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Abstract 

Background  To investigate the associations of methylation, expression, and protein quantitative trait loci (mQTL, 
eQTL, and pQTL) with ankylosing spondylitis (AS) and find out genetically supported drug targets for AS.

Methods  The summary-data-based Mendelian randomization (SMR) and Bayesian co-localization analysis were 
used to assess the potential causality between AS and relevant genes. The GWAS data obtained from the Interna-
tional Genetics of Ankylosing Spondylitis Consortium (IGAS) were set as the discovery stage, and the FinnGen and UK 
Biobank databases were used to replicate the analysis as an external validation. We further integrated the multi-omics 
results to screen overlapped genes at different levels. The protein–protein interaction (PPI) network and enrichment 
analyses were used to explore the biological effect of SMR-identified genes on AS. Drug prediction and molecular 
docking were used to validate the medicinal value of candidate drug targets.

Results  Based on the results of multi-omics evidence screening, we identified potential associations of TNFRSF1A, 
B3GNT2, ERAP1, and FCGR2A with AS at different regulatory levels. At the protein level, AIF1, TNXB, APOM, 
and B3GNT2 were found to be negatively associated with AS risk, whereas higher levels of FCGR2A, FCGR2B, IL12B, 
TNFRSF1A, and ERAP1 were associated with an increased risk of AS. The bioinformatics analyses showed that the SMR-
identified genes were mainly involved in immune response. Molecular docking results displayed stable binding 
between predicted candidate drugs and these aforementioned proteins.

Conclusion  Our study found four AS-associated genes with multi-omics evidence and nine promising drug targets 
for AS, which may contribute to the understanding of the genetic mechanisms of AS and provide innovative perspec-
tives into targeted therapy for AS.

Keywords  Ankylosing spondylitis, Mendelian randomization, Multi-omics, Methylation, Gene expression, Protein, 
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Background
Ankylosing Spondylitis (AS), a common type of spondy-
loarthropathy, is a highly genetic chronic autoimmune 
disease. [1, 2] It mainly affects spine joints, sacroiliac 
joints, and adjacent soft tissues, such as tendons and liga-
ments. The global prevalence of ankylosing spondylitis 
is about 0.1% to 1.4%, with a higher prevalence in men 
[3]. Previous GWAS studies demonstrated ANTXR2, 
CARD9, ERAP1, IL12B, and IL23R, etc. were associ-
ated with AS [4]. However, these correlated variants may 
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not be causally relevant due to the intricate linkage dis-
equilibrium structures in genomes. Currently, despite 
the beneficial effectiveness of treating AS with anti-rheu-
matic drugs, including glucocorticoids, biological agents, 
and targeted synthetic drugs, there remains a significant 
gap between patient expectations and actual outcomes 
[5]. Therefore, exploring the genetic underpinnings of 
AS and identifying novel drug targets is paramount for 
improving patient prognosis.

Novel bioinformatics methodology supplies formi-
dable facilities for elucidating molecular processes and 
pinpointing potential therapeutic targets for disease [6]. 
Integration of multi-omics is an emerging post-GWAS 
approach to identify pivotal regulators at diverse lev-
els of gene regulation for providing comprehensive bio-
logical perspectives [7–9]. Although multi-omics studies 
have been efficient in linking genes with downstream 
expression associated with disease risk, they could not 
consistently identify clear causal relationships. The 
summary data-based Mendelian randomization (SMR) 
analysis is an effective method for inferring causality uti-
lizing genetic variants as instrumental variables, which 
could support high-throughput screening and reduce 
the impact of confounding biases and reverse causation. 
Compared to the conventional MR analysis, SMR could 
achieve a much higher statistical power based on the top 
cis-quantitative trait loci (cis-QTL) [10]. In this study, we 
combined the SMR and multi-omics approaches to esti-
mate the potential effects of genes on AS at perspectives 
of methylation, expression, and protein abundance and 
identify promising therapeutic targets for AS.

Methods
Study design and data sources
The overall details of our study design are displayed in 
Fig. 1. The exposure data of quantitative trait loci (QTL) 
included methylation quantitative trait loci (mQTL), 
expression quantitative trait loci (eQTL), and protein 
quantitative trait loci (pQTL). The mQTLs data included 
52,916 cis and 2025 trans mQTLs measured in 1980 
European ancestry individuals [11]. The eQTLs data 
were retrieved from the eQTLGen Consortium including 
31,684 individuals with 10,317 trait-associated SNPs. The 
blood pQTLs data contained 4719 proteins from 35,559 
Icelanders [12].

