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DISEASES AND DISORDERS

Cross-trait genomic modeling reveals the polygenic
architecture and systemic impact of MASLD

Mingyi Du"*?t, Huangbo Yuan'??t, Tianhao Wu"%*?, Yanfeng Jiang"**, Chen Suo®*?, Li Jin*?,
Tiejun Zhang™***, Zhengiu Liu"***, Xingdong Chen®**

Metabolic dysfunction-associated steatotic liver disease (MASLD) is a globally prevalent disease, yet its genetic
architecture remains incompletely characterized. We integrated genome-wide association study data from mul-
tiple cohorts totaling nearly 3 million individuals of European ancestry and applied cross-trait genomic modeling
of hepatic fat and seven cardiometabolic traits to construct an MASLD-specific polygenic architecture. We identi-
fied 128 risk variants across 100 loci and prioritized 55 effector genes, including established (e.g., PNPLA3 and
TM6SF2) and previously unreported candidates (e.g., NRXN3 and FRMDS5). A phenome-wide scan of the MASLD
polygenic risk score revealed broad associations spanning hepatic, cardiometabolic, renal, endocrine, and neuro-
psychiatric systems. Using a two-step, proteome-wide Mendelian randomization across >4900 plasma proteins,
we identified potential mediators linking MASLD to disease. Validation in population-based cohort pinpointed
seven proteins (e.g., FURIN, aldehyde dehydrogenase 2, and apolipoprotein M) mediating up to 50.6% of the car-
diometabolic risk attributable to MASLD. Our findings delineate the polygenic architecture of MASLD, highlight its
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multisystem consequences, and nominate translational biomarkers for precision prevention.

INTRODUCTION

Metabolic dysfunction-associated steatotic liver disease (MASLD),
previously known as nonalcoholic fatty liver disease (NAFLD), is a
globally prevalent metabolic disorder with increasing prevalence
(I-3). Ample evidence suggests that MASLD is not merely a liver-
centered disorder but a multisystem condition that contributes to
cardiometabolic, renal, and endocrine diseases (4, 5). Biologically,
MASLD is a complex trait (6, 7), defined by the coexistence of hepatic
steatosis and systemic cardiometabolic dysfunction. However, most
genome-wide association studies (GWASs) to date have focused ei-
ther on hepatic fat content, quantified by magnetic resonance imag-
ing proton density fat fraction (MRI-PDFF), or on binary NAFLD
phenotypes derived from electronic health records (8-11). While
these studies have provided important genetic insights into hepatic
fat accumulation and NAFLD (12-14), they fall short of capturing
the broader biological architecture of MASLD, which integrates
both liver-specific and systemic metabolic components. To advance
mechanistic understanding and inform precision prevention, ge-
netic studies tailored specifically to MASLD are therefore criti-
cally needed.

Unraveling the genetic architecture of MASLD may also clarify its
biological links to extrahepatic complications and facilitate the devel-
opment of targeted interventions (15, 16). Although epidemiological
studies have consistently shown MASLD to be a multisystem disor-
der (1, 17-19), the molecular mechanisms underlying these systemic
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effects remain largely unresolved. Circulating proteins in plasma may
represent promising intermediaries in the MASLD-disease continu-
um (20-23), given their accessibility, regulatory potential, and causal
links to disease processes. However, few studies have systematically
investigated the mediating role of plasma proteins in translating
MASLD-related genetic risk into downstream health outcomes.

To address these gaps, we integrated genetic data across hepatic
and cardiometabolic traits to derive an MASLD-specific polygenic
architecture. We then examined its systemic associations and identi-
fied candidate protein mediators using Mendelian randomization
(MR) and observational validation. This framework represents a step
toward resolving the biological complexity of MASLD and translating
genetic insights into clinically actionable strategies.

RESULTS

Study design

The overall study design is shown in Fig. 1. We conducted a compre-
hensive integrative genomic analysis of MASLD using GWAS sum-
mary statistics from large-scale cohorts totaling nearly 3 million
individuals of European ancestry. To construct an MASLD-specific
genetic architecture, we implemented a two-step cross-trait modeling
approach that jointly incorporated genetic signals from hepatic fat
(MRI-PDFF) and major cardiometabolic risk factors (CMRFs) (4),
including adiposity, blood lipids, glycemic markers, and blood pres-
sure. This framework enabled the identification of pleiotropic loci and
the prioritization of candidate genes and pathways potentially in-
volved in MASLD pathogenesis. To evaluate the clinical relevance of
the resulting MASLD polygenic risk score (PRS), we performed a
phenome-wide association study (PheWAS) to systematically map its
associations across a broad range of disease outcomes in the UK Bio-
bank (UKB) cohort. To investigate potential mediating mechanisms,
we further integrated proteomic data through a proteome-wide MR
analysis, complemented by prospective cohort validation, to identify
circulating proteins that may link MASLD genetic risk to multisystem
disease burden.
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Fig. 1. Overview of study design. Schematic summary of the integrative framework used to dissect the genetic architecture and systemic consequences of MASLD, in-
cluding multitrait genetic modeling, effector gene prioritization, PRS construction, PheWAS, and proteome-wide MR analysis. Created in BioRender [J. Du (2025); https://

BioRender.com/6x8e708].

Structure equation modeling of cardiometabolic trait GWAS
To capture the shared genetic architecture underlying MASLD-
related CMRFs, we first constructed a composite CMRF GWAS using
genomic structural equation modeling (Genomic SEM). We com-
piled publicly available GWAS summary statistics of European an-
cestry for seven MASLD-related CMRFs: body mass index (BMI),
waist circumference (WC), triglycerides (TG), high-density lipo-
protein cholesterol (HDL-C), glycosylated hemoglobin (HbA1lc),
fasting glucose (FG), and hypertension (HTN), encompassing ap-
proximately 2.95 million individuals (table S1). All datasets were
drawn from nonoverlapping cohorts independent of the UKB to
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minimize bias due to sample overlap. Standardized quality control
procedures were applied to each GWAS (table S2).

