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Abstract
Background  Metabolic dysfunction-associated steatotic liver disease (MASLD) affects > 25% of the global population, 
potentially leading to severe hepatic and extrahepatic complications, including metabolic dysfunction-associated 
steatohepatitis. Given that the pathophysiology of MASLD is incompletely understood, identifying therapeutic targets 
and optimizing treatment strategies are crucial for addressing this severe condition.

Methods  Mendelian randomization (MR) analysis was conducted using two genome-wide association study 
datasets: a European meta-analysis (8,434 cases; 770,180 controls) and an additional study (3,954 cases; 355,942 
controls), identifying therapeutic targets for MASLD. Of 4302 drug-target genes, 2,664 genetic instrument variables 
were derived from cis-expression quantitative trait loci (cis-eQTLs). Colocalization analyses assessed shared causal 
variants between MASLD-associated single nucleotide polymorphisms and eQTLs. Using the drug target gene cis-
eQTL of liver tissue from the genotype-tissue expression project, we performed MR and summary MR to validate the 
significance of the gene results of the blood eQTL MR. RNA-sequencing data from liver biopsies were validated using 
immunohistochemistry and quantitative polymerase chain reaction (qPCR) tests to confirm gene expression findings.

Result  MR analysis across both datasets identified significant MR associations between MASLD and two drug 
targets—milk fat globule-EGF factor 8 (MFGE8) (odds ratio [OR] 0.89, 95% confidence interval [CI] 0.85–0.94; 
P = 2.15 × 10−6) and cluster of differentiation 33 (CD33) (OR 1.17, 95% CI 1.10–1.25; P = 1.39 × 10−6). Both targets 
exhibited strong colocalization with MASLD. Genetic manipulation indicating MFGE8 activation and CD33 inhibition 

Druggable genome-wide Mendelian 
randomization identifies therapeutic targets 
for metabolic dysfunction-associated steatotic 
liver disease
Xiaohui Ma1,4†, Li Ding1†, Shuo Li1†, Yu Fan1, Xin Wang1, Yitong Han2, Hengjie Yuan3*, Longhao Sun2*, Qing He1* and 
Ming Liu1

http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s12944-025-02515-8&domain=pdf&date_stamp=2025-3-24


Page 2 of 15Ma et al. Lipids in Health and Disease          (2025) 24:113 

Introduction
With the increasing prevalence of obesity, metabolic 
dysfunction-associated steatotic liver disease (MASLD) 
has become a major global health concern, affecting 
approximately 25% of adults [1]. MASLD is characterized 
by excessive triglyceride accumulation in the liver along-
side at least one cardiometabolic risk factor. Some studies 
suggest that evidence from non-alcoholic fatty liver dis-
ease (NAFLD) research is applicable to MASLD, and the 
terms NAFLD and MASLD can be used interchangeably 
[2–6]. Therefore, this study adhered to these classifica-
tion principles in data extraction and concept descrip-
tions. MASLD involves a range of histologically classified 
pathologies, including simple steatosis, metabolic dys-
function-associated steatohepatitis (MASH), and cirrho-
sis [7]. MASH, a late-stage form of MASLD, is expected 
to become a predominant indication for liver transplan-
tation. Despite its severity, no approved drug therapies 
for MASLD exist, and the few investigated therapies have 
shown limited efficacy [8, 9]. Advancing research on the 
cellular and molecular pathogenesis of MASLD is essen-
tial for identifying therapeutic targets and developing tar-
geted treatments.

Genetic variants associated with MASLD and MASH 
have been identified through genome-wide association 
studies (GWAS) and candidate gene approaches [10]. 
These findings further highlight the important role of 
genetic factors in the risk of developing MASLD and in 
disease progression [11, 12]. With the increasing popu-
larity of GWAS, Mendelian randomization (MR) has 
been shown to be effective in investigating the etiology 
of this disease and in predicting the efficacy of clinical 
medications through simulating randomized controlled 
trials [13]. In MR analyses of drug target genes, the use 
of mRNA, proteins, or other downstream biomarkers as 
exposure factors is a robust analytical approach that is 
more closely aligned with the causal pathway than other 
exposure phenotypes. Commonly, cis-expression quan-
titative trait loci (cis-eQTL) within the genomic regions 
of drug target genes are employed as proxies, which are 
regulators that influence gene expression [14]. 

This study clarified mechanisms underlying MASLD 
and identified potential therapeutic targets for drug 
development by examining the association between pro-
tein-coding genes and MASLD. Using two independent 

MASLD GWAS datasets, the eQTL identified in blood 
were combined. MR analyses were conducted to identify 
potential drug targets that might slow MASLD progres-
sion. The associations between representative druggable 
genes and MASLD risk were examined, along with the 
associations between these genes and 16 metabolism-
related disease risk factors and seven common disease 
characteristics. Although several similar studies have 
been conducted, this study offers advantages owing to 
its large genome-wide association study (GWAS) sample 
size, broad ethnic representation, and validation of popu-
lation samples through RNA sequencing [15–17]. 

