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Abstract

Aim of the study: Liver fibrosis (LF), cirrhosis, and hepatocellular carcinoma (HCC) are strongly correlated and 
impose a heavy burden on the global healthcare system. Currently, there are no effective treatments, and thus we 
performed dual-omics analysis to identify new targets and regulatory mechanisms.

Material and methods: A two-sample Mendelian randomization (MR), with cis-expression quantitative trait locus 
(cis-eQTL) as the genomic variables and cis-protein quantitative trait locus (cis-pQTL) as the proteomic variables, 
was performed to identify candidate therapeutic targets for LF, cirrhosis, and HCC at the gene and protein levels. 
Colocalization analysis was performed to screen for significant candidate targets. Moreover, the results were 
validated using summary-data-based MR (SMR) analysis. To further explore the downstream regulatory mecha-
nisms of the targets, we performed two-step MR, with circulating metabolites, immune cells, gut microbiota, and 
inflammatory proteins as mediating variables.

Results: Through the two-sample MR, we identified 9 candidate targets for LF, 6 targets for cirrhosis, and 12 tar-
gets for HCC. Two significant therapeutic targets for LF, 3 targets for cirrhosis, and 1 target for HCC were identified 
through colocalization analysis. Among them, DMWD, CDK13, ATRAID, SLC5A6, and CD300LD were validated 
through SMR. Further analysis revealed that ATRAID might inhibit cirrhosis by upregulating threonine levels.  
In contrast, CDK13 was predicted to promote LF by suppressing CD20 on naive-mature B cells.

Conclusions: In this study, dual-omics analysis identified new therapeutic targets for LF, cirrhosis, and HCC, as 
well as potential regulatory mechanisms; these results lay the foundation for further investigations into the 
disease mechanisms and new drug development.
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Introduction

Liver diseases have continued to impose a  heavy 
burden on the global healthcare system. Particularly, 

under the International Agency for Research on Can-
cer (IARC), it was estimated that there were 865,269 
newly diagnosed liver cancer patients in 2022, account-
ing for 4.3% of the new cases of all cancers, making 
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it the sixth most common cancer and contributing to 
757,948 deaths, accounting for 7.8% of the total mor-
tality rate among all cancers, ranking as the third most 
lethal cancers [1]. Currently, hepatocellular carcino-
ma (HCC) is the most common liver cancer and thus 
needs to be extensively studied. As precursor stages of 
liver cancer, the pathogenesis of liver fibrosis (LF) and 
cirrhosis warrants further exploration. LF is a dynamic 
process characterized by excessive accumulation of the 
extracellular matrix caused by hepatic stellate cell acti-
vation [2]. If untreated, LF can progress to cirrhosis or 
HCC, which increases the risk of death [3]. The inci-
dence of LF has been on the rise globally, but there are 
no effective drugs for preventing or inhibiting it [4]. 
As the end stage of chronic liver disease, cirrhosis is 
the 11th leading cause of death globally [5], and is often 
associated with the development of LF [6], which, in 
turn, develops into liver cancer [7]. This calls for in-
vestigations into the development of novel therapeutic 
approaches for LF, cirrhosis, and HCC.

Notably, the development and testing of novel 
drugs is an expensive and time-consuming process 
with a high risk of failure [8]. To address the shortcom-
ings of these traditional approaches of drug develop-
ment, several research tools, including genomics, tran-
scriptomics, proteomics, and other omics, have been 
designed in recent years, leading to the era of big data 
[9]. Using multi-omics data, researchers have been 
able to identify new drug targets for diseases, suggest-
ing that multi-omics analyses shorten the development 
time and cost of developing new medicines.

In recent years, MR has increasingly been ap-
plied to study disease mechanisms using data from 
genome-wide association studies (GWAS). MR uses 
genetic variation data from GWAS to probe causal 
relationships between exposures and outcomes, and 
is considered to be similar to randomized controlled 
trials, presenting strong evidence because alleles are 
randomly assigned to the offspring at conception [10]. 
Recently, several researchers have investigated thera-
peutic targets for various diseases through genomic 
or proteomic analyses based on cis-expression quan-
titative trait locus (cis-eQTL) or cis-protein quanti-
tative trait locus (cis-pQTL) data by MR [11-13]. In 
this study, we used genomic and proteomic analyses 
to identify the therapeutic targets of LF, cirrhosis, and 
HCC through MR. Subsequently, potential targets 
were identified through colocalization analysis. In ad-
dition, we conducted external validation for the iden-
tified targets using summary-data-based MR (SMR). 
To further provide important information to guide the 
development of effective drugs, we conducted a  pre-

liminary exploration of the regulatory mechanisms of 
the key targets.