Univariate linkage disequilibrium score regression (LDSC) analy-
ses confirmed robust polygenicity across traits, with moderate single-
nucleotide polymorphism (SNP)-based heritability estimates (h?
range: 0.11 to 0.13) and minimal inflation from population stratifica-
tion (table S3). Pairwise genetic correlations ranged from moderate
to high, with the strongest observed between BMI and WC (ry = 0.89)
(Fig. 2A). To assess the suitability of the genetic correlation matrix for
latent factor analysis, we conducted a Kaiser-Meyer-Olkin (KMO)
test, which yielded a value of 0.683, indicating adequate factorability
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Fig. 2. Heritability and shared genetic architecture of MASLD-related traits. (A) Heatmap of pairwise genetic correlations (rg) among seven MASLD-related CMRFs:
BMI, WC, HDL-C, TG, FG, HbA1c, and HTN. Right panel displays SNP-based heritability (h?) estimates and standard errors for each trait, estimated via LDSC. (B) Three-factor
Genomic SEM model and multitrait analysis of GWAS (MTAG)-based multitrait GWAS of MASLD. Path diagram illustrates standardized loadings of a hierarchical model in
which CMRFs load onto three latent factors. (C) Cross-trait pleiotropy landscape and circular Manhattan plot. Top left bar plot shows the number of genome-wide signifi-
cant loci per trait, with black bars indicating loci shared across multiple traits and colored bars denoting trait-specific signals. Circular Manhattan plot depicts genome-
wide associations for MASLD, PDFF, and seven CMRFs. Each concentric track represents one trait. MASLD loci shared by five or more traits are highlighted in red and linked
by black lines, indicating hotspots of cross-trait pleiotropy.
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(table S4). Parallel analysis based on eigenvalue distributions sup-
ported the extraction of three latent factors (fig. S1). Accordingly, we
performed exploratory factor analysis (EFA) from odd-numbered
chromosomes using promax rotation and evaluated one- to three-
factor solutions. Three-factor model explained 69.3% of the total vari-
ance across the seven CMRFs (table S5), informing the subsequent
confirmatory factor analysis (CFA) via Genomic SEM. A single-factor
model from the CFA showed suboptimal fit [comparative fit index
(CFI) = 0.900; standardized root mean square residual (SRMR) =
0.106], suggesting inadequate capture of genetic heterogeneity
(table S6). In contrast, a hierarchical three-factor model provided
better fit (X2 = 242.44; CFI = 0.978; SRMR = 0.036), clustering traits
into biologically coherent domains: F1 (obesity and HTN), F2 (dys-
lipidemia), and F3 (insulin resistance) (Fig. 2B and table S7).

We then constructed a composite CMRF GWAS using multivari-
ate Genomic SEM, which estimates SNP effects on shared genetic li-
ability across traits (figs. S2 and S3). The effective sample size (#1.g) of
the CMRF was 790,156 with mean y” of 2.59, and SNP-based herita-
bility was 0.11 (Fig. 2B and table S8). The resulting CMRF GWAS
demonstrated moderate to strong genetic correlations with individu-
al component traits (median rg = 0.68), supporting its validity as a
genetically informative composite phenotype (fig. $4).

Multitrait analysis of GWAS-based genome-wide

analysis of MASLD

We obtained GWAS summary statistics for liver PDFF in 32,858 indi-
viduals (24). Univariate LDSC analysis indicated moderate polygenicity,
with a mean y* of 1.12 and SNP-based heritability (h?) of 0.17 (Fig. 2B
and table S3). To construct a genetic model that captures the integrated
genetic architecture of hepatic fat and cardiometabolic traits, we applied
multitrait analysis of GWAS (MTAG) to jointly analyze the PDFF and
composite CMRF GWAS. This cross-trait meta-analysis yielded a com-
posite PDFF-based GWAS (hereafter referred to as the MASLD GWAS)
with an increased effective sample size of 122,644 and boosted associa-
tion strength (mean y” increased from 1.12 to 1.35) while maintaining a
maximum false discovery rate (FDR) of 0.18 (Fig. 2B, table S8, and
figs. S5 and S6). The genetic architecture of MASLD was polygenic, evi-
denced by an elevated mean y” value (1.35) and a genomic inflation
factor (Agc = 1.06), with minimal confounding from population strati-
fication (LDSC regression intercept < 1) (table S8).

We identified 128 genome-wide significant and independent vari-
ants associated with MASLD, mapping to 100 loci, markedly exceed-
ing the number of signals (<20) reported in earlier NAFLD-related
GWAS (Fig. 2C and table S9) (8, 9). Of them, 98 loci exhibited pleio-
tropic associations with at least two MASLD traits, and 34 loci exhib-
ited high pleiotropy, each being associated with five or more MASLD
traits (Fig. 2C and table S10). These highly pleiotropic regions includ-
ed well-established MASLD susceptibility genes such as PNPLA3,
APOE, TRIB1, and GPAM (8). Beyond the expected overlap with car-
diometabolic traits, most lead variants from the MASLD GWAS also
exhibited pleiotropic associations with additional biological traits,
such as estimated glomerular filtration rate and circulating vitamin D
levels, based on previously published GWAS curated in the National
Human Genome Research Institute-European Bioinformatics Insti-
tute (NHGRI-EBI) GWAS Catalog (table S9).

Functional and cellular context of MASLD risk
To provide a holistic view of MASLD genetic architecture, we con-
ducted integrative enrichment analyses across gene sets, regulatory
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elements, and tissue/cell-type-specific expression profiles. Multi-
marker Analysis of GenoMic Annotation (MAGMA)-based gene set
enrichment analysis identified 37 pathways significantly associated
with MASLD after Bonferroni correction (fig. S7 and tables S11 and
S$12), with top signals related to lipid localization, triglyceride metabo-
lism, and lipoprotein remodeling, highlighting lipid dysregulation as a
core feature of MASLD pathogenesis. Stratified LDSC revealed 13 cat-
egories with significant heritability enrichment, including conserved
elements, human promoters, histone H3 lysine 9 acetylation, and su-
per enhancers (fig. S8 and table S13), reflecting a complex regulatory
landscape. Tissue/cell-type enrichment analysis via LDSC-specifically
expressed genes (SEG) demonstrated significant enrichment in liver
tissue and hepatocytes, as expected, as well as in visceral adipose tissue
(omentum), supporting the role of adipose-liver interactions (fig. S9
and table S14). Notably, enrichment was also observed in brain re-
gions such as the cerebral cortex, hippocampus, and limbic system,
suggesting possible neuroendocrine involvement in MASLD-related
systemic regulation (tables S14 and S15).

Effector gene prediction for MASLD

We prioritized effector genes for MASLD using FLAMES (Fine-
mapped Locus Annotation and Effector gene Scoring) framework
based on fine-mapped results of the identified 100 loci. Using SuSiEx,
we fine mapped 88 credible sets across autosomes, encompassing 925
putative causal variants, including 29 with high posterior inclusion
probability (PIP > 0.80) (Fig. 3A and table S16). Most fine-mapped
variants resided in noncoding regulatory regions, particularly intronic
(49.8%) and intergenic (27.8%) sites (Fig. 3B).

We mapped the 925 causal variants to 1777 candidate genes and
calculated FLAMES scores for each using an integrative framework
combining SNP-to-gene annotations and convergence-based evi-
dence [e.g., polygenic priority scores (PoPS)] (tables S17 and S18). We
then selected 88 genes with the highest FLAMES score within each
fine-mapped region and prioritized 55 with a cumulative precision >
0.75 (Fig. 3C and table S19). Top-ranked genes included NEGRI,
FTO, BDNF, GNPDA2, and MC4R, known regulators of adiposity
(25-29), as well as TRIBI, APOB, APOE, CETP, and LPL, which are
involved in lipoprotein metabolism (30-33). Canonical MASLD genes
such as PNPLA3, TM6SF2, and GPAM were also recovered (9), sup-
porting the robustness of the prioritization framework. In addition,
we noted a few less-characterized candidate genes such as MYOIF and
FRMD?5, whose roles in MASLD pathogenesis remain largely unex-
plored and merit further functional investigation.