Methods
This study was a secondary analysis of publicly available 
data. Informed consent was obtained from all partici-
pants following the original GWAS protocol, and all ethi-
cal approvals for GWAS were obtained from the original 
study authors. The experimental verification part of our 
study was approved by the Institutional Review Board 
of Tianjin Medical University General Hospital (Tianjin, 
China) and conducted following the Declaration of Hel-
sinki norms.

Identification of cis-eQTL data associated with druggable 
genes (cis-eQTL of blood and liver tissue from genotype-
tissue expression [GTEx])
A total of 4,302 druggable genes, annotated using the 
HUGO Gene Nomenclature Committee (HGNC) data-
base, were identified on autosomal chromosomes [18]. 
These included 1,375 protein therapy targets in clinical 
development, 2,281 proteins related to members of key 
drug target families, and 646 proteins associated with 
drug–target interactions. Given that cis-eQTLs are more 
closely associated with genes relevant to drug discovery, 
statistically significant cis-eQTLs were obtained from 
the eQTLGen Consortium to minimize bias (false dis-
covery rate < 0.05, 1 Mb per probe). Consequently, 31,684 
human peripheral blood eQTLs were analyzed [19]. A 
total of 4,302 genetic tools for druggable targets were 
generated through selecting cis-eQTLs within 100  kb 
of the genomic location of each gene, ultimately identi-
fying eQTLs for 2,664 druggable genes. Using the same 
method, the drug target gene cis-eQTLs of liver tissue 
were also obtained from GTEx v10.0 (​h​t​t​p​​s​:​/​​/​g​t​e​​x​p​​o​r​t​​a​l​.​​

did not increase the risk for other metabolic disorders. RNA-sequencing, qPCR, and immunohistochemistry validation 
demonstrated consistent differential expressions of MFGE8 and CD33 in MASLD.

Conclusion  CD33 inhibition can reduce MASLD risk, while MFGE8 activation may offer therapeutic benefits for 
MASLD treatment.
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o​r​g​/​​h​o​​m​e​/​​r​e​l​​e​a​s​e​​I​n​​f​o​P​a​g​e) to validate the significance of 
the gene results after the blood eQTL MR analysis.

Outcome data
A genome-wide meta-analysis was conducted on four 
cohorts (United Kingdom [UK] Biobank, Estonian 
Biobank, Electronic Medical Records and Genomics 
(eMERGE), and (Finnish Genetic) FinnGen [20]) of par-
ticipants of European ancestry with electronic health 
records for MASLD. The analysis included the eMERGE 
and FinnGen cohorts, an updated MASLD GWAS from 
the UK Biobank (2558 cases; 395,241 controls), and a 
newly performed GWAS from the Estonia Biobank (4119 
cases; 190120 controls). In total, 8,434 MASLD cases and 
770,180 controls were included in these cohorts [20]. 

A separate sample cohort was used for external valida-
tion [21] (Table S1). The study was a genomics-specific 
case-control study in the UK Biobank [21] with a defini-
tive diagnosis of MASLD based on the diagnostic crite-
ria recommended in recent consensus guidelines [22]. 
GWAS analyses were performed on 4,761 MASLD cases 
and 373,227 healthy controls without MASLD who were 
subjected to sensitivity analyses, excluding other second-
ary liver pathologies that coexisted, and adjusting for 
body mass index (BMI) and alcohol intake.

Metabolism-related diseases
Sixteen metabolism-related disease risk factors were 
selected, including lipid profiles (total cholesterol [TC], 
triglyceride [TG]), high-density lipoproteins [HDL-C], 
low-density lipoproteins [LDL-C], apolipoproteins A1 
and B (ApoA1, ApoB), and lipoprotein a (Lp(a)) [23]. 
Additionally, blood pressure metrics, including systolic 
blood pressure, diastolic blood pressure, were included 
[24]. Three blood glucose indicators were considered: 
fasting glucose, fasting insulin, and glycated hemoglobin 
[25]. Four anthropometric characteristics were also ana-
lyzed (BMI, waist circumference, hip circumference, and 
waist-to-hip ratio) [26, 27]. Furthermore, seven metabolic 
syndrome-related conditions, such as essential hyper-
tension [28], obesity [26], hyper-triglyceridemia [29], 
type 2 diabetes mellitus [30], myocardial infarction [28], 
and ischemic stroke, were included in the analysis [30]. 
The GWAS database, operated by the Medical Research 
Council–Integrative Epidemiology Unit (MRC-IEU) con-
sortium, was used as the source of initial exposure data 
for the Atherosclerotic Heart Disease Study (Table S2) 
[31]. 