Material and methods

Ethics statement

There were no ethical issues involved in our study 
as the data sources for this study were opensource  
databases, and ethical approvals for them have been 
obtained.

Study design

In this study, novel therapeutic targets for liver 
diseases (here, LF, cirrhosis, and HCC) were screened 
using dual-omics analysis at the gene and protein lev-
els. An overview of this study is presented in Figure 1. 
Initially, we explored the causal association of drug-
gable genes and proteins with liver diseases through 
a two-sample MR analysis based on cis-eQTL and cis-
pQTL to identify potential therapeutic targets for these 
diseases. Subsequently, colocalization analyses were 
performed to determine whether the candidate drug 
targets shared genetic variation with liver diseases to 
select significant candidate targets. The SMR approach 
was employed to validate the causal relationships be-
tween significant candidate drug targets and liver dis-
eases. Finally, a preliminary exploration of the regula-
tory mechanisms of the selected targets was conducted 
through a  two-step MR, and the mediating roles of 
circulating metabolites, immune cells, gut microbiota, 
and inflammatory proteins were analyzed. 

Exposure data

The druggable genes included in the MR analysis 
were obtained from the Drug-Gene Interaction Da-
tabase (DGIdb, https://www.dgidb.org/) [14] and the 
study of Finan et al. [15]. DGIdb is a  database con-
taining drug-gene interactions and is widely used in 
genetics and pharmacology research [14]. The DGIdb 
was screened to download the latest “interactions” 
data updated in May 2024. A total of 5012 druggable 
genes were extracted from it. Moreover, 4479 drugga-
ble genes were extracted from the study by Finan et al. 
The total druggable genes obtained from both sources 
were merged, totaling 6888 druggable genes. 

To identity the candidate therapeutic targets for the 
diseases at the gene level, MR analysis was performed 
based on the expression quantitative trait locus (eQTL). 
Generally, eQTL are divided into cis and trans, and the 
exposure data were the cis-eQTL data, representing genes 
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DGIdb (2024) 5,012 druggable genes
Finan et al. (2017) 4,479 druggable 

genes
Union: 6,888 druggable genes

EQTLGen (2024)
cis-eQTL of 19,126 genes
deCODE GENETICS (2021)
cis-pQTL of 4,907 proteins

Intersection: cis-eQTL of 4,439 druggable genes in blood from eQTLGen;  
cis-pQTL of 2,962 druggable proteins in blood from deCODE GENETICS

Filtration conditions: p value < 5E-08, LD r2 < 0.1 with 10,000 kb,  
F-statistic > 10
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Mendelian randomization analysis
Nsnp = 1: Wald ratio method

Nsnp > 1: Inverse variance weighted (IVW)
Bonferroni correction:

cis-eQTL: p value < 0.05/4,439 = 1.13E-05
cis-pQTL: p value < 0.05/2,962 = 1.68E-05

Heterogeneity analysis: Cochran’s Q test, p value > 0.05
Pleiotropy analysis: MR-Egger intercept test, p value > 0.05

Sensitivity analysis: Leave-one-out method

Liver fibrosis
FinnGen (2024)

188 cases
448,864 controls

Liver fibrosis
9 druggable genes

0 druggable protein

Liver fibrosis
2 druggable 

genes
0 druggable 

protein

Hepatocellular carcinoma
FinnGen (2024)

609 cases 
345,118 controls

Hepatocellular 
carcinoma

10 druggable genes
2 druggable proteins 

Hepatocellular 
carcinoma

1 druggable genes
0 druggable 

protein

Supplementary 
validation: SMR, 

HEIDI test
eQTLGen

GTEx

Cirrhosis
FinnGen (2024)

1,470 cases
448,864 controls 

Cirrhosis
6 druggable genes

0 druggable protein 

Cirrhosis
3 druggable 

genes
0 druggable 

protein

cis-eQTL of 3,886 druggable genes in blood from eQTLGen
cis-pQTL of 1,165 druggable proteins in blood from deCODE GENETICS 

Colocalization analysis
Median colocalization support: PPH4: 0.5-0.8

High colocalization support: PPH4 > 0.8

Probing targets’ mechanism of action by two-step MR
Mediating variables: 1400 circulating metabolites, 

731 immune cells, 473 gut microbiota, 
91 inflammatory proteins

Fig. 1. Flow chart of this study

normally located in the upstream and downstream 
1 Mb regions of their regulatory genes. The updated 
eQTLGen Consortium (https://eqtlgen.org/) contained 
cis-eQTL data in blood samples for 19,126 genes.  
The intersection of these genes with 6,888 druggable 
genes yielded cis-eQTL data for 4,439 druggable genes, 
which served as the exposure data in this study. 