Tissue expression profiling based on Genotype-Tissue Expression
(GTEx) data showed that prioritized genes were most strongly up-
regulated in liver and visceral adipose tissue (omentum) (Fig. 3D,
fig. S10, and tables S20 and S21), aligning with MASLD’s central
pathophysiology (34). Pathway enrichment analysis of prioritized
genes using FUMA highlighted lipid homeostasis, sterol transport,
and triglyceride metabolism as key biological processes (Fig. 3E and
table $22). Enriched molecular functions included lipid binding and
sterol transfer activity, while cellular components were dominated by
terms related to lipoprotein particles and protein-lipid complexes.
These findings underscore lipid metabolic regulation as a key axis
linking genetic susceptibility to MASLD.

Systemic effects of MASLD genetic liability
To evaluate the clinical relevance of MASLD genetic risk, we con-

structed an MASLD PRS based on the MASLD GWAS summary
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Fig. 3. Fine mapping and functional characterization of MASLD-associated loci. (A) Genomic distribution of fine-mapped SNPs across 22 autosomes, with PIP derived
from SuSiEx. Variants with PIP > 0.8 are labeled. (B) Functional annotation of 925 credible set variants. (C) Multimodal effector gene prioritization integrating scores from
XGBoost, PoPS, and FLAMES. Heatmap displays standardized scores across methods and cumulative precision. Genes with cumulative precision > 0.75 were retained,
yielding 55 high-confidence candidates. (D) Tissue-specific expression enrichment of prioritized genes based on GTEx v8 transcriptomes. Differentially expressed gene
(DEG) analysis revealed significant up-regulation in liver and visceral adipose tissue (omentum). (E) Gene Ontology (GO) enrichment analysis of prioritized genes. Left:
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statistics and assessed its performance in the UKB cohort. For com-
parison, a PDFF-based PRS was also derived from univariate PDFF
GWAS. MASLD cases were defined as individuals with a fatty liver
index (FLI) > 60 (fig. S11) (35, 36) plus >1 cardiometabolic trait,
with exclusions for excessive alcohol use, chronic viral hepatitis, and
Mendelian liver diseases (Materials and Methods). We assessed liver
fibrosis risk in the MASLD cohort by comparing fibrosis-4 (FIB-4)
index (37), the aspartate aminotransferase-to-platelet ratio index
(APRI) (38), and the Forns score (39) between cases and controls,
with the Forns index indicating a significantly higher fibrosis pro-
portion among cases (3.4% versus 1.6%; fig. S12). Among 373,622
European-ancestry participants (51,754 MASLD cases), the MASLD
PRS was robustly associated with MASLD risk in a dose-response
manner [odds ratio (OR) per SD = 1.11, 95% confidence interval
(CI): 1.10 to 1.12, P < 2.05 X 1071%) and explained an incremental
0.24% of variance (95% CI: 0.20 to 0.29%), outperforming the PDFF
PRS (Fig. 4, A to C, and tables S23 and $24).

To characterize the broader disease impact of MASLD genetic lia-
bility, we performed a PheWAS using the MASLD PRS. Significant
associations were observed across multiple organ systems (Fig. 4D
and table S25). Beyond expected positive associations with hepatic
and cardiometabolic conditions (e.g., liver cirrhosis and angina pecto-
ris), the MASLD PRS was also positively associated with a broad range
of disorders, including digestive, renal, endocrine, musculoskeletal,
and dermatological conditions, some of which have been reported in
previous studies (40-42). Conversely, a negative association with de-
mentia and Alzheimer’s disease was observed, although this finding
has been inconsistently reported in prior epidemiological studies
(43, 44). We also identified associations not well characterized in the
literatures, such as positive associations with iron deficiency anemias
and erythematosquamous dermatosis. In non-European participants,
associations did not reach statistical significance for most diseases
(table S26). These results underscore the multisystemic impact of
MASLD genetic liability and highlight phenotypic domains that may
warrant further mechanistic investigation.

Two-step proteome-wide MR analysis

To elucidate molecular mechanisms linking MASLD to multisystem
diseases, we implemented a two-step proteome-wide MR framework
(Fig. 5A). In step 1, we performed MR to assess the causal effects of
MASLD on 4907 plasma proteins using data from the deCODE pro-
teomic GWAS (45) (n = 35,559). Step 2 assessed the impact of
MASLD-driven proteins on phenotypes identified in the MASLD
PRS-PheWAS and had available GWAS summary data (table S27).
We further validated these associations in the UKB cohort and quan-
tified mediation effects of proteins in the MASLD-disease pathway.

The step 1 MR analysis revealed 514 proteins significantly influ-
enced by MASLD (hereafter “MASLD-driven proteins”) based on
inverse-variance weighted (IVW) method, with no evidence of weak
instruments or horizontal pleiotropy (table S28 and fig. S13). Known
MASLD-associated proteins such as apolipoprotein E (apoE), GCKR,
and alcohol dehydrogenase family members were noted. In addition,
proteins such as PHGDH, DCUN1D5, and CRYZL1 showed strong
positive effects, while apolipoprotein M (apoM) and MENT were
negatively associated with MASLD genetic liability.

In step 2, we used cis—protein quantitative trait loci (pQTLs)
from a meta-curated proteomic resource (table S29) to assess the
causal effects of MASLD-driven proteins on clinical outcomes. A
total of 231 proteins with available cis-pQTLs and 58 diseases with
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GWAS summary statistics was included, resulting in 13,398 protein-
phenotype pairs tested by MR. After stringent filtering, 82 associa-
tions remained significant, of which 47 associations involving 25
unique proteins were retained on the basis of directional consis-
tency between MR estimates and PheWAS results (fig. S14 and ta-
bles S30 to S32). Proteins such as FURIN, aldehyde dehydrogenase
2 (ALDH2), SERPINA1, and GSS were linked to multiple endpoints,
including liver disease, type 2 diabetes (T2D), and cardiovascular
conditions (Fig. 5B).

To validate these findings in a real-world population, we examined
protein-disease associations in 52,633 UKB participants with baseline
plasma protein data (46). Of the 25 MR-implicated proteins from the
deCODE proteomic GWAS, 16 were measurable in UKB due to plat-
form differences. Cox proportional hazard models, adjusted for de-
mographic and lifestyle factors, confirmed 13 protein-disease pairs
involving seven proteins [FURIN, ALDH2, RARRES], lymphotoxin-
alpha (LTA), apoM, thialysine N-epsilon-acetyltransferase (SAT2),
and enoyl-CoA hydratase, mitochondrial (ECHSI1)] (Fig. 5C and ta-
ble S33). These proteins were linked to incident cardiometabolic and
endocrine outcomes, including coronary atherosclerosis, angina, HTN,
T2D, hypothyroidism, and hypoglycemia. Kaplan-Meier curves showed
clear dose-response pattern for all associations, except for LTA-type 1
diabetes pair, with higher protein levels predicting greater disease in-
cidence (Fig. 5D and table S34).