MR and colocalization (cis-eQTL of blood and liver tissue 
from GTEx)
A two-sample MR R package was employed to analyze 
the MR data. A series of criteria were applied to exclude 
low-quality instrumental variables [32]. First, weak 

single nucleotide polymorphisms (SNPs) were excluded 
by calculating the F-statistic (F-statistic < 10). Subse-
quently, SNPs that did not exhibit linkage disequilib-
rium with independent conditions (r² < 0.1, based on the 
1000 Genomes Europe reference panel) were selected as 
instrumental variables. Additionally, genes with greater 
MASLD trait exposure were excluded through Steiger 
filtering, a heterogeneity filtering method to filter SNPs 
whose coefficient of determination (R2) (R-squared, a 
statistical measure that represents the proportion of the 
variance for a dependent variable that is explained by 
an independent variable) with the exposure is not sub-
stantially greater than with the outcome. In the primary 
analyses, MR estimates for each SNP were calculated 
using the Wald ratio method. The SNP estimates were 
meta-analyzed using inverse variance weighting (IVW), 
MR-Egger, and weighted median models [33]. MR-Egger 
regression introduces a nuisance parameter to account 
for directional pleiotropy, assesses whether genetic vari-
ants exhibit pleiotropic effects on the outcome, and 
compares the observed distance of all the variants to 
the regression line with the expected distance under the 
null hypothesis of no horizontal pleiotropy [34]. Bonfer-
roni correction was used to assess significance thresh-
olds for multiple test exposures. A P-value < 1.90 × 105 
(P = 0.05/2644) was defined as a statistically significant 
difference, and validation of these significantly different 
targets was subsequently repeated in another indepen-
dent cohort. Using the same MR process, drug target 
gene cis-eQTLs of liver tissue from GTEx were also used 
to validate the significance of the gene results after the 
blood eQTLs MR analysis.

Significant MR results common to both independent 
cohorts with MASLD risk were identified using a coloc 
R package. For the eQTL dataset, a priori probabilities of 
1 × 104 for cis-eQTL (H1) and MASLD association were 
assumed, along with 1 × 105 for a single variant affecting 
both traits (H4) [35]. Genes with significant co-local-
ization (a posteriori probability PH4 > 0.80) were con-
sidered as potential drug therapy targets. Subsequently, 
the association between these targets and 23 metabolic 
syndrome-related traits was investigated using MR anal-
ysis to assess potential safety concerns and alternative 
indications.

Summary data-based MR (SMR)
The primary analysis applied involved MR analysis of 
blood eQTL and diseases. Given that MASLD is liver-
specific, prior validation was conducted using liver 
eQTLs from GTEx in addition to an MR analysis of the 
disease. To ensure the robustness of study results, a dual 
SMR analysis was conducted with liver eQTLs from two 
versions of the GTEx database (v10.0 and v8.0) in con-
junction with disease outcomes.

https://gtexportal.org/home/releaseInfoPage
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Patients
From July 2023 to March 2024, patients with obesity 
who underwent sleeve gastrectomy at the Tianjin Medi-
cal University General Hospital received liver biopsies 
to assess steatosis, inflammation, hepatocyte balloon-
ing, and fibrosis, using a semi-quantitative method of 
the nonalcoholic steatohepatitis activity score (NAS) 
[36]. Patients were categorized as having simple steato-
sis (NAS 1–2, without ballooning or fibrosis) or MASH 
(NAS ≥ 5 or NAS 3–4 with fibrosis). The prevalence rate 
for MASH within the cohort under investigation was 
42.12%. Liver and blood samples were collected for RNA 
sequencing and stored at − 80 °C for subsequent analysis.

RNA sequencing and data analysis
Overall, 41 patients with obesity who underwent meta-
bolic surgery with intraoperative liver biopsies were 
selected for RNA sequencing by Shanghai OE Bio-
tech. RNA extraction and library preparation meth-
ods are detailed in Supplementary File S1. Libraries 
were sequenced on the BGI sequencing platform (BGI 
T7), generating 150  bp paired-end reads. Trimmo-
matic, a multithread command tool, removed adapt-
ers and low-quality reads, with clean reads mapped to 
genes using the program HISAT2 [37, 38]. Read counts 
per gene were obtained with HTSEQCOUNT [39], with 
fragments per kilobase per million mapped fragments 
(FPKM) values calculated using CUFFLINKS [40]. Dif-
ferentially expressed genes (DEGs) between groups 
were determined using truncated P-values < 0.05 and 
fold change > 1.5 or < 0.67 using DESeq2 with P-values 
corrected for multiple testing using the corresponding 
R package function for Benjamini–Hochberg method. 
Gene expression patterns were analyzed using hierarchi-
cal clustering.

Histological analysis
Liver tissues were fixed with 4% paraformaldehyde, par-
affin-embedded, and sectioned at 5  μm. Tissue sections 
were then stained with hematoxylin and eosin (HE) and 
Masson’s stain and evaluated using an orthogonal light 
microscope (Nikon, NIKON ECLIPSE E100). Immuno-
histochemical staining was performed on at least six liver 
samples from each group to detect protein expression 
of CD33 (Proteintech Group, 17425-1-AP) and MFGE8 
(Proteintech Group, 25951-1-AP). Results were inter-
preted under a white light microscope (Nikon Instru-
ments Ltd. E100). Using the AIPATHWELL analysis 
software, the same tan nuclei were uniformly selected 
to identify positive cells in all sections, while blue nuclei 
were selected as other cells. Each section was analyzed 
to obtain the number of positive and total cells. The per-
centage of positive cells (number of positive cells/total 

number of cells * 100) was calculated as the positivity rate 
(%).