To identify the candidate therapeutic targets for the 
selected diseases at the protein level, we selected pQTL 
as the exposure variable. The deCODE GENETICS 
(https://www.decode.com/) was screened to download 
the protein quantitative trait locus (pQTL) data for 
4,907 proteins. Intersection of the retrieved data with 
the previously reported 6,888 druggable genes yielded 
2,962 druggable proteins encoded by druggable genes. 
Subsequently, cis-pQTLs were selected as the exposure 
variable, including genes from the 1 Mb upstream and 
downstream regions. 

All the genetic exposure data were derived from the 
European populations, and are presented in Table 1.

Instrumental variable selection

Genetic variation data generated from GWAS were 
selected as instrumental variables (IVs). The select-
ed IVs met the following three criteria [16]: 1) they 
are significantly associated with the exposure factors;  
2) they should not be linked to the confounders of 
outcomes; 3) they affect outcomes only through expo-
sure and not through other pathways. Therefore, we 
performed correlation analyses on the exposure data, 
setting the threshold of significance at p < 5 × 10-8. In-
dependent exposure SNPs were selected after removal 
of linkage disequilibrium (LD) based on r2 < 0.1 and 
kb =10,000 [17, 18]. The F-test excluded weak IVs with 
an F-value > 10.

Outcome data

Datasets containing the genetic variations in LF, 
cirrhosis, and HCC were used as outcome variables 
and were obtained from the FinnGen Consortium 
(https://www.finngen.fi/en) – a large-scale Finnish ge-
nomic project established in 2017 to integrate genomic 
data with digital health records from 500,000 Finns. 
A key strength is leveraging Finland’s unique genetic 
history: its relatively isolated population harbors dis-
tinct genetic variations compared to other Europeans. 
This study utilized outcome data from FinnGen release 
R11; for LF, there were 188 cases and 448,864 controls; 
for cirrhosis, there were 1,470 cases and 448,864 con-
trols; and for HCC, there were 609 cases and 345,118 
controls. Cases in the LF, cirrhosis, and HCC cohorts 
were identified using ICD codes from the Finnish 
National Health Registry (covering hospitalizations, 
outpatient visits, medications, and mortality records). 
The general cohort comprised individuals without the 
specific target disease (LF, cirrhosis, or HCC) but po-
tentially having other conditions, reflecting a  more 
realistic population genetic background. Participants 
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had a relatively high median age (63 years), and a large 
proportion were recruited from hospitals. Table 1 pro-
vides detailed descriptions of the study data.

Statistical analysis

Two-sample Mendelian randomization

In the MR analysis, the Wald ratio method was cal-
culated for IVs with one SNP [17], and for IV with two 
or more SNPs, the inverse variance weighted (IVW) 
was employed to determine the causal relationships 
between the exposure and outcomes [19]. To adjust for 
multiple testing, we adopted the Bonferroni correction, 
setting a threshold p value at 1.13E -05 (0.05/4,439) for 
gene-level analysis and 1.68E -05 (0.05/2,962) for pro-
tein-level analysis. The MR-Egger intercept test was 
performed to explore the existence of pleiotropy [20], 
whereas the Cochran’s Q test was conducted to test for 
heterogeneity. The p values in the above two analyses 
were set at > 0.05. To test the stability of the results, 
the leave-one-out method was employed to carry out 
sensitivity analyses. 

Colocalization analysis

For candidate drug targets found to be significant-
ly causally associated with liver diseases (LF, cirrho-
sis, and HCC), we further performed colocalization 
analyses to identify common genetic variants between 
them and liver diseases. The following posterior prob-

abilities for the five hypotheses were derived from the 
colocalization analysis [21]: PPH0, which was not as-
sociated with either candidate drug targets or diseases; 
PPH1, which was associated with the candidate drug 
targets but not with diseases; PPH2, which was associ-
ated with diseases but not with the candidate drug tar-
gets; PPH3, which was associated with both candidate 
drug targets and diseases with different causal variants; 
PPH4, which was associated with both candidate drug 
targets and diseases, with the common causal variant. 
PPH4: 0.5-0.8 reflected moderate evidence of colocal-
ization, and PPH4 > 0.8 reflected high evidence [22]. 
The candidate drug targets that were colocalized with 
the diseases were considered significant candidate 
drug targets.