Mediation analysis quantified the proportion of the MASLD ef-
fect on disease risk explained by protein intermediates (Fig. 5E).
FURIN (also known as PCSK3), an important mammalian propro-
tein convertase (47), emerged as a major mediator linking MASLD to
cardiovascular diseases, with the mediated proportion ranging from
12.0% for angina pectoris to 50.6% for essential HTN. Other proteins
also showed modest but significant mediating effects: ALDH2, apoM,
RARRES], and SAT2 mediated MASLD-associated risks of essential
HTN, hypothyroidism, and T2D, with proportion mediated ranging
from 2.2 to 10.0% (table S35). One pair (ECHS1-hypoglycemia) did
not reach statistical significance despite consistent associations in
MR and cohort analyses.

Genetic relationships between MASLD effector genes and
plasma protein mediators

We next asked whether the 55 MASLD-prioritized genes exert regu-
latory effects on circulating levels of the 25 protein mediators. Using
Bayesian colocalization between MASLD GWAS loci corresponding
to specific effector gene and plasma-protein GWAS (£250-kb win-
dows), we tested whether each gene-protein pair shared a causal
variant. Across all pairs, 13 loci showed strong evidence of colocal-
ization [posterior probability for hypothesis 4 (PP.H4) > 0.8] span-
ning multiple proteins (fig. S15 and table S36). Several canonical
MASLD genes displayed broad cross-protein signals; for example,
APOE colocalized with apoM, CETP, endothelial lipase (LIPG), and
HSPA1B. Regional locus plots further highlighted pleiotropic colo-
calization signals at representative loci, including APOE (rs429358),
PNPLA3 (rs3747207), and FTO (rs62048402) (figs. S16 to S18), sup-
porting shared genetic regulation between these genomic locus and
plasma proteins.

To further delineate regulatory links between MASLD effector
genes and circulating proteins, we performed two-sample MR using
liver expression quantitative trait loci (eQTLs) as instruments and the
25 candidate proteins as outcomes. Among 21 MASLD-prioritized
genes with valid instruments, 22 gene-protein pairs showed nominal
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Fig. 4. Predictive performance and phenome-wide associations of MASLD PRS in the UKB. (A) Distribution of MASLD-PRS among MASLD cases and controls in the
UKB cohort. (B) Association between MASLD-PRS deciles and MASLD risk. Points show decile-specific estimates; the curve is a spline fit with a blue shaded band.
(C) Comparison of incremental variance explained (ARZ) by MASLD-PRS and PDFF-PRS. Box represents the AR? from bootstrap iteration, with error bars indicating the 95%
Cls derived from 1000 bootstrap replicates using the percentile method. (D) PheWAS of MASLD-PRS across 13 disease categories in individuals of European ancestry. For-
est plot displays significant associations after FDR correction, with ORs, 95% Cls, case counts, and corresponding P values annotated for each phenotype. HCC, hepatocel-
lular carcinoma; GERD, gastroesophageal reflux disease; IHD, ischemic heart disease; NEC, not elsewhere classified; NOS, not otherwise specified.
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Fig. 5. Two-step MR framework and cohort validation identify plasma proteins mediating MASLD-related disease risk. (A) Overview of the two-step MR framework
linking MASLD genetic liability to clinical outcomes via circulating proteins. (B) Circos plot illustrating 47 protein-phenotype pairs with concordant MR and PheWAS ef-
fects. (C) Summary of 13 high-confidence protein-phenotype pairs supported by both two-step MR and observational validation in UKB. (D) Cumulative risk curves
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diagram and scatter plot summarizing protein-mediated pathways from genetically predicted MASLD to multiple clinical outcomes in a two-step MR framework. The
bubble denotes the proportion of MASLD-associated disease risk explained by each protein. nSNP, number of SNP.

Duetal, Sci. Adv. 12, eaeb5665 (2026) 13 February 2026 8of17



SCIENCE ADVANCES | RESEARCH ARTICLE

causal effects, involving 10 distinct genes (table S37). Several genes (e.g.,
CETP and COLEC11) were linked to multiple protein targets, indicat-
ing potential pleiotropic regulation of plasma proteins. Notably, pairs
such as CETP-apoM, COLECI1-BDH2, and COLEC11-SMPDL3A
also exhibited strong colocalization (PP.H4 > 0.80; fig. S15), providing
convergent genetic support for shared regulatory architecture between
MASLD loci and plasma protein abundance.

DISCUSSION

MASLD is a common and multisystem condition. Despite its grow-
ing burden, a comprehensive understanding of the genetic and mo-
lecular mechanisms underlying MASLD is still lacking. To address
these challenges, we developed an integrative cross-trait genomic
modeling framework to systematically dissect the polygenic basis
and systemic impact of MASLD. This integrative framework yield-
ed four key insights. First, we developed a high-powered MASLD
GWAS by jointly modeling hepatic fat and cardiometabolic traits,
identifying more than 100 risk loci and improving locus discovery
beyond previous GWASs. Second, we revealed widespread pleiotropy
at MASLD loci, implicating shared genetic underpinnings across he-
patic, cardiovascular, and endocrine traits. Third, we validated an
MASLD PRS that not only predicted MASLD risk but also captured
its systemic disease burden across organ systems. Fourth, by integrat-
ing proteome-wide MR with longitudinal validation, we identified
circulating proteins that mediate MASLD’s impact on cardiometa-
bolic and endocrine outcomes, providing proteomic insights into the
MASLD systemic risk.

Our study addresses several persistent methodological challenges
in MASLD genomic discovery. On the one hand, traditional MASLD
GWASs, relying either on imaging-derived hepatic fat or clinical diag-
nostic codes (8, 9, 11), are limited by modest sample sizes, diagnostic
heterogeneity, and potential misclassification, especially in capturing
subclinical or metabolically driven cases. On the other hand, MASLD
is not a single disease entity but a complex syndrome characterized by
heterogeneous hepatic and extrahepatic manifestations (1). This syn-
dromic nature challenges traditional, liver-centric definitions and
highlights the limitations of prior studies in capturing its full systemic
complexity. To overcome these limitations, we implemented a cross-
trait genomic modeling strategy that jointly leverages genetically
correlated hepatic and cardiometabolic traits to construct a re-
fined phenotype framework. This approach enhances statistical power,
mitigates misclassification bias, and better captures the multisystem
complexity of MASLD (4). This strategy also enabled robust genetic
discovery and functional downstream analyses (48, 49), including
pleiotropy mapping and prioritization of causal genes and biological
pathways, thereby deepening our understanding of MASLD as a mul-
tisystem disorder. By integrating hepatic fat with cardiometabolic
traits, our approach redefines MASLD from a genomic perspective,
offering a more biologically coherent disease model.