The GWAS data sources for AS were obtained from 
the International Genetics of Ankylosing Spondylitis 
Consortium (IGAS), FinnGen, and UK biobank. The 
IGAS study as the discovery stage included 9069 cases 
and 13,578 controls, and all of them were European. The 
FinnGen cohort and UK biobank cohorts were set as 
replication stages. The FinnGen cohort consists of 3162 
cases and 294,770 controls, whereas the UKB cohort 

included 1296 cases and 461,637 controls. (Supplemen-
tary Table  S1) These studies were approved by the cor-
responding ethical review boards and informed written 
consent was obtained from all subjects.

Summary‑data‑based MR analysis
Summary-data-based Mendelian randomization (SMR) 
is a novel statistical method based on the principles of 
MR. It could use top single nucleotide polymorphism 
(SNP) to identify potential causal effects of genes on 
diverse traits. We conducted it to assess the causal asso-
ciation between AS and genes at methylation, expression, 
and protein levels. There are three core assumptions of 
Mendelian randomization, including assumption 1: the 
genetic instruments are robustly associated with the 
exposure; assumption 2: the genetic instruments are not 
associated with any major confounders; assumption 3: 
the genetic instruments affect the outcome only through 
exposure. To meet the MR hypothesis in the study, we 
controlled the quality of the instrumental variables based 
on the following criteria: (1) SNPs reached the threshold 
of genome-wide significance (P < 5 × 10−8) were included; 
(2) SNPs with linkage disequilibrium r2 > 0.9 and < 0.05 
around the top SNPs were excluded; (3) The plink clump-
ing with default conditions was conducted based on the 
1000 Genomes European panel [13]. Furthermore, the 
P-values were corrected using the Benjamini–Hoch-
berg method to restrict the false discovery rate (FDR) at 
ɑ = 0.05, which could reduce the false positive results.

Heterogeneity in the dependent instrument (HEIDI) 
test, a sensitivity analysis for SMR, was performed by 
using multiple SNPs around the top SNP in a region 
to evaluate whether the casual associations between 
genes and AS risk was caused by linkage disequilibrium 
(LD) with the causal variant. The P-value of the HEIDI 
test < 0.05 considered to be caused by LD was discarded 
from the analysis. The SMR software tool (SMR v1.3.1, 
https://​yangl​ab.​westl​ake.​edu.​cn/​softw​are/​smr/) was uti-
lized to conduct SMR and HEIDI tests. The colocaliza-
tion analysis was further performed in association with 
PSMR-FDR value < 0.05 and P-HEIDI > 0.05.

Colocalization analysis
The colocalization analysis could assess whether two 
traits share the same casual variant in a certain region. 
The posterior probability is used to quantify support 
for all hypotheses. The basic hypothesis for colocaliza-
tion in the same genomic location includes (1) PPH0: 
gene variants have no causality to either trait 1 or trait 
2; (2) PPH1: gene variants only have causality to trait 1; 
(3) PPH2: gene variants only have causality to trait 2; 
(4) PPH3: gene variants have different causality to the 
two traits; and (5) PPH4: gene variants have the same 

https://yanglab.westlake.edu.cn/software/smr/
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shared causality to the two traits. The colocalization 
region windows of pQTL, eQTL, and mQTL were set 
to ± 1000  kb, ± 1000  kb, and ± 500  kb, respectively [14]. 
Due to limited power in the colocalization analysis, the 
combined posterior probability of genes was restricted to 
PPH3 + PPH4 ≥ 80%. [15, 16].

The integration of mQTL, eQTL and pQTL
We integrated results from pQTLs, eQTLs, and mQTLs 
analyses to achieve a multidimensional landscape of 
connections between gene regulation and AS. AS pro-
teins were the terminal expression products of genes, 

the correlation of potential candidate genes with AS 
needed to be identified at the protein level, and then 
this association was examined at other regulatory lev-
els. Therefore, the causal genes associated with AS 
at the protein level needed to meet PSMR-FDR < 0.05, 
P-HEIDI > 0.05, and PPH3 + PPH4 of colocaliza-
tion ≥ 80%, and then were further categorized into 
three tiers based on the following standards. (1) Tier 1: 
genes were associated with AS at both methylation and 
expression levels (PSMR-FDR < 0.05); (2) Tier 2: genes 
were associated with AS at methylation or expres-
sion levels (PSMR-FDR < 0.05); (3) Tier3: genes were 

Fig. 1  The overall design of this study. mQTL, methylation quantitative trait loci; eQTL, expression quantitative trait loci; pQTL, protein quantitative 
trait loci; SMR, summary-data-based Mendelian randomization; HEIDI, heterogeneity in the dependent instrument; FDR, false discovery rate; PPI, 
protein–protein interaction
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associated with AS at methylation and expression levels 
(PSMR-Original value < 0.05).

Protein–protein interaction (PPI) and functional 
enrichment analysis
PPI networks were used to estimate the associations 
between AS-associated proteins (P < 0.05) by using 
the Search Tool for the Retrieval of Interacting Genes 
(STRING, https://​string-​db.​org/). The Gene Ontology 
(GO) and Kyoto Encyclopaedia of Genes and Genomes 
(KEGG) pathway analyses were performed to assess 
the relationship of potentially enriched pathways with 
proteins.