All analyses were performed using the packages 
“TwoSampleMR”, “Mendelian Randomization”, and 
“coloc” in the R software (version 4.3.2).

Supplementary validation

Additional validation tests for causality of signif-
icant candidate targets with LF, cirrhosis and HCC 
were conducted using summary-data-based MR 
(SMR) [23], based on data from eQTLGen and GTEx 
(https://www.gtexportal.org/). The heterogeneity in 
dependent instruments (HEIDI) test was employed 
to differentiate causal associations between genes and 
diseases from common genetic variants or linkage 
disequilibrium [13]. For SMR, p < 0.05 was set as the 
threshold of statistical significance; for the HEIDI test,  

Table 1. Characteristics of included GWAS data

Trait Consortium Sample size Population Year

Exposure

Druggable genes DGIdb 5,012 genes European 2024

Finan et al. 4,479 genes European 2017

eQTL eQTLGen 19,126 genes European 2024

pQTL deCODE 4,907 proteins European 2021

SMR eQTLGen – European 2024

GTEx – European 2024

Outcomes

Liver fibrosis FinnGen 188 cases, 448,864 controls European 2024

Cirrhosis FinnGen 1,470 cases, 448,864 controls European 2024

Hepatocellular carcinoma FinnGen 609 cases, 345,118 controls European 2024

Mediators

Circulating metabolites Chen et al. 1,400 metabolites European 2023

Immune cells Valeria et al. 731 immune cells European 2020

Gut microbiota Qin et al. 473 gut microbiota European 2022

Inflammatory proteins Zhao et al. 91 inflammatory proteins European 2023
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p < 0.05 was set as the threshold of statistical significance 
for the causal association that was driven by linkage  
disequilibrium. These analyses were performed using 
the SMR v1.3.1 package. The details of SMR data are 
presented in Table 1.

Preliminary exploration of regulatory 
mechanisms

To predict the pathways involved in the mecha-
nisms of disease modulation by the identified candidate 
targets, we performed a two-step MR. The mediating 
variables were 1400 circulating metabolites (GCST-
90199621–GCST90201020) [24], 731 immune cells 
(ebi-a-GCST90001391–ebi-a-GCST90002121) [25], 
473 gut microbiota (GCST90032172–GCST0032644) 
[26], and 91 inflammatory proteins (GCST90274758–
GCST90274848) [27]. Their sources are detailed in 
Table 1. The above data were analyzed and screened 
using similar criteria as for the two-step MR. The cau-
sal effect between exposure and outcome variables 
was calculated as the total effect (Beta all), followed 
by determination of the causal effects between the ex-
posure and mediating variables (Beta 1), and between 
the mediating and outcome variables (Beta 2). Finally, 
the indirect effects, also known as the mediator effects  
(Beta 1 * Beta 2) and direct effects (Beta all – Beta 1  
* Beta 2) were calculated [28].

Results

Two-sample MR identified candidate 
therapeutic targets

The two-sample MR analysis revealed 9 druggable 
genes, which were significantly causally associated with 
LF and considered as candidate therapeutic targets for 
LF. These targets included ERCC3, PISD, RABEP1, 
P2RX4, BCR, SENP6, CA6, DMWD, and CDK13  
(Fig. 2A, Supplementary Table 1). Among them, 
ERCC3, PISD, P2RX4, BCR, SENP6, CA6, and CDK13 
were associated with increased risk of LF, whereas  
RABEP1 and DMWD decreased the risk. Supplemen-
tary Table 1 demonstrates that the p values of Co-
chran’s Q test and the MR-Egger intercept test were  
> 0.05, suggesting that none of the targets had hetero-
geneity and pleiotropy. Supplementary Figure 1 display 
the results of sensitivity analysis, indicating that, after 
each SNP was removed, the MR analysis was re-per-
formed and the results were not significantly altered, 
confirming that the results were stable.

Six druggable genes that were causally associat-
ed with cirrhosis were identified, with KLHL8 and 
ATRAID reducing the risk of cirrhosis, while IL7R, 
SLC5A6, TNFSF14, and SERPINB10 were predicted 
to increase the risk (Fig. 2B, Supplementary Table 2). 
These targets had no heterogeneity and pleiotropy 
(Supplementary Table 2), and sensitivity analyses con-