We uncovered three latent cardiometabolic factors, obesity-HTN,
dyslipidemia, and insulin resistance, reflecting the interconnected
systemic profile of MASLD (5). Many loci showed high pleiotropy—
more than 30 influenced five or more MASLD-related traits. Key loci
such as PNPLA3, FTO, TRIBI, APOE, and GPAM exhibited consis-
tent effects across hepatic and extrahepatic domains, underscoring
the polygenic and multisystem nature of MASLD. Through integra-
tive fine mapping, we prioritized 55 effector genes enriched in path-
ways central to lipid metabolism, lipoprotein remodeling, and hepatic
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function. Established MASLD genes (PNPLA3, APOE, GPAM, and
TMG6SF2) were recovered alongside upstream regulators of adiposity
and insulin (FTO, LPL, BDNF, NEGR1, MC4R, IRSI, and INSR), re-
inforcing the role of adipose and glucose overflow in hepatic lipid
accumulation. Expression enrichment in liver and adipose tissue sup-
ported MASLD’s core pathogenic axis: cross-talk between hepatic ste-
atosis and impaired adipose expandability (50). Some genes (e.g.,
EBFI and COLECI1) also participate in immune and inflammatory
regulation (51, 52), suggesting shared pathways between metabolic
and immune dysfunction in MASLD (53). These findings offer mech-
anistic insights into MASLD pathogenesis and underscore the need
for future studies to dissect the coordinated roles of lipid metabolism,
adipose and glucose dysfunction, and immune signaling in disease
initiation and progression.

We demonstrated the translational relevance of MASLD genetics
through phenome-wide analyses. The MASLD PRS, derived from our
cross-trait GWAS, was associated with a wide spectrum of clinical
outcomes: hepatic (e.g., cirrhosis and liver cancer), cardiometabolic
(e.g., myocardial infarction and T2D), renal (e.g., chronic kidney dis-
ease), and endocrine diseases (e.g., gout and hypothyroidism). Nota-
bly, the MASLD PRS outperformed a PDFF-derived PRS in predicting
MASLD status and associated comorbidities, highlighting the added
value of integrating systemic components in genetic modeling. Asso-
ciations with musculoskeletal, hematologic, and dermatologic condi-
tions—some rarely reported previously—warrant further prospective
cohort study validation and mechanistic investigation. A negative as-
sociation with Alzheimer’s disease was observed, echoing prior con-
flicting epidemiologic findings (44, 54). These findings not only
reinforce the systemic nature of MASLD but also highlight the utility
of cross-trait genetic approaches in uncovering unexpected disease
links, offering potential avenues for mechanistic research and risk
stratification in precision medicine.

To explore potential mechanisms linking MASLD to systemic dis-
ease, we implemented a two-step proteome-wide MR framework. We
identified more than 500 proteins influenced by MASLD and tested
their downstream effects on MASLD-related outcomes. After strin-
gent filtering, we identified 47 high-confidence protein-phenotype
pairs, of which 13 were validated in the UKB. Notably, FURIN
emerged as a key mediator of cardiovascular risk, explaining up to
32.2% of MASLD’s effect on coronary atherosclerosis, consistent with
its known role in vascular remodeling (55, 56). Other validated pro-
teins included ALDH2 (essential HIN), SAT2 (T2D), and apoM (hy-
pothyroidism), offering mechanistic insights and potential biomarker
targets. Most associations showed dose-response patterns in Kaplan-
Meier curves, with higher protein levels predicting increased disease
risk. Mediation analysis confirmed partial but significant roles for
these proteins, reinforcing their clinical and mechanistic relevance.
Our integrative colocalization and gene-protein MR analyses further
delineate the regulatory landscape linking MASLD effector genes to
circulating proteins. APOE exhibited pleiotropic colocalization with
several lipoprotein-related proteins (apoM, CETP, and LIPG), where-
as PNPLA3 and FTO also showed shared causal signals with multiple
proteins, consistent with their established functions in hepatic lipid
metabolism and systemic metabolic regulation. Notably, most colo-
calized pairs were located on different chromosomes, suggesting
trans-regulatory effects rather than local cis-mechanisms. Thus, co-
localization likely reflects coordinated genetic regulation, comple-
menting MR evidence of causal links between gene expression and
protein abundance. This proteogenomic framework enhances our
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understanding of MASLD’s biological cascade, from genetic risk to
circulating proteins to disease onset, bridging molecular intermedi-
ates and clinical endpoints. It also highlights the potential of plasma
proteins as biomarkers and therapeutic targets, enabling protein-
informed risk stratification and tailored intervention.

Several limitations should be acknowledged. First, our genetic
analysis focused on common variants; rare or structural variants
were not captured. Second, causal gene prioritization was based on
statistical integration and requires experimental validation. Third,
our analyses were largely restricted to individuals of European ances-
try, potentially limiting generalizability. The diminished performance
of PRSs trained in European cohorts when applied to non-European
groups likely reflects differences in allele frequencies, linkage dis-
equilibrium (LD) patterns, and GWAS sample sizes and may be fur-
ther amplified by environmental and sociocultural factors (57, 58).
Developing equitable, ancestry-diverse models will require expand-
ing GWAS in underrepresented populations and conducting trans-
ethnic meta-analyses so that MASLD PRSs can be deployed broadly
without worsening health disparities. Fourth, plasma pQTLs may not
fully capture disease-relevant regulation in specific tissues—notably
liver and adipose, which are central to MASLD pathophysiology—
underscoring the need for integrative analyses that combine tissue-
resolved eQTLs, pQTLs, and single-cell multiomics to enhance
biological specificity and interpretability. Last, although our results
genetically nominate FURIN and other proteins as key mediators
of MASLD-related systemic outcomes, we acknowledge that direct
mechanistic validation is still essential to establish causality. Targeted
perturbation studies (e.g., viral or nanoparticle-mediated modulation
of gene expression and protein abundance) in relevant MASLD and
cardiovascular models will be required to rigorously confirm these
causal links and to fully assess their therapeutic potential. This mech-
anistic validation represents an essential next step, as genetic infer-
ence alone, while powerful, cannot fully resolve the specific biological
context or the precise cellular and temporal processes involved. Thus,
the analytical framework established here provides a solid foundation
and crucial prioritization tool for subsequent experimental validation
and translational development.

In conclusion, our study presents a comprehensive framework for
dissecting MASLD as a genetically complex and multisystem disease.
By leveraging cross-trait genomic modeling integrated with proteomic
and phenomic data, we enhance locus discovery, uncover systemic
disease pathways, and identify circulating mediators with translation-
al relevance. These findings support a shift from liver-centric models
toward holistic, precision-guided strategies for MASLD prevention
and treatment, addressing the full spectrum of metabolic dysfunction.
Our work establishes a foundational resource for the field, demon-
strating how integrative genomics can decode the biological complex-
ity of MASLD and guide future efforts in mechanistic research,
biomarker discovery, and therapeutic development.

MATERIALS AND METHODS

GWAS population

We investigated eight traits relevant to MASLD, including (i) liver
PDFF and (ii) seven MASLD-related CMRFs: BMI, WC, HbA ¢, FG,
TG, HDL-C, and HTN. PDFF is the current gold-standard imaging
biomarker for hepatic fat quantification, reflecting intrahepatic tri-
glyceride accumulation (59). The seven CMRFs were selected on the
basis of established MASLD diagnostic criteria (4). GWAS summary
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statistics for liver PDFF were obtained from the UKB (24), while
those for the seven MASLD-related CMRFs were obtained from the
largest available European-ancestry studies that did not include
UKB participants.