Quantitative polymerase chain reaction
Total RNA was isolated from liver using a mirVana RNA 
Isolation Kit (AM1561), and its yield and integrity were 
assessed using a NanoDrop 2000 spectrophotometer 
and ethidium bromide-stained agarose gel electrophore-
sis, respectively. RNA was converted to cDNA with the 
TransScript All-in-One First-Strand cDNA Synthesis 
SuperMIX for qPCR (quantitative polymerase chain reac-
tion). qPCR testing was conducted on a LightCycler® 480 
II using PerfectStart Green qPCR SuperMix, with ampli-
fication conditions consisting of 94 °C for 30 s, followed 
by 45 cycles of 94 °C for 5 s and 60 °C for 30 s. Product 
specificity was confirmed by melting curve analysis from 
60 °C to 97 °C. mRNA expression levels were normalized 
to GAPDH and calculated with the 2−ΔΔCt method. Prim-
ers were designed and synthesized by Shanghai Ouyi 
Biomedical Technology Co. and Beijing Kengke Xinye 
Biotechnology Co, respectively (Table S3).

Statistical analysis
Statistical data are represented as mean and standard 
deviation values. Group differences were assessed using 
one-way analysis of variance (ANOVA) followed by 
Tukey’s post-hoc test for pairwise comparisons. When 
data did not meet the assumptions of parametric tests, a 
Kruskal–Wallis analysis test was employed to assess dif-
ferences across more than two groups. P-values < 0.05 
were considered statistically significant.

Results
Study design
Figure  1 shows the study process, while Table S2 out-
lines the data sources. Initially, we screened 4,302 human 
protein-coding genes to evaluate their potential as drug 
targets. Independent cis-eQTL variants of human blood 
were then selected conditionally, and two-sample MR was 
performed to assess the association between drug-target 
mRNA expression and MASLD risk. MR results were 
simultaneously adjusted multiple times and validated in 
a second cohort. Colocalization analyses were conducted 
to test whether the MR results were affected by different 
causal variants owing to chain imbalance. Additionally, 
the drug target gene cis-eQTL of liver tissue from GTEx 
was used to conduct MR and SMR analysis to validate the 
significance of gene results of the blood eQTL MR analy-
sis. Safety and alternative indications for the final targets 
were also evaluated via MR. Finally, RNA-seq was per-
formed on liver biopsy samples, with immunohistochem-
istry and qPCR experimental methods used to validate 
the results of RNA-seq and colocalization.
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Discovery analysis
A total of 2,644 druggable genes were identified by 
screening cis-eQTL data from the eQTLGen consortium. 
Subsequently, two-sample MR analyses were conducted 
on European MASLD patient data. In the discovery 
cohort, IVW meta-analysis was used in conjunction 
with effect estimates for each instrumental variable, with 
analysis performed on 8,434 patients and 770,180 con-
trols from the meta-analysis of four cohorts. Ultimately, 
following a series of tests, it was determined that the 
predicted gene expression of four genes (MFGE8, CD33, 
LILRA3, and TEK) was associated with an increased risk 
of developing MASLD (P < 1.90E− 5 [IVW], 0.05 Bonfer-
roni-corrected 2,644 drug targets, Table S4–8).

Replication analysis
Effect estimates for the four genes identified in the dis-
covery phase were validated using the UK Biobank 

cohort (N = 373,227). The validation results for two of the 
targets (MFGE8 and CD33) were statistically significant 
(P < 0.05 [IVW], Table 1, Table S9), while the direction of 
effect remained consistent.

Colocalization analysis
To minimize the risk of linkage disequilibrium (LD) con-
founding MR results, gene colocalization analyses were 
conducted to assess the probability of sharing causal 
genetic variation in SNPs associated with MASLD and 
eQTL. Two genes exhibited strong evidence of colocal-
ization (PP.H4 > 0.8). Specifically, colocalization of CD33 
and MFGE8 with MASLD suggests their potential as 
drug target genes. The results indicated that MFGE8 and 
MASLD might share a causal variant within the MFGE8 
locus (PP.H4 = 0.85, Fig.  2), whereas CD33 in blood was 
highlighted as a candidate gene for MASLD risk (PP.
H4 = 0.93, Fig.  2). Consequently, MR and colocalization 

Table 1  Mendelian randomization results
Genes Discovery cohort Replication cohort

SNPs OR(95%CI) IVW MR-Egger Egger SNPs OR(95% Cl) IVW MR-Egger Egger
p-value intercept intercept

p-value
p-value intercept intercept

p-value
CD33 18 1.17(1.10, 1.25) 1.39E-06 0.03 0.02 18 1.10(1.01–1.19) 0.02 0.06 0.45
MFGE8 24 0.89(0.85–0.94) 2.15E-06 -0.01 0.49 28 0.94(0.89–0.99) 0.04 -0.07 0.25
TEK 42 0.92 (0.89, 0.96) 1.90E-06 -0.02 0.02 45 0.98(0.94–1.02) 0.36 -3.23E-3 0.94
LILRA3 21 1.05 (1.03, 1.07) 2.03E-06 0.02 0.12 27 1.02(0.99–1.05) 0.16 0.03 0.20
MFGE8, Milk fat globule-EGF factor 8; TEK, Tie2 Endothelial Cell Kinase; LILRA3, Leukocyte Immunoglobulin-Like Receptor, Subfamily A (with TM and 2 Ig-Like 
Domains), Member 3; OR, odds ratio; CI, confidence interval; IVW, inverse variance weighted

Fig. 1  Overview of the MR study design. MR, Mendelian randomization
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analyses identified two potential drug target genes, pro-
viding evidence of a shared genetic effect between eQTL 
and MASLD risk (Table S10).

