groups of sequences, including the Dixon protocol with
six separate series (neck-to-knees), a T1-weighted 3D acquisition
sequence of the pancreas volume, a single-slicemulti-echo acquisition
sequence for liver fat and iron, and a single-slicemulti-echo acquisition
sequence for pancreas fat and iron, were utilized to derive abdominal
traits. All imaging-derived phenotypes (IDPs) were obtained directly
from the UK Biobank data portal as previously preprocessed and
segmented measures70 (Supplementary Methods S2). Specifically,
three liver traits (PDFF, volume, and iron), two pancreatic traits (PDFF
and volume), visceral fat volume, and subcutaneous fat volume were
used in the study (Supplementary Data 31).

Heart MRI traits
Cardiovascular magnetic resonance (CMR) images were acquired
through clinical wide bore 1.5-Tesla scanners (MAGENTOM Aera,
Syngo MR D13, Siemens Healthineers, Erlangen, Germany). Short-
axis, long-axis, and aortic cine images were acquired to characterize
cardiac and aortic structures and functions, with all cardiac IDPs
sourced from the UK Biobank data portal following standardized
processing and quality control procedures71 (Supplementary Meth-
ods S2). Following the procedures above, 82 CMR traits, consisting of
64 LV traits, four LA traits, four RV traits, four right atrium (RA) traits,
three ascending aorta traits, and three descending aorta traits were
included (Supplementary Data 31).

Brain MRI traits
Multimodal neuroimaging was collected using a standard 3 T scanner
(Magnetom Skyra, Siemens Healthineers, Erlangen, Germany), with a
standard Siemens 32-channel RF receive head coil17,72. T1-weighted
structural images, T2-weighted fluid-attenuated inversion recovery
(FLAIR) structural images, and diffusion-tensor images were applied.
All brain IDPs were downloaded from the UK Biobank data portal that

were derived based on established preprocessing and automated
segmentation workflows72 (Supplementary Methods S2). Specifically,
T1 images were processed using FreeSurfer to extract five global
volumes of different tissue types and 107 brain volumes of cortical and
subcortical areas predefined by the Desikan-Killiany atlas and the aseg
atlas. T2 images were processed with FMRIB Software Library (FSL) to
estimate white matter hyperintensity volume. All volumetric traits,
including cortical volumes, subcortical volumes, and white matter
hyperintensity volume, were normalized for head size by multiplying
raw volumes by T1-based head size scaling factors calculated during
transformation from native to standard space73. Diffusion-weighted
images underwent preprocessing using FSL andwere subsequently fed
into diffusion-tensor-imaging fitting tool (DTIFIT) and neurite orien-
tation dispersion and density imaging (NODDI) modeling tool Accel-
eratedMicrostructure Imaging via Convex Optimization. Based on the
Johns Hopkins University ICBM-DTI-81 atlas, 144 tract-averaged DTI
parameters, including FA, MD, andMO, and 144 tract-averaged NODDI
parameters, including ISOVF, ICVF, and OD, were derived (Supple-
mentary Data 31).

GWAS summary statistics for MRI traits
GWAS summary-level data for imaging-derived traits of the abdomen
(N = 32,860), heart (N = 31,875), and brain (N = 33,224) were obtained
among participants of European ancestry in the UKBiobank19,70,74. Each
dataset was imputed using the 1000 Genomes reference75. SNPs with
minor allele frequency > 1% were utilized.

Statistical analysis
ER analysis of CMDs-depression co-occurrence. Non-random
CMDs-depression co-occurrence was assessed using permutation
testing76. A binary matrix was constructed with participants as rows
and diseases as columns. Disease columns were randomly shuffled
10,000 times while marginal disease frequencies were maintained to
generate null distributions. ER was defined as observed versus
expected multimorbidity rates under the null model, where ER > 1
indicates synergistic co-occurrence. p values were derived by com-
paring observed multimorbidity proportions against the null dis-
tribution, and confidence intervals were estimated via bootstrapping
applied to the binary matrix.

Associations between imaging traits and multimorbidity
Logistic regressions were applied to estimate associations of imaging
traits from the abdomen, heart, and brain with the CMDs-depression
multimorbidity in three separate samples. Adjustments were made for
age, sex, ethnicity, Townsend deprivation index (TDI), education level,
body mass index (BMI), smoking status, drinking status, physical
activity, and imaging site. De-meaned scanner table coordinates (X, Y, Z,
and table position) and whole body surface were additionally adjusted
in the brain analysis and heart analysis, respectively77. Due to low data
missingness levels, missing covariate data were imputed usingmultiple
imputationby chained equations (SupplementaryTable 3). Thedetailed
definitions of covariates are listed in Supplementary Table 4. Results
were presented as odds ratios (ORs) with corresponding 95% CIs. Ima-
ging traits with Benjamini-Hochberg FDR-adjusted p <0.05 were selec-
ted for cross-organ pairwise correlation analysis.