GWAS quality control

We performed stringent quality control on GWAS summary statis-
tics using EasyQC (v.23.8) and MungeSumstats (v.1.14.1), with the
1000 Genomes Project Phase 3 European panel as the reference (60).
SNPs were excluded if they were (i) monomorphic or had minor
allele frequency (MAF) < 0.5%; (ii) missing, invalid, or had ambigu-
ous alleles; (iii) poorly imputed (INFO < 0.9, if available); (iv) dupli-
cated or multiallelic; or (v) absent from or inconsistent with the
reference panel. All datasets were harmonized to the GRCh37 (hg19)
genome build.

Genetic correlation and SNP-based heritability

We applied LDSC (61) to evaluate genomic inflation and estimate
SNP-based heritability. Intercepts near 1 and low attenuation ratios
indicated that observed inflation was due to polygenicity rather than
population stratification. Pairwise genetic correlations were comput-
ed across MASLD-related traits and between the composite CMRF
construct and individual traits, validating the latent phenotype. No-
tably, the HDL-C GWAS was reverse coded to align risk directions.
Analyses used precomputed LD scores from ~1.3 million high-
quality HapMap3 SNPs in the European 1000 Genomes panel. SNPs
were filtered for MAF > 0.01 and INFO > 0.9. For binary traits, total
sample size (Neases + Neontrols) Was used.

KMO test and parallel analysis

We used the KMO test to assess sampling adequacy for factor analy-
sis; values > 0.5 were considered acceptable (48). Analyses were per-
formed using the psych R package (v.2.4.12). We conducted parallel
analysis (62) to determine the optimal number of factors to retain for
subsequent EFA. Observed eigenvalues from the genetic correlation
matrix were compared against those from Monte Carlo-simulated
noise matrices generated using the sampling covariance matrix. Both
matrices were derived from the LDSC function in Genomic SEM
(v.0.0.5) (63) based on GWAS summary statistics for the seven
MASLD traits. The number of retained factors was determined where
observed eigenvalues exceeded simulated ones.

EFA and CFA

EFA was conducted using the factanal function (R stats v.4.0.5) on
traits from odd-numbered chromosomes. Guided by parallel analysis
results, we fitted models with one to three latent factors, applying pro-
max rotation to account for factor correlations. Factors explaining
>15% of the total variance were retained, following prior studies
(48, 49). CFA was then performed using Genomic SEM on even chro-
mosomes to validate EFA-derived structure. Indicators with loadings >
0.3 were retained. CFA models were specified under unit variance
identification and estimated using diagonally weighted least squares.
Model fit was evaluated using standard indices: y*, CFI (with >0.95
indicating good fit), akaike information criterion, and SRMR (with
<0.08 indicating good fit) (64).

Multivariate Genomic SEM for CMRF GWAS
We applied Genomic SEM to jointly model seven MASLD-related
CMRE traits. Stage 1 used cross-trait LDSC to estimate the genetic
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covariance matrix from univariate GWASs. Stage 2 incorporated SNP
associations into a structural equation model to estimate a multivariate
GWAS, reflecting shared genetic architecture across traits. A hierarchi-
cal factor model, scaled using unit loading identification, demonstrat-
ed superior fit and was selected for downstream analyses. The final
model included 2,202,333 SNPs with MAF > 1%. Effective sample size
(Ner) was calculated using the method of Mallard et al. (65).

Construction of MASLD GWAS using MTAG

To enhance power for MASLD locus discovery, we applied MTAG
(66) to integrate the liver PDFF GWAS with the CMRF latent trait
GWAS. MTAG models the shared variance-covariance structure of
SNP effects across traits to increase statistical power and reduce
mean squared error. Harmonization steps included aligning alleles,
excluding multiallelic variants, and retaining palindromic SNPs af-
ter strand unification to GRCh37. The resulting MASLD GWAS re-
tained the meta-analytic format of the PDFF GWAS and showed
modest inflation in false positives (MaxFDR reported). The effective
size was calculated on the basis of the increase in the mean y? statis-
tic using the formula

2 -1
N B XGWAS-MTAG
ef(GWAS-MTAG) = NefGwas—pprp) X | 0 !
XGWAS—PDFF

Independent significant lead SNPs were identified using PLINK
1.9 (67) (--clump) with the European 1000 Genomes Phase 3 refer-
ence panel (P < 5 X 1078, LD #* < 0.001, 100-kb window). Nearby
lead SNPs (<250 kb) were merged into a single locus, represented by
the variant with the lowest P value. Loci were annotated using FUMA
(v.1.8.0) (68) and cross referenced with the NHGRI-EBI GWAS Cata-
log (69). The human leukocyte antigen region was excluded because
of its complex LD structure.

Pleiotropy analysis

To identify pleiotropic loci, we evaluated overlap between MASLD-
associated lead SNPs and those from PDFF or CMRF GWAS. MASLD
loci within 1 Mb of any PDFF or CMRF lead SNP were considered
shared and annotated with a common locus ID. Fuji plot [v.1.0.3;
Kanai et al. (70)] was used to visualize trait-specific and pleiotropic
loci. For pleiotropic regions, candidate effector genes were nomi-
nated using integrative evidence from Open Targets Genetics (71)
and FUMA annotations; otherwise, the nearest protein-coding gene
was reported.

Gene-based and gene set analyses

Gene-based and gene set analyses were performed using MAGMA
(72), as implemented in FUMA. Gene-based tests aggregated SNP as-
sociations to 18,894 protein-coding genes using an SNP-wise mean
model, accounting for LD structure. Gene set enrichment tested
17,023 curated and Gene Ontology (GO) gene sets from the Molecu-
lar Signatures Database (MSigDB; v.2023.1) (73), spanning biological
processes, molecular functions, and cellular components. Enrichment
was assessed via competitive testing with Bonferroni correction.

Functional, cell- and tissue-type enrichments

To characterize functional relevance of MASLD-associated loci, we
applied stratified LDSC (S-LDSC) (74) to partition SNP-based heri-
tability across 84 genomic annotations. Enrichment was defined as
the proportion of heritability relative to the proportion of SNPs in
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each annotation, with significance threshold P < 5.95 X 107 (0.05/84).
Tissue- and cell-type-specific enrichments were assessed using LDSC-
SEG (75, 76) across 205 expression datasets from GTEx and Franke
lab (77) and 489 epigenomic annotations from Roadmap Epigenomics
(78) and the Encyclopedia of DNA Elements project (79). All analyses
used precomputed European LD scores from the 1000 Genomes
Phase 3 reference.

Gene prioritization with FLAMES

To systematically prioritize effector genes underlying MASLD-
associated genetic loci, we applied FLAMES (80), a supervised
machine-learning framework that integrates locus-specific func-
tional SNP-to-gene evidence and genome-wide gene convergence
signals. We assumed that each true SNP-phenotype association re-
flects a single causal gene through which the SNP exerts its effect on
MASLD. This gene is referred to as the effector gene of the corre-
sponding SNP. FLAMES integrates two evidence streams: (i) SNP-
to-gene functional annotations (e.g., e€QTLs and enhancers) and
(ii) PoPS (81), reflecting genome-wide convergence of gene-level
functional features.