Exposure	 Outcome	 nSNP	 Gene/Protein	 OR (95% CI)	 P value
ERCC3	 Liver fibrosis	 23	 Gene	 2.491 (1.811-3.426)	 2.02e-08
PISD	 Liver fibrosis	 23	 Gene	 1.557 (1.332-1.821)	 2.88e-08
RABEP1	 Liver fibrosis	 33	 Gene	 0.641 (0.545-0.755)	 8.50e-08
P2RX4	 Liver fibrosis	 54	 Gene	 1.943 (1.500-2.517)	 4.78e-07
BCR	 Liver fibrosis	 49	 Gene	 1.950 (1.481-2.568)	 1.96e-06
SENP6	 Liver fibrosis	 38	 Gene	 2.245 (1.609-3.134)	 1.96e-06
CA6	 Liver fibrosis	 43	 Gene	 2.587 (1.728-3.873)	 3.87e-06
DMWD	 Liver fibrosis	 39	 Gene	 0.171 (0.081-0.363)	 3.94e-06
CDK13	 Liver fibrosis	 48	 Gene	 3.285 (1.971-5.476)	 5.04e-06

Exposure	 Outcome	 nSNP	 Gene/Protein	 OR (95% CI)	 P value
KLHL8	 Cirrhosis	 12	 Gene	 0.421 (0.313-0.567)	 1.24e-08

ATRAID	 Cirrhosis	 25	 Gene	 0.700 (0.612-0.802)	 2.39e-07

IL7R	 Cirrhosis	 22	 Gene	 1.476 (1.255-1.736)	 2.52e-06

SLC5A6	 Cirrhosis	 28	 Gene	 1.339 (1.183-1.517)	 4.17e-06
TNFSF14	 Cirrhosis	 17	 Gene	 1.456 (1.240-1.709)	 4.41e-06

SERPINB10	 Cirrhosis	 37	 Gene	 1.220 (1.116-1.333)	 1.11e-05

0	 0.5	 1.0	 1.5	 2.0	 2.5

0	 0.5	 1.0	 1.5	 2.0	 2.5

Fig. 2. Results of Mendelian randomization analysis of LF, cirrhosis and HCC based cis-eQTL and cis-pQTL. A) Forest plot of 9 candidate targets for LF. B) Forest 
plot of 6 candidate targets for cirrhosis

A

B
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firmed that the results were stable (Supplementary  
Fig. 2).

For HCC, 12 candidate therapeutic targets were 
identified, including 10 druggable genes and 2 drug-
gable proteins. Among the genes, ADCK1, SLC22A4, 
CA2, and KLC3 were associated with increased risk 
of HCC, whereas CDK10, CD300LD, CRYZ, PCSK7, 
CHPT1, and SMAD3 were associated with reduced 
risk. The two druggable proteins MPO and GGH in-
creased the risk of HCC (Fig. 2C, Supplementary  
Table 3). Notably, all these candidate therapeutic tar-
gets had no significant heterogeneity or pleiotropy 
(Supplementary Table 3), and sensitivity analyses con-
firmed that the results were robust (Supplementary 
Fig. 3).

Table 2 displays the above candidate targets and 
their official full names.

Colocalization analysis identified significant 
candidate therapeutic targets

The colocalization analysis identified 2 candidate 
therapeutic targets (DMWD and CDK13) sharing 
genetic variants with LF, 3 candidate therapeutic tar-
gets (KLHL8, ATRAID, and SLC5A6) sharing genetic 
variants with cirrhosis, and 1 candidate therapeutic 
target (CD300LD) sharing genetic variants with HCC.  
Colocalization analysis further revealed causal rela-
tionships between the targets and diseases, and 6 tar-
gets were considered to be significant candidate targets 
for liver diseases. The detailed colocalization analysis 
results are shown in Figure 3.

Further analysis revealed that DMWD shared the 
genetic variant SNP rs6211759 with LF (Fig. 4A), 
CDK13 and LF shared the common genetic variant 

rs13239106 (Fig. 4B); KLHL8, ATRAID, and SLC5A6 
shared genetic variants rs10026594, rs2384575 and 
rs2384575 with cirrhosis (Fig. 4C-E); rs55981110 was 
the common genetic variant of CD300LD and HCC 
(Fig. 4F).