Liver transcriptomics and pathological findings
RNA-seq generated a total of 285.42 G of clean data. The 
effective data volume for each sample ranged from 6.69 
to 7.08 G, with Q30 base distribution between 95.85 and 
97.27% and an average GC content of 45.35%. By align-
ing the reads to the reference genome, the genomic align-
ment for each sample was obtained, with an alignment 
rate of 98.82–99.12%. Based on the alignment results, 
expression of protein-coding gene were analyzed, and dif-
ferential screening was conducted based on the expres-
sion of protein-coding genes in different samples, with a 
total of one differential grouping (Tables S11–12). Prin-
cipal component analysis revealed different liver tran-
scriptome profiles between patients in the non-MASH 
and MASH groups (Figure S1). Meanwhile, sample-
sample distance clustering analysis showed that samples 
in the non-MASH group were more distinct from those 
in the MASH group (Fig. 3). A total of 1,422 genes were 

significantly differentially expressed in the non-MASH 
group compared with the MASH group, with 695 genes 
upregulated and 727 genes downregulated. H&E and 
Masson staining images showed significant macrovesic-
ular steatosis, hepatocyte ballooning degeneration, and 
inflammatory infiltration in the livers of patients with 
MASH (Fig. 4).

CD33
The MR analysis revealed a significant correlation 
between increased CD33 expression and a heightened 
risk of MASLD (odds ratio [OR] = 1.17, 95% confidence 
interval [CI]: 1.10, 1.25, P = 1.39 × 10−6). Consequently, 
antagonists targeting CD33 are emerging as a promis-
ing therapeutic approach to mitigate the risk of MASLD. 
However, it is imperative to consider potential adverse 
effects and indications for use during the development of 
novel pharmacological agents. Consequently, an evalua-
tion was performed to ascertain the causal relationship 
between CD33 gene inhibitors and 16 potentially modifi-
able risk factors, in addition to seven metabolism-related 
diseases.

Fig. 2  Regional Manhattan plot of associations between SNPs and MFGE8 and CD33 locus. (A) rs10520679 was used to proxy serum MFGE8 expression. 
(B) rs10520679 and its flanking 500 kb region to either side in MASLD. (C) rs1710398 was used to proxy serum CD33 expression. (D) rs1710398 and its 
flanking 500 kb region to either side in MASLD. MASLD, metabolic dysfunction associated steatotic liver disease; MFGE8, milk fat globule-EGF factor 8; 
SNP, single-nucleotide polymorphisms
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The evidence was inconclusive regarding the associa-
tion between proxied gene inhibitors of CD33 and lipid 
metabolism markers, blood pressure, and glucose-related 
markers (P > 2.17 × 10−3 [IVW], 0.05/23 results, Fig.  5). 
However, weak correlations were observed between 
proxied gene inhibitors of CD33 and Lp(a) (P = 0.041 
[IVW]).

For metabolic syndrome-related diseases, genetically 
predicted CD33 inhibition was significantly negatively 
associated with atherosclerotic heart disease (OR = 0.997, 
95% CI: 0.996–0.999, P = 1.67 × 10−3 [IVW]) (Fig.  5). 

Weak correlations were presented with essential hyper-
tension (OR = 0.999, 95% CI: 0.998–1.000, P = 1.55 × 10−2 
[IVW]).

To explore the possible relationship between CD33 and 
the risk of MASLD, gene and protein levels in liver tis-
sues of patients with MASLD were examined. The results 
of liver transcriptomics showed that the mRNA of CD33 
in liver tissues of patients in the MASH group was sig-
nificantly higher than those of patients in the non-MASH 
group. Immunohistochemical staining showed that the 
percentage of CD33-positive cells was significantly higher 
in patients in the MASH group than in those in the non-
MASH group. The results showed that the expression of 

Fig. 3  Liver transcriptome profile. (A) Heatmap of the DEGs expression between MASH group and non-MASH group. (B) Volcano plot of differential ex-
pression. (C) Bar chart of GO enrichment analysis. (D) Bubble chart of KEGG pathway enrichment analysis. RNA sequencing was randomly selected for 9 
samples in the non-MASH group and 32 samples in the MASH group. DEGs, differentially expressed genes; GO, gene ontology; KEGG, Kyoto Encyclopedia 
of Genes and Genomes; MASH, metabolic dysfunction-associated steatohepatitis
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Fig. 4  Representative H&E and Masson’s trichrome staining of liver from non-MASH patient and MASH patient (40×, 20 μm). (A) Representative H&E stain-
ing of liver from non-MASH patient. (B) Representative H&E staining of liver from MASH patient. (C) Representative Masson’s trichrome staining of liver 
from MASH patient. H&E, hematoxylin and Eosin; MASH, metabolic dysfunction-associated steatohepatitis
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CD33 was significantly higher in patients with MASH 
(Figs. 6 and 7). At the single-cell level, CD33 is expressed 
in immune cells (myeloid cells, lymphocytes, and eryth-
rocytes) and endothelial cells, with some expression in 
hepatocytes (​h​t​t​p​​s​:​/​​/​s​i​n​​g​l​​e​c​e​​l​l​.​​b​r​o​a​​d​i​​n​s​t​​i​t​u​​t​e​.​o​​r​g​​/​s​i​n​g​l​e​c​
e​l​l) (Figure S2).