Fine mapping of causal variants

Significant MASLD loci were fine mapped using SuSiEx (82) with
European UKB data as reference. We defined 500-kb windows cen-
tered on lead SNPs and assumed one causal variant per region to
reduce false positive rate (80). For each locus, 95% credible sets were
constructed on the basis of PIPs.

Functional annotations of candidate effector genes

For each credible set, SNPs were linked to candidate genes using
FLAMES annotate, which incorporates both SNP-specific (e.g.,
eQTLs) and regional (e.g., enhancer-gene links) locus-to-gene an-
notations. These locus-based gene annotations were used as inputs
for XGBoost classifier to generate locus-based SNP-to-gene annota-
tion scores, reflecting the strength of combined functional evidence
linking the gene to the credible set. Locus-based annotation scores
were computed by multiplying the PIP of each SNP by the corre-
sponding gene annotation score. For regional annotations, the score
was calculated as the product of the SNP’s PIP and the annotation
strength for the region-gene pair. The window of genes annotated to a
locus is specified as with default 750 kb of the fine-mapped lead SNP.
PoPS integration and scoring to identify effector genes
Gene-level PoPS were computed on the basis of MASLD MAGMA
z-scores using a weighted model of gene expression, coexpression,
pathways, and protein-protein interactions. FLAMES combined
locus-based scores and PoPS via XGBoost to generate a unified raw
score per gene, linearly scaled within each locus. To evaluate confi-
dence, FLAMES estimates cumulative precision via benchmarking
against curated gene-trait pairs (e.g., exome-wide association study-
validated loci). Specifically, a series of thresholds was evaluated on
held-out datasets to identify the combination of raw and scaled
score cutoffs that maximized recall while maintaining a minimum
of 75% precision. A polynomial regression was then fitted to model
the relationship between the scaled FLAMES score and cumulative
precision, enabling FLAMES to report precision estimates for all
gene predictions.

Pathway and tissue specificity of effector genes

We performed gene set enrichment analysis using the GENE2FUNC
module in FUMA. Hypergeometric tests evaluated overrepresenta-
tion in curated gene sets from MSigDB (73), WikiPathways (83),
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and the GWAS Catalog (69), spanning canonical pathways and
GO terms.

Tissue-specific expression was evaluated using GTEx v8 tran-
scriptomic data (84). Prioritized genes were tested for enrichment in
tissue-specific differentially expressed gene (DEG) sets, precomputed
via pairwise ¢ tests (Bonferroni-adjusted P < 0.05 and [log,FC| >
0.58). Up-regulated, down-regulated, and two-sided DEG sets were
tested separately using hypergeometric tests, with Bonferroni correc-
tion applied. Background genes were restricted to those with average
expression > 1 transcripts per million in at least one tissue. We visu-
alized the tissue-wide expression patterns of prioritized genes using
a heatmap displaying log,-transformed average expression values
across tissue labels.

UKB cohort

UKB is a large-scale, prospective cohort comprising more than
500,000 participants aged 40 to 69 years, recruited from 22 centers
across the United Kingdom between 2006 and 2010 (85). Genotyping
was performed using either the Applied Biosystems UK BiLEVE Ax-
iom Array or the closely related UKB Axiom Array (86). Following
stringent quality control, genotype data were imputed using the Hap-
lotype Reference Consortium, UK10K, and 1000 Genomes Phase 3
reference panels. We excluded participants based on the following
criteria: (i) low genotype quality or missing data, (ii) discordant ge-
netic and reported sex, (iii) non-white ethnicity, (iv) relatedness, and
(v) participation in the UKB imaging substudy used in the liver PDFF
GWAS, to avoid overlap with the discovery cohort. After exclusions,
373,835 participants remained for downstream PRS analyses. The
UKB has approval from the North West Multi-Centre Research Ethics
Committee (ref: 11/N'W/0382) and obtained written informed con-
sent from all participants before the study.

MASLD case ascertainment

As the MASLD phenotype is not directly available in the UKB, we
defined MASLD status based on a multisociety Delphi consensus
statement (4). We excluded individuals reporting alcohol intake >
20 g/day (women) or > 30 g/day (men) (4). Daily alcohol intake (in
grams of pure alcohol) was calculated on the basis of baseline ques-
tionnaire responses, following the approach used in our previous
study (87). We also excluded individuals with chronic viral hepati-
tis (ICD-10 B18.0 to B18.2 and B18.8 to B18.9) based on hospital
records, as well as those with Mendelian conditions including Wilson
disease, hereditary fructose intolerance, familial partial lipodystrophy,
glycogen storage disorders, abetalipoproteinemia, and a;-antitrypsin
deficiency. Hepatic steatosis was assessed using the FLI (36), a
widely validated noninvasive measure (88). An FLI score > 60
was used as the threshold for likely steatosis. MASLD was defined
by the presence of (i) hepatic steatosis, (ii) >1 CMREF, and (iii)
nonexcessive alcohol consumption. On the basis of these criteria,
a total of 51,754 individuals in the UKB cohort was identified as
MASLD cases.

To characterize fibrosis risk in MASLD, we computed three wide-
ly used noninvasive scores: the FIB-4 (37), APRI (38), and the Forns
score (39). Participants with incomplete laboratory data were ex-
cluded. To limit outlier influence, biomarker values > 3 SD from
the mean were winsorized to that threshold rather than removed.
Advanced-fibrosis risk was classified as low, intermediate, or high
using established cutoffs: FIB-4 (1.30, 2.67), APRI (0.5, 1.5), and
Forns (4.2, 6.9) (88).
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PRS analysis

We constructed an MASLD PRS using the clumping and thresholding
(C + T) approach (89). Independent genome-wide significant SNPs
were first selected from the MASLD GWAS through LD-based clump-
ing. The PRS was calculated as the weighted sum of risk alleles, with
weights derived from GWAS effect sizes. Association between PRS and
MASLD status was assessed by logistic regression across PRS deciles,
using the lowest decile as reference. All models adjusted for age, sex,
and the top 10 genetic principal components. To evaluate predictive
performance, we compared two logistic regression models: a baseline
model including age, sex, and principal components and a full model
including PRS. Incremental coeflicient of determination (R%) was com-
puted as the difference in Nagelkerke's pseudo-R* between the two
models, with 95% Cls estimated via 1000 bootstrap replicates.

PheWAS of MASLD

We conducted a PheWAS to assess the associations between the
MASLD PRS and a wide range of clinical outcomes in the European-
ancestry UKB cohort (n = 373,835). Health outcomes were derived
from inpatient hospital records, death registries, and primary care
data, harmonized into phecodes. To ensure sufficient statistical pow-
er, we excluded outcomes with fewer than 20 cases, resulting in 1466
phenotypes included in the primary analysis. For each phenotype,
we fit logistic regression models with the MASLD PRS as the inde-
pendent variable, adjusting for age, sex, and the top 10 genetic prin-
cipal components. To account for multiple testing, we applied the
Benjamini-Hochberg FDR procedure, with an FDR-adjusted P <
0.05 considered statistically significant. To evaluate the generaliz-
ability of findings across ancestries, we additionally performed PRS-
PheWAS in the non-white UKB cohort (n = 78,248), encompassing
1250 phenotypes.