Supplementary validation for significant 
candidate therapeutic targets

Through the SMR analysis, we validated the causal 
association of significant candidate targets with liver 
diseases using two data sets (eQTLGen and GTEx). 
The data volume in GTEx is relatively small, and hence 
we could only validate the results of ATRAID, SLC5A6, 
and CD300LD in the GTEx group. The validation re-
sults are shown in Figure 5. In the eQTLGen group, 
DMWD was predicted to reduce the risk of LF, where-
as CDK13 increased the risk of LF, ATRAID reduced 
the risk of cirrhosis, while SLC5A6 increased the risk 
of cirrhosis, CD300LD reduced the risk of HCC, and 
there was no causal relationship between KLHL8 and 
cirrhosis. Except for KLHL8, the associations of the 
other targets with liver diseases were consistent with 
the results of the two-sample MR analysis. In the GTEx 
group, ATRAID was predicted to reduce the risk of cir-
rhosis, while SLC5A6 increased the risk of cirrhosis, 
and CD300LD reduced the risk of HCC. These results 
were consistent with the two-sample MR and the re-
sults obtained for the eQTLGen group. Data shown in 
Figure 5 indicate that the p values of the HEIDI test 
for all targets in the two data sets, except KLHL8, were 
greater than 0.05, indicating that the causal relation-
ship between these targets and liver diseases was driv-
en by the common genetic variation rather than link-
age disequilibrium.

Exposure	 Outcome	 nSNP	 Gene/Protein	 OR (95% CI)	 P value
ADCK1	 Hepatocellular carcinoma	 53	 Gene	 1.340 (1.204-1.491)	 8.15e-08 
SLC22A4	 Hepatocellular carcinoma	 42	 Gene	 1.494 (1.279-1.746)	 4.22e-07
CDK10	 Hepatocellular carcinoma	 50	 Gene	 0.741 (0.656-0.837)	 1.43e-06
CD300LD	 Hepatocellular carcinoma	 23	 Gene	 0.675 (0.573-0.795)	 2.67e-06
CA2	 Hepatocellular carcinoma	 38	 Gene	 1.450 (1.239-1.697)	 3.81e-06
KLC3	 Hepatocellular carcinoma	 18	 Gene	 2.452 (1.667-3.608)	 5.26e-06
CRYZ	 Hepatocellular carcinoma	 74	 Gene	 0.809 (0.738-0.886)	 5.80e-06
PCSK7	 Hepatocellular carcinoma	 35	 Gene	 0.648 (0.537-0.782)	 6.28e-06
CHPT1	 Hepatocellular carcinoma	 51	 Gene	 0.785 (0.707-0.872)	 6.37e-06
SMAD3	 Hepatocellular carcinoma	 9	 Gene	 0.367 (0.237-0.568)	 6.90e-06
MPO	 Hepatocellular carcinoma	 47	 Protein	 1.448 (1.230-1.703)	 8.14e-06
GGH	 Hepatocellular carcinoma	 36	 Protein	 1.523 (1.259-1.842)	 1.49e-05

 0	 0.5	 1.0	 1.5	 2.0	 2.5

Fig. 2. Cont. C) Forest plot of 12 candidate targets for HCC. Multiple inspection criteria: p value < 0.05/4,439 = 1.13E-05 (cis-eQTL), p value < 0.05/2,962  
= 1.68E-05 (cis-pQTL)

C
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Preliminary exploration of regulatory 
mechanisms

To identify the regulatory mechanisms, a  two-step 
MR was performed for significant candidate targets 
DMWD, CDK13, ATRAID, SLC5A6, and CD300LD. 
As shown in Figure 6A, mediation analysis was per-
formed with 1400 circulating metabolites, 731 immune 
cells, 473 gut microbiota, and 91 inflammatory proteins. 
Among the circulating metabolites, ATRAID was pre-
dicted to inhibit cirrhosis by upregulating threonine (p 
= 0.044, mediation effect: 11.97%) (Fig. 6B, Supplemen-
tary Table 4). Moreover, CDK13 was found to promote 
liver fibrosis by inhibiting CD20 on naive-mature B cells 
(p = 0.046, mediation effect: 22.14%) (Fig. 6B, Supple-
mentary Table 5). However, none of 473 gut microbiota 

and 91 inflammatory proteins was involved in the reg-
ulation of liver diseases by the 5 targets (Supplementary 
Tables 6 and 7).

Discussion

In this study, we identified 9 candidate targets for 
LF, 6 candidate targets for cirrhosis and 12 candidate 
targets for HCC through the two-sample MR. Colocal-
ization analysis uncovered 2 significant candidate tar-
gets for LF, 3 significant candidate targets for cirrhosis, 
and 1 significant candidate target for HCC. The results 
of the supplementary validation analysis using SMR 
were consistent with those of the two-sample MR, ex-
cept for KLHL8. Finally, two-step MR was employed 

Fig. 3. Colocalization analysis for the significant candidates. DMWD and CDK13 share genetic variants with LF and are significant candidate targets for LF; KLHL8, 
ATRAID, and SLC5A6 have common genetic variants with cirrhosis and are significant candidate targets for cirrhosis; CD300LD shows common genetic variation 
with HCC and is a significant candidate target for HCC (Median colocalization support: PPH4: 0.5-0.8. High colocalization support: PPH4 > 0.8)