MFGE8
MFGE8 is another druggable gene screened for the pres-
ence of a significance threshold using colocalization and 
hepatic transcriptomics analysis. MR analysis showed 
a correlation between reduced MFGE8 expression and 
increased risk of MASLD (OR = 0.89, 95% CI 0.85–0.94, 
P = 2.15 × 10−6). Therefore, MFGE8 plays an inhibitory 
role in the development of MASLD. Significant nega-
tive associations were found between the surrogate gene 
agonists on MFGE8 and lipid indices of triglycerides 
(P = 3.86 × 10−3 [IVW]), ApoB (P = 1.15 × 10−4 [IVW]), and 
a positive association with HDL (P = 9.64 × 10−4 [IVW]). 
No significant associations were observed between sur-
rogate gene agonists of MFGE8 and blood pressure, glu-
cose, and weight-related markers (P > 2.17 × 10−3 [IVW], 
0.05/23 results). Meanwhile, MR analyses of meta-
bolic diseases showed that MFGE8 activation did not 

significantly increase the risk of metabolic diseases. The 
observed correlations between surrogate gene agonists 
of MFGE8 and atherosclerotic heart disease were weak 
(P = 1.37 × 10−2 [IVW] Fig. 5). However, after Bonferroni 
correction, this association was no longer statistically 
significant.

Furthermore, the RNA and protein expression levels of 
MFGE8 in human liver tissues were examined. The find-
ings indicated that the RNA expression level of MFGE8 
was lower in patients with MASH, suggesting that the 
level of MFGE8 is negatively correlated with the risk of 
MASH (Fig.  6). Immunohistochemical staining showed 
that the percentage of MFGE8-positive cells was signifi-
cantly higher in patients in the non-MASH group than in 
those in the MASH group. The results showed that the 
expression of MFGE8 was significantly lower in patients 
with MASH (Fig.  7). At the single-cell level, MFGE8 is 
expressed in endothelial, epithelial, and hepatocyte cells 
(​h​t​t​p​​s​:​/​​/​s​i​n​​g​l​​e​c​e​​l​l​.​​b​r​o​a​​d​i​​n​s​t​​i​t​u​​t​e​.​o​​r​g​​/​s​i​n​g​l​e​c​e​l​l) (Figure 
S2).

MR results of eQTL of liver tissue from GTEx
MR results of eQTL of liver tissue from GTEx (v10.0) 
were as follows: CD33 (OR = 1.195, 95% CI: 1.12–1.27, 

Fig. 5  Associations between genetically predicted CD33 and MFGE8 and other metabolic-related diseases. MR forest plot showing the effect estimates 
and 95% CI for the genetically proxied antagonistic effect of CD33 on 7 metabolic-related diseases (A) and 16 common risk factors (C). MR forest plot 
showing the effect estimates and 95% CI for the genetically proxied antagonistic effect of MFGE8 on 7 metabolic-related diseases (B) and 16 common risk 
factors (D). CI, confidence interval; MR, Mendelian randomization; OR, odds ratio
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P = 1.05 × 10−8 [IVW]); and MFGE8 (OR = 1.02, 95% CI: 
0.997–1.03, P = 9.38 × 10−2 [IVW]). The OR for MFGE8 
was 1.02 (95% CI: 0.997–1.03), with a P-value of 0.0938. 
This suggests a non-significant 2% increase in disease risk 
per MFGE8 copy, as the CI includes one and the P-value 
is > 0.05, indicating no significant association with dis-
ease risk (Table S13).

SMR analysis findings for liver eQTLs from GTEx (v8.0 and 
v10.0)
GTEx (v8.0) results are as follows: CD33 (OR = 1.077, 95% 
CI: 0.967–1.187, P = 5.20 × 10−2) and MFGE8 (OR = 0.966, 
95% CI: 0.847–1.084, P = 7.34 × 10−2) (Table S14). CD33 
is relatively significant before FDR adjustment, and the 
direction is consistent with the results of the main analy-
sis of the discovery set. However, after FDR adjustment, 
both are no longer significant.