Cross-organ pairwise correlations between imaging traits
Linear regressions were employed to quantify cross-organ pairwise
correlations among themultimorbidity-associated imaging traits from
abdomen, heart, and brain in the overall sample, adjusting for the
aforementioned covariates and history of CVD, T2D, hypertension,
hyperlipidemia, and depression (Supplementary Methods S1). All
imaging traits were standardized prior to analysis, and results were
presented as standardizedbeta coefficientswith 95%CIs. Standardized
beta coefficients represent the change in one organ trait per standard
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deviation change in another organ trait. p values were adjusted for
multiple testing using FDR correction across all pairwise correlations.
Abdomen-heart-brain cliques were defined as combinations of one
abdominal trait, one cardiac trait, and one brain trait with full pairwise
significance (FDR-adjusted p <0.05), where each trait pair within the
combination showed significant standardized beta coefficients from
linear regressions. These cliques were subsequently selected for
genetic analysis. The centrality of this network formedby these cliques
was indicated by the degree of each node.

Genetic correlations of abdomen-heart-brain cliques
Genetic correlation and overlap of abdomen-heart-brain cliques were
estimated using three complementary approaches based on GWAS
summary statistics: (1) LDSC78,79 for global genetic correlation, (2)
LAVA80 for local genetic correlation, and (3) GPA81 for genetic overlap.
For LDSC analysis, precomputed LD scores were derived from
approximately 1.2millionHapmap3 SNPs in the 1000Genomes Project
of European ancestry with the MHC region (chromosome 6:
28,477,797-33,448,354) excluded82. For LAVA analysis, bivariate local
genetic correlation analyses were performed for trait pairs with nom-
inally significant univariate local genetic signals as the detection of
reliable local genetic correlations requires adequate genetic variation
within genomic regions. For GPA analysis, independent SNPs (r2 < 0.2
within a 250 kb window) were obtained by LD pruning based on 1000
Genomes Phase 3 European-ancestry genotypes to reduce the influ-
ence of LD, with genetic overlap between traits quantified by the
proportion of genetic variants associated with both traits. Trait pairs
were considered significant if they showed FDR-adjusted significant
associations in either LDSC, LAVA, or GPA analyses.

Cross-trait meta-analysis of abdomen-heart-brain cliques
Todetermine the shared genetic variants of each abdomen-heart-brain
clique, CPASSOC was performed to conduct cross-trait meta-analysis
at the SNP level83. The test statistic SHet, an extension of SHom that
allows for heterogeneous effects across traits and offers improved
statistical power, was calculated to combine the GWAS summary sta-
tistics through a sample size weighted meta-analysis. To compute
SHet, a correlationmatrix of independent SNPs (r2 < 0.2within a 250kb
window) without significant associations (−1.96 < Z < 1.96) is required,
to account for trait correlations and sample overlap or relatedness
across cohorts84. Significant shared genetic variants were defined as
SNPs achieving genome-wide significance in the abdomen-heart-brain
clique (pCPASSOC < 5 × 10−8) and suggestive significance in single trait
GWAS data (psingle trait < 1 × 10−3).

Genomic locus definition
The independent genomic loci of the significant SNPs of each
abdomen-heart-brain clique identified from CPASSOC were defined
using functional mapping and annotation (FUMA)85. Briefly, indepen-
dent significant SNPs were defined as those that achieved genome-
wide significance and were independent of other SNPs (LD r2 < 0.6).
Lead SNPs were selected from independent significant SNPs which
were independent of each other (LD r2 < 0.1). Candidate SNPs were
defined as all GWAS-tagged SNPs that were in LD (r2 ≥0.6) with the
independent significant SNPs, establishing the boundaries of each
locus. A single genomic locus was formed when the distance between
two loci was less than 250 kb. Moreover, independent genomic loci
across all abdomen-heart-brain cliques were merged into distinct loci
when the genetic positions of two or more loci overlapped.

For all distinct loci, a locus was considered novel if (1) it was
locatedmore than 500 kb from any previously reported loci in original
GWAS19,70,74, and (2) none of its candidate SNPs had been reported in
the NHGRI-EBI GWAS Catalog86. For reported loci without specific
position information, a 1000 kb distance from the lead SNP was used
to define the locus border.

Functional annotation
Functional annotation and genemapping of candidate SNPs from each
abdomen-heart-brain clique were conducted using FUMA30. CADD
scores, which predict the deleteriousness of SNPs on protein structure
or function87, RegulomeDB scores, which evaluate the regulatory
functionality88, and 15-core chromatin states, which estimate the
transcriptional and regulatory effects at the SNP locus,were annotated
for the associated SNPs89. Additionally, candidate SNPs were mapped
to protein-coding genes using any of the three approaches: positional
mapping, eQTL mapping, and 3D chromatin interaction mapping. To
further uncover the biological pathways of the shared genes, pathway
enrichment analysis was performed based on the GO database using
the R package clusterProfiler. Pathways with FDR-corrected p <0.05
were considered significant.