Clinical and Experimental Hepatology 4/2025 367

Dual-omics insights into liver fibrosis, cirrhosis, and HCC therapeutics

Fig. 4. Common genetic variants for significant candidate targets and diseases. A) Rs62111759 is the common SNP of DMWD and LF; B) Rs13239106 is 
the common SNP of CDK13 and LF; C) Rs10026594 is the common SNP of KLHL8 and cirrhosis; D) Rs2384575 is the common SNP of ATRAID and cirrhosis;  
E) Rs2384575 is the common SNP of SLC5A6 and cirrhosis; F) Rs55981110 is the common SNP of CD300LD and HCC
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Fig. 5. Validation of significant candidate targets by SMR. No causal relationship was found between KLHL8 and cirrhosis. The validation results for the remaining 
targets were consistent with the results of two-sample MR

Exposure	 Outcome	 SMRdata	 p_HEIDI	 OR (95% CI)	 P value
DMWD	 Liver fibrosis	 eQTLGen	 0.711	 0.281 (0.127-0.622)	 0.002
CDK13	 Liver fibrosis	 eQTLGen	 0.141	 5.580 (2.026-15.365)	 0.001
KLHL8	 Cirrhosis	 eQTLGen	 0.001	 1.051 (0.648-1.706)	 0.840
ATRAID	 Cirrhosis	 eQTLGen	 0.256	 0.650 (0.512-0.825)	 0.000
SLC5A6	 Cirrhosis	 eQTLGen	 0.087	 1.214 (1.017-1.449)	 0.032
ATRAID	 Cirrhosis	 GTEx	 0.499	 0.447 (0.246-0.812)	 0.008
SLC5A6	 Cirrhosis	 GTEx	 0.131	 1.937 (1.180-3.178)	 0.009
CD300LD	 Hepatocellular carcinoma	 eQTLGen	 0.768	 0.663 (0.519-0.848)	 0.001
CD300LD	 Hepatocellular carcinoma	 GTEx	 0.517	 0.723 (0.595-0.879)	 0.001

to explore the regulatory mechanisms of the validated 
targets, which revealed that ATRAID inhibited cirrho-
sis by reducing the levels of threonine, and CDK13 was 
predicted to promote LF by inhibiting CD20 on na-
ive-mature B cells. To our knowledge, this is the first 
study to identify the therapeutic targets of LF, cirrho-
sis, and HCC, as well as their regulatory mechanisms 
through dual-omics.

For the LF, we identified 9 candidate targets (ERCC3, 
PISD, RABEP1, P2RX4, BCR, SENP6, CA6, DMWD, 
and CDK13). Ding et al. reported that activation of 
the EGF-EGFR/CHKA/PI3K-PDK1-AKT signaling 
cascade enhances the expression of ERCC3-regulated 
oncogenes to promote the progression of nonalcoholic 

fatty liver disease to HCC [29]. Moreover, the ERCC3 
gene was predicted to increase the risk of LF; howev-
er, further investigations are needed to clarity whether 
ERCC3 can enhance the progression of LF to HCC. Ma 
et al. found that the exosome circCDK13 can inhibit LF 
via the miR-17-5p/KAT2B axis, and our study showed 
that increased expression of CDK13 may promote LF, 
and thus there may be a mechanistic link between the 
two findings that need to be further explored [30]. 
None of the remaining targets have previously been 
reported to be associated with liver fibrosis. Further-
more, we performed colocalization analysis to identify 
the significant candidate targets DMWD and CDK13, 
both of which were confirmed by the SMR method. In 
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the analysis of regulatory mechanisms of the two tar-
gets, we found that CDK13 may promote liver fibrosis 
by inhibiting CD20 on naive-mature B cells. Numer-
ous studies have shown that B cells are associated with 
the occurrence and development of LF [31-33], and 
the present findings reveal a new mechanism for the 
role of the immune system in LF development.