Fig. 7  Expression of CD33 and MFGE8 in liver tissues between the non-MASH and MASH groups. (A) Expression of CD33 positive (%) in liver tissues be-
tween the non-MASH and MASH groups. (B) Expression of MFGE8 positive (%) in liver tissues between the non-MASH and MASH groups. (C) Expression 
of MFGE8 relative mRNA in liver tissues between the non-MASH and MASH groups. MASH, metabolic dysfunction-associated steatohepatitis; MFGE8, milk 
fat globule-EGF factor 8

 

Fig. 6  Protein expression of CD33 and MFGE8 in liver tissue of patients with MASLD (40×, 20 μm). (A) CD33 expression in the liver of patients in the non-
MASH group. (B) CD33 expression in the liver of patients with MASH. (C) MFGE8 expression in the liver of patients in the non-MASH group. (D) MFGE8 
expression in the liver of patients with MASH, with six samples per group. MASH, metabolic dysfunction-associated steatohepatitis; MFGE8, milk fat 
globule-EGF factor 8
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GTEx (v10.0) results are as follows: CD33 (OR = 1.847, 
95% CI: 1.598–2.096, P = 3.53 × 10−2); MFGE8: 
(OR = 1.185, 95% CI: 1.058–1.313, P = 2.55 × 10−1). CD33 
is relatively significant before FDR adjustment. However, 
the direction of MFGE8 is not consistent with the results 
of the main analysis of the discovery set. Moreover, after 
FDR adjustment, both were no longer significant (Sup-
plement Table S14).

Sensitivity analysis results
Sensitivity analysis results of MR results for eQTL of 
blood showed that CD33 and MFGE8 (Heterogeneity, 
steiger_direction, and MR presso tests) were robust (Sup-
plement Table S5–7). In the liver tissue, CD33 remained 
robust, while MFGE8 exhibited some heterogeneity (Sup-
plement Table S13). The HEIDI test from SMR analysis 
showed that results of both the target genes were robust 
(Supplement Table S14).

Discussion
With the rising prevalence of obesity and its associated 
metabolic sequelae, MASLD has emerged as the pre-
dominant chronic liver condition worldwide [40]. The 
etiopathogenesis of MASLD is multifaceted and not 
completely elucidated, contributing to a lack of effec-
tive pharmacotherapies. Therefore, the identification of 
pathogenic targets for MASLD is critical for the advance-
ment of tailored treatment approaches. In this extensive 
MR study comprising 4,761 individuals with MASLD 
and 373,227 controls, GWAS data, pharmacogenomic 
information, and gene expression profiles were investi-
gated. The study findings indicate that inhibition of CD33 
gene function and activation of MGFE8 are inversely 
associated with the risk of MASLD. Furthermore, it was 
observed that the genetically predicted inhibition of 
CD33 is significantly inversely correlated with atheroscle-
rotic heart disease.

CD33, a member of the sialic acid-binding immuno-
globulin-like lectin (Siglec) family, is a cell surface protein 
that mediates cell-cell interactions and immune regula-
tion. As a transmembrane protein, CD33 is expressed 
across hematopoietic and phagocytic cells, such as 
microglia, dendritic cells, monocytes, macrophages, 
granulomonocyte precursors, and hematopoietic progen-
itor cells [41, 42]. However, its precise associations with 
diseases is not fully elucidated.

CD33 is highly expressed in leukemia blasts and 
myeloid leukemia initiating cells, yet it is not present in 
primitive stem cells and multipotent progenitors. While 
expressed in common myeloid precursors, CD33 lev-
els are reduced in mature granulocytes and circulating 
macrophages, making it a promising target for immu-
notherapy in acute myeloid leukemia (AML) [43]. CD33 
is expressed on mature myeloid cells and hematopoietic 

progenitors, necessitating caution to prevent non-tumor 
toxic effects when developing CD33 antibody-based 
therapies. Mylotarg (Gemtuzumab Ozogamicin, GO) 
is an antibody-drug conjugate (ADC) that consists of 
an anti-CD33 IgG4 monoclonal antibody linked to cali-
cheamicin. It targets the CD33 antigen on AML cells, 
is internalized, and releases calicheamicin to eradicate 
the leukemia cells, extending survival in certain patients 
[44]. Currently, researchers are developing more effective 
CD33-targeted therapeutic agents, such as antibodies 
against different epitopes of CD33 [45, 46]. 

The CD33 gene, expressed on brain microglial cells 
and linked to Alzheimer’s disease (AD) risk, regulates 
processes such as cytokine release and immune cell 
growth. CD33 might facilitate AD onset through hinder-
ing microglial clearance of β-amyloid [47, 48]. Research 
suggests AD starts with lysosomal autophagy dysfunction 
in neurons, leading to β-amyloid deposits [49]. Currently, 
no CD33-related drugs for the treatment of AD exist. 
However, the complexity of CD33-expressing isoforms 
and safety concerns related to cytotoxicity have limited 
the ability to effectively target and use the drug. Some 
studies indicate that CD33 is an immune checkpoint 
receptor for HBV-induced immune tolerance [50]. 

The multifaceted role of CD33 in various health and 
disease states underscores its importance in immune reg-
ulation. Regarding MASLD, a notable aspect of CD33’s 
function is its association with myeloid-derived sup-
pressor cells (MDSCs), which serve as a key regulator of 
hepatic lipid metabolism. MDSC counts increase with 
lipid accumulation, and those derived from polymorpho-
nuclear cells in the livers of obese mice have been shown 
to enhance liver lipid deposition through secreting pro-
inflammatory factors (e.g., S100A9), disrupting normal 
liver lipid metabolism [51, 52]. In humans, both poly-
morphonuclear cell-derived MDSCs (PMN-MDSCs) and 
monocyte-derived MDSCs (M-MDSCs) express CD33. 
It is inferred that the increased expression of CD33 in 
MASLD might be related to the increase in myeloid-
derived suppressor cells owing to long-term chronic 
inflammation.