TWASs
TWASs were performed using S-PrediXcan to validate whether the
expression levels of genes identified by CPASSOC of each abdomen-
heart-brain clique showed significant associations with corresponding
traits in relevant tissues90. Pre-computed eQTL prediction models of
24 tissues across seven categories (adipose tissue, whole blood, blood
vessel, brain, heart, liver, and pancreas) were selected from GTEx v8.
Significant TWAS genes were identified after the FDR correction and
were then cross-referenced across traits to determine shared genes for
each clique.

Prediction modeling
Separate prediction models were developed using Cox proportional
hazard analysis to evaluate: (1) the riskof developingCMDs-depression
multimorbidity in individuals free of both conditions (development);
and (2) the risk of developing CMDs-depression multimorbidity in
those with one pre-existing condition (two possible progressions)
(Fig. S4). Three composite scores were constructed using 10-fold
cross-validated elastic net Cox regression: lifestyle score (BMI, smok-
ing status, alcohol consumption, and physical activity), biomedical
score (HbA1c, total cholesterol, triglycerides, high-density lipoprotein
cholesterol, low-density lipoprotein cholesterol, systolic blood pres-
sure, and C-reactive protein)91, and MRI score (imaging traits from
genetically-informed abdomen-heart-brain cliques identified through
CPASSOC and validated by TWAS).

We constructed seven nested prediction models with progres-
sively expanded sets of variables to assess the incremental predictive
value of different risk factor domains. The seven models were base
model (age, sex, and ethnicity), SES model (age, sex, ethnicity, TDI,
and education), lifestyle model (SES model adding the lifestyle
score), biochemical model (SES model adding the biochemical
score), MRI model (SES model adding the MRI score), Lifestyle-MRI
model (SES model adding the lifestyle score and the MRI score), and
Biochemical-MRI model (SES model adding the biochemical score
and the MRI score). Model performance was assessed using Harrell’s
C statistic, while performance gains were quantified by the ΔC sta-
tistic with 95% CI derived from 200 bootstrap samples. We also
employed Royston’s D, NRI, IDI, and Brier score for comprehensive
performance evaluation.

Subgroup analyses
To evaluate both the generalizability of our findings and examine
consistency and specificity between subgroups, we conducted sepa-
rate analyses for CVD-depression and T2D-depression multi-
morbidities as key components within the broader CMDs spectrum.

Sensitivity analyses
To assess the robustness of our findings, two sensitivity analyses were
conducted: (1) additional imaging parameters were incorporated as
covariates in all regression models, including mean absolute head
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motion for diffusion imaging metrics (DTI and NODDI parameters),
inverted signal-to-noise ratio for T1-derived volumetric measures, and
acquisition dates across all imaging modalities (abdomen, heart, and
brain); (2) stricter FDR thresholds (0.01, 0.005, and 0.001) were
applied to define abdomen-heart-brain cliques, and variations in clique
size, composition, and network statistics (sparsity, modularity, and
centrality) were assessed.

General association analyses were performed using R version
4.2.0. LDSC was conducted using the “ldsc” software (v1.0.1, https://
github.com/bulik/ldsc). LAVA was performed using “LAVA” tool
(v0.1.0, https://github.com/josefin-werme/LAVA). GPA was conducted
using the “GPA” R package (v1.1.0,https://github.com/dongjunchung/
GPA). CPASSOC was performed using the FunctionSet.R file provided
by the original authors. TWAS was conducted using the “S-PrediXcan”
tool (https://github.com/hakyimlab/MetaXcan).

Statistics and reproducibility
This research was conducted as an observational cohort study using
data obtained from the UK Biobank. No statistical methodwas used to
predetermine sample size. Sample inclusion and exclusion criteria are
detailed in Fig. S1 and the “Outcomes” section. Participants who were
diagnosed with CMDs only or depression only before their MRI
assessmentdatewere excluded from the analysis. The studydesign did
not involve any intervention, and therefore, traditional experimental
procedures such as randomization and blinding are not applicable.
The investigators were not blinded to allocation during experiments
and outcome assessment as this was an observational study analyzing
pre-existing data.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The UK Biobank data used in this study (phenotypic, neuroimaging,
and genotype) are available under restricted access for approved
research purposes. Access can be obtained by submitting a research
application through the UK Biobank Access Management System at
www.ukbiobank.ac.uk. This research was conducted under UK Bio-
bank Application Number 101169. The raw UK Biobank participant-
level data are protected and are not available due to data privacy laws
and the terms of our data access agreement. GWAS summary statistics
for the abdominal, cardiac, and brain imaging traits based on UK
biobank participants are available at https://ftp.ebi.ac.uk/pub/
databases/gwas/summary_statistics/GCST90016001-GCST90017000/
, http://heartkp.org/, and https://open.win.ox.ac.uk//ukbiobank//
big40/, respectively. Source data are provided with this paper.

Code availability
Thecodeused for all analyses in this study ispublicly availableonGitHub
at https://github.com/cecilia-wjx/MRI_network andhas been archivedon
Zenodo with DOI92: https://doi.org/10.5281/zenodo.17669873. Figures
created with BioRender are in compliance with BioRender’s Academic
License Terms and are intended for publication purposes.
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