For cirrhosis, 6 candidate targets (KLHL8, ATRAID, 
IL7R, SLC5A6, TNFSF14, and SERPINB10) were iden- 
tified by the two-sample MR. Ex vivo experiments 
demonstrated that the IL7R expression accelerated the 
progression of cirrhosis [34], which is consistent with 
our finding. Elsewhere, Mells et al. identified IL7R as 
a genetic risk factor for the occurrence of primary bili-
ary cirrhosis [35]; therefore, IL7R is likely to be an im-
portant target for cirrhosis. A previous study showed 
that splenectomy could effectively reduce the expres-
sion level of TNFSF14 in the blood, thereby reducing 
liver fibrosis and cirrhosis in patients [36]. Notably, 
TNFSF14 has been linked to the development of fibro-
sis in several organs, including the heart, lung, and kid-
ney [37-39]. Therefore, we speculated that TNFSF14 
may be a promising candidate target for investigation 
of cirrhosis. To our knowledge, no study has explored 
the association of KLHL8, ATRAID, SLC5A6, and 
SERPINB10 with cirrhosis or liver fibrosis. Here, three 
candidate targets – KLHL8, ATRAID, and SLC5A6 – 
were identified through colocalization analysis, among 

which ATRAID and SLC5A6 are considered to be 
significant genes. The preliminary analysis of the tar-
get mechanisms revealed that ATRAID may inhibit 
cirrhosis by reducing threonine levels; however, this 
result needs to be further validated through basic ex-
periments.

As for HCC, 12 candidate targets (ADCK1, 
SLC22A4, CDK10, CD300LD, CA2, KLC3, CRYZ, 
PCSK7, CHPT1, SMAD3, MPO and GGH) were iden-
tified in the preliminary analysis. Zhong et al. reported 
that decreased CDK10 expression was positively asso-
ciated with the occurrence and progression of HCC 
[40], which is consistent with our findings. Overex-
pression of SMAD3 mediates the inhibitory effect of 
transforming growth factor β1 (TGF-β1) on the cata-
lytic subunits, thereby promoting lipid peroxidation in 
HCC cells [41], whereas NOP2/Sun RNA methyltrans-
ferase 5 has been reported to accelerate the progres-
sion of HCC by upregulating SMAD3 expression [42]. 
TRIP13 silencing as a  tumor suppressor in HCC can 
inhibit cell growth and metastasis via activating the 
TGF-β1/SMAD3 signaling pathway [43], therefore reg-
ulating HCC through the SMAD3 complex. Available 
studies have demonstrated that MPO overexpression 
favors HCC progression [44, 45], which is consistent 
with our findings. Among them, ADCK1, SLC22A4, 
CD300LD, CA2, KLC3, CRYZ, PCSK7, CHPT1, and 
GGH are new unreported targets in HCC. Further 

Fig. 6. Analysis of downstream regulatory mechanisms of DMWD, CDK13, ATRAID, SLC5A6, and CD300LD. A) Flowchart showing two-step MR. B) ATRAID may 
inhibit cirrhosis by upregulating threonine levels, and CDK13 promotes liver fibrosis by inhibiting CD20 on naive-mature B cells

Exposure Mediator Outcome Beta 1 Beta 2 Beta all P value Mediation 
effect  

ATRAID Threonine levels Cirrhosis 0.198 –0.215 –0.356 0.044 11.97%

CDK13 CD20 on naive-mature B cell Liver fibrosis –0.472 –0.558 1.189 0.046 22.14%
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analyses showed that CD300LD was a  key target for 
driving cancer immunotherapy [46, 47]. This indicates 
that further research is needed to explore the thera-
peutic potential of CD300LD in HCC. 

In this study, novel therapeutic targets for LF, 
cirrhosis, and HCC were revealed by MR with dual- 
omics analysis at the gene and protein levels. No ev-
idence of pleiotropy or heterogeneity was found in 
all targets analyses, and sensitivity analyses suggested 
that all results were stable. To predict the therapeutic 
value of the targets, we used genetic variation data of 
druggable genes and druggable proteins as exposure 
variables, from the latest and most comprehensive 
datasets. Next, colocalization analyses were conduct-
ed to identify the common genetic variants driving 
the targets and diseases. Additional validation of the 
targets was also carried out using SMR from multiple 
sources. This led to the identification of CDK13 and 
ATRAID as key targets influencing LF and cirrhosis 
through immune cells and metabolites, providing 
ideas for the development of new targeted drugs.

This study has several limitations. Given the lim-
itations of accessing original data, all participants were 
European; therefore, the conclusions may not be ap-
plicable to other populations. Second, the proteomic 
data were smaller in scale compared to genomic data, 
and therefore fewer protein targets were identified. 
Thirdly, the targets and mechanisms identified in this 
study need to be further explored in basic experiments.

Conclusions

In this study, novel therapeutic targets for LF, cir-
rhosis, and HCC were identified through dual-omics 
analysis, colocalization, and validation. The down-
stream regulatory mechanisms were probed, with 
CDK13 and ATRAID identified for LF and cirrhosis. 
This study provides important reference data to guide 
future investigations into disease mechanisms and  
the development of new targeted drugs.
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