Two-step proteomic-wide MR analyses

Step 1: MASLD as exposure, plasma proteins as outcomes

To identify circulating proteins potentially regulated by MASLD, we
conducted two-sample MR using MASLD as the exposure and plasma
protein levels as outcomes. Genetic instruments were derived from
our MASLD GWAS, selecting genome-wide significant and indepen-
dent SNPs. Protein GWAS summary statistics were obtained from the
deCODE study, which measured 4907 plasma proteins in 35,559
individuals of European ancestry using the SomaScan v4 platform
(SomaLogic) (45). Proteins were defined as MASLD driven if they met
all the following criteria: (i) IVW MR P < 1.02 X 10~° (Bonferroni
correction for 4907 tests); (ii) consistent effect direction across
IVW, MR-Egger, weighted median, and weighted mode methods;
(iii) all instruments had F-statistics > 10; and (iv) no evidence of
directional horizontal pleiotropy (MR-Egger intercept P > 0.05).
Applying these stringent filters, we identified 514 proteins as putative
downstream consequences of MASLD.

Step 2: Plasma proteins as exposure, disease phenotypes

as outcomes

To assess the downstream effects of MASLD-driven proteins, we con-
ducted a forward two-sample MR analysis linking plasma proteins to
MASLD-associated clinical outcomes. We first curated a high-quality
cis-pQTL database by harmonizing publicly available summary sta-
tistics from seven large-scale proteogenomic studies (45, 46, 90-95).
For each study, we selected cis-pQTLs (within +1 Mb of the tran-
scription start site) with the largest F-statistics to ensure strong in-
struments and reduce weak instrument bias.
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To exclude proteins that might causally influence MASLD (i.e.,
reverse causation), we first performed reverse MR using cis-pQTLs
as instruments and MASLD as the outcome. Proteins with signifi-
cant evidence of reverse causality (IVW or Wald ratio P < 2.22 x 10™*
after Bonferroni correction) were excluded (n = 4). Subsequently,
we conducted a forward two-sample MR analysis using cis-pQTLs
for the remaining 227 proteins as exposures and 58 MASLD-associated
clinical outcomes (identified via PheWAS) as outcomes. Outcome
GWAS summary statistics were sourced from either VA Million Vet-
eran Program (MVP) (96) and FinnGen R10 (97), where available.
For each protein-phenotype pair, IVW (or Wald ratio if only one
SNP) was used as the primary estimator, and Bonferroni correction
was applied on the basis of the number of proteins tested per
outcome cohort.

To ensure robustness, we retained only results with consistent ef-
fect directions across all MR methods (IVW, MR-Egger, weighted
median, and weighted mode). Instrumental variables associated with
multiple proteins in cis pattern were excluded to minimize pleiotro-
pic bias. For models with >3 instruments, horizontal pleiotropy was
assessed using the MR-Egger intercept test. In total, 82 protein-
phenotype pairs passed all criteria for statistical significance, robust-
ness, and pleiotropy control. The MR analyses were performed using
TwoSampleMR (v.0.6.10) R package.

Directional concordance check

To further validate the biological relevance of the 82 significant
protein-phenotype associations, we assessed directional concordance
across the MASLD-protein-phenotype axis. Specifically, we evaluated
whether (i) the effect of MASLD liability on protein levels (from step
1 MR) and (ii) the effect of protein levels on clinical outcomes (from
step 2 MR) jointly predicted the direction of the MASLD-phenotype
association observed in the PheWAS.

Directional concordance was defined as cases where the product
of the two MR-derived effect estimates aligned with the direction of
the corresponding PRS-phenotype association. This consistency sup-
ports a coherent biological cascade in which MASLD alters protein
expression, subsequently contributing to disease development. A total
of 47 protein-phenotype pairs (involving 25 unique proteins) satisfied
this criterion, indicating potential mechanistic relevance.

Validation in the UKB cohort

To evaluate the clinical relevance of MR-identified protein-phenotype
associations, we analyzed 52,633 UKB participants with baseline
plasma protein profiles measured using the Olink Explore 3072 plat-
form. Among the 47 genetically predicted protein-phenotype pairs,
27 (involving 16 unique proteins) were available for validation. Inci-
dent disease outcomes were defined using ICD-10 codes; prevalent
cases and participants with missing event dates were excluded.

We applied multivariable Cox proportional hazard models,
adjusting for age, sex, ethnicity, household income, smoking,
alcohol intake, BMI, and the top 10 genetic principal compo-
nents. Associations were considered validated if the hazard ratio
was statistically significant (P < 0.05) and directionally consistent
with step 2 MR estimates. Thirteen protein-phenotype associations
were validated, involving nine outcomes and seven unique pro-
teins. Kaplan-Meier survival curves were plotted by quartiles of
baseline protein levels, and log-rank tests were applied to assess
statistical significance.
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Mediation analysis

To quantify the extent to which these proteins mediate the relation-
ship between MASLD and clinical outcomes, we performed media-
tion analysis for the 13 validated pairs using a product-of-coefficients
approach implemented in the mediation R package (v.4.5.0). Linear
regression was used for the MASLD-protein association and logistic
regression for protein-outcome associations, adjusting for the same
covariates. The indirect effects and proportion mediated were esti-
mated using 1000 bootstrap samples.

Integrative colocalization and MR analysis for

gene-protein pairs

To determine whether MASLD-prioritized loci causally influence
circulating proteins identified by proteome-wide MR, we performed
an analysis that jointly applied colocalization and MR. We first evalu-
ated whether MASLD-associated loci and the 25 candidate proteins
from proteome-wide MR are driven by the same causal variant. Us-
ing the coloc R package (v.5.2.3), which estimates the posterior prob-
ability that two traits share an underlying genetic signal, we analyzed
+250-kb windows centered on MASLD lead SNPs with default priors
(pl =1x10"*and p2 =1 x 10~* for trait associations; p12=1x 10~
for a shared association). A PP.H4 > 0.80 was considered strong evi-
dence of colocalization. For such loci, we identified MASLD signals
colocalizing with multiple proteins and depicted regional patterns
using LocusZoomr (v.0.3.8).

We next evaluated regulatory effects of MASLD-prioritized gene
expression on candidate plasma proteins using two-sample MR,
treating liver eQTLs as exposures and plasma-protein GWAS as out-
comes. Liver eQTL summary data were obtained from Broadway
etal. (n=1183) (98). We derived independent instruments per gene
(LD #* < 0.01; association P < 1 X 107>; F-statistic > 10) and esti-
mated causal effects of gene expression on circulating abundance for
the 25 proteins nominated by proteome-wide MR. Associations were
deemed nominally significant at P < 0.05 in light of the moderate
eQTL sample size.
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