A preprint study has identified four novel genetic tar-
gets for MASLD, including CD33, by analyzing 2,941 
plasma proteins from 43,978 individuals in the UK Bio-
bank. Integrating human genetics, transcriptomics, liver 
imaging, and biopsy proteomics, the research aligns with 
our results. It indicates that the association of CD33 to 
MASLD is mediated through body weight, with pathway 
analysis implicating CD33 in the regulation of interleu-
kin-1beta production [15]. The precise role of CD33 in 
the pathogenesis of MASLD warrants further explora-
tion. Despite the existence of CD33-targeted therapies, 
the relationship between CD33 and MASLD has not 
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been fully investigated. The findings propose CD33 as a 
conceivable therapeutic target for MASLD intervention.

MFGE8 was first discovered in the milk fat globules 
of mouse mammary epithelial cells and functions as a 
secreted cellular protein. MFGE8 is an anti-inflamma-
tory factor and is involved in a variety of physiological 
processes, including fertilization [53], angiogenesis [54], 
innate immunity [55], and tumorigenesis [56]. Studies 
have shown that MFGE8 expression is associated with 
myocardial hypertrophy, coronary atherosclerosis [57, 
58], and anti-inflammatory effects such as post-operative 
injury [59], and sepsis [60]. MFGE8 is an endogenous 
inhibitor of inflammation-induced IL-1β production 
and inhibits macrophage-induced necrotic cell and ATP-
dependent IL-1β production by inducing the interaction 
of integrin β3 and P2 × 7 receptors in cells.

Zhang Lei et al. [61] reported that MFGE8 expression is 
decreased in patients with MASLD and in mouse models. 
During the process of lipid accumulation in hepatocytes, 
MFGE8 was shown to negatively regulate inflamma-
tion and lipid accumulation through binding to apopto-
sis signal-regulating kinase 1 (ASK1) and inhibiting its 
activation. The MR analysis suggests a causal association 
between MFGE8 agonists and lipid metabolism markers 
(TG, HDL, apo B). Under metabolic stress, a decrease in 
MFGE8 promotes ASK1-dependent inflammation, sug-
gesting that MFGE8 may serve as a potential therapeutic 
target for preventing the progression of MASLD, which 
is consistent with our study findings. MFG-E8 partici-
pates in a series of inflammatory processes mediated by 
the liver-spleen axis. Some studies showed that tingible 
body macrophages in the germinal centers of the spleen 
and lymph nodes strongly express MFG-E8, and that the 
MFG-E8–/– mice developed splenomegaly, with the for-
mation of numerous germinal centers [62]. Tarantino G 
reported all process is in agreement with the well-ascer-
tained chronic low-grade inflammation, characteristics 
of NAFLD, key-process mediated by the liver spleen axis 
[63]. In this process, there are also some similar targets 
such as S1009, nd S100A8 and S100A9 heterodimers, 
along with S100A9 homodimers, were formed after an 
inflammatory challenge in protein extracts from the 
spleen [64]. 

Study strengths and limitations
The complexity of MASLD pathogenesis, which involves 
various pathophysiological processes and multiple fac-
tors across various tissues and organs, presents a signifi-
cant challenge in identifying suitable pharmacological 
intervention targets. This study focused on druggable 
genes to improve the efficacy, safety, and success rates 
of drug development for MASLD, identifying CD33 and 
MFGE8 as potential targets. Additionally, this popula-
tion-based research suggests that these proteins could be 

crucial in the development of future therapeutic targets 
for MASLD. MR analysis was also conducted to address 
potential safety concerns and explore alternative indica-
tions, which are crucial for their clinical application.

While this study offers valuable insights, it has some 
limitations. A population overlap was observed between 
the validation and discovery sets, slightly weakening the 
validation effect. However, MR and SMR analysis of the 
liver tissue from GTEx was performed. The relationship 
between trans-eQTLs and disease was not analyzed, 
although cis-eQTLs comprise an integral part of quan-
titative loci that regulate gene expression. The challenge 
in conducting MR analysis to fully mitigate the potential 
influence of horizontal pleiotropy should be acknowl-
edged, as well as potential residual pleiotropy and the 
inability to fully capture gene-environment interac-
tions. The investigation of side effects was confined to 
outcomes related to metabolic disorders, necessitating 
future research to broaden this scope and address poten-
tial systemic adverse effects. The study’s sample popula-
tion in the MR section was restricted to individuals of 
European descent, limiting the generalizability to other 
populations. Sensitivity analysis showed that only the 
result for MFGE8 among all MR results for eQTLs of 
liver tissue (GTEx) exhibited some heterogeneity, likely 
due to the small GTEx sample size.

Conclusion
Given the lack of effective pharmacological interventions 
for MASLD, developing novel therapeutics targeting 
CD33 and MFGE8 is critical. Future research is needed 
to determine whether CD33 inhibitors and MFGE8 acti-
vators produce consistent effects in preclinical and clini-
cal settings, and whether the expression regulation of the 
two targets would produce the expected clinical results 
through the application of computer simulation and 
molecular design technology, as well as their fundamen-
tal biological pathways.
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