The SMR‑prioritized proteins with drug targets 
and Molecular docking
DSigDB is a large database of 22,527 genomes and 17,389 
different compounds covering 19,531 genes connect-
ing drugs and compounds to their target genes. We used 
this database to assess the pharmacological activity of 
SMR-prioritized proteins and determine whether these 
proteins had potential as practical drug targets (DSigDB, 
http://​dsigdb.​tanlab.​org/​DSigD​Bv1.0/) [17]. We further 
employed molecular docking to evaluate the predicted 
interactions between drug candidates and their targets. 
It could help prioritize drug targets by recognizing the 
characteristics of proteins and the interaction modes 
between proteins and drug molecules, laying the founda-
tion for future experimental validation. The protein and 
drug structural data were obtained from the Protein Data 
Bank (https://​www.​rcsb.​org/) and the PubChem Com-
pound Database (https://​pubch​em.​ncbi.​nlm.​nih.​gov/), 
respectively. We removed the water molecules of proteins 
and ligands and added the polar hydrogen atoms. Molec-
ular docking of the top five significant predicted drugs 
and the corresponding target genes encoded proteins 
was performed using the computerized protein–ligand 
docking software AutoDock 4.2.6 (http://​autod​ock.​scrip​
ps.​edu/), and the outcomes were visualized using PyMol 
(https://​www.​pymol.​org/).

Result
Assessing the effect of gene methylation on AS
We identified 932 CpG sites in 455 unique genes associ-
ated with the risk of AS (P < 0.05 and P-HEIDI > 0.05). 
With the FDR correction of P-value and colocaliza-
tion screening, a total of 194 CpG sites in 87 unique 
genes were found to be significantly correlated with AS. 
(Fig. 2 and Supplementary Table S2) It is worth noting 
that distinct CpG loci of the same gene do not always 
contribute consistently to the risk of AS. For exam-
ple, the genetically predicted HLA-DQB1 methyla-
tion at cg03796735, cg06255955, and cg21588215 was 

Fig. 2  The associations between gene methylation and ankylosing 
spondylitis. OR odds ratio, CI confidence interval, FDR false dicovery 
rate, PPH3 + PPH4 posterior probability of H3 + H4

https://string-db.org/
http://dsigdb.tanlab.org/DSigDBv1.0/
https://www.rcsb.org/
https://pubchem.ncbi.nlm.nih.gov/
http://autodock.scripps.edu/
http://autodock.scripps.edu/
https://www.pymol.org/
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negatively associated with AS risk (OR: 0.886, 95% CI 
0.872, 0.901; OR: 0.885, 95% CI 0.871, 0.900; and OR: 
0.885, 95% CI 0.870,0.899, respectively). However, 
the methylation of cg08060195 in HLA-DQB1 was 
associated with a higher risk of AS (OR: 1.100, 95% 
CI 1.087, 1.113). Furthermore, 34 CpG sites near 17 
genes were simultaneously replicated in the FinnGen 
and UK biobank validation cohorts, such as TBKBP1 
(cg10024583, cg12183861, cg02886591, cg19375196), 
IL27 (cg27413008, cg02195680, cg17122311, 

cg26792089), and TUFM (cg00348858). (Supplemen-
tary Table S3 and Supplementary Table S4).

Assessing the effect of gene expression on AS
The causal effects of gene expression on AS are shown 
in Supplementary Table  S5. A total of 329 genes 
were significantly associated with AS (P < 0.05 and 
P-HEIDI > 0.05). There were 37 genes potentially asso-
ciated with AS after FDR correction of P value and 
colocalization screening. (Table  1) The genetically 

Table 1  The associations of eQTLs with ankylosing spondylitis

OR odds ratio, CI confidence interval, FDR false dicovery rate

Gene Symbol OR (95%CI) P value P-FDR value PPH3 PPH4 PPH3 + PPH4

ENSG00000170340 B3GNT2 0.914 (0.894,0.933) 5.28E-17 1.10E-14 100.0% 0.0% 100.0%

ENSG00000263293 EFCAB13-DT 1.178 (1.116,1.243) 2.33E-09 2.80E-07 0.0% 100.0% 100.0%

ENSG00000221988 PPT2 0.556 (0.456,0.678) 6.11E-09 6.96E-07 97.2% 2.7% 99.9%

ENSG00000259207 ITGB3 1.393 (1.240,1.564) 2.10E-08 2.20E-06 0.1% 99.9% 100.0%

ENSG00000240065 PSMB9 0.473 (0.363,0.617) 3.45E-08 3.56E-06 70.6% 29.3% 99.9%

ENSG00000176476 SGF29 0.953 (0.937,0.970) 4.79E-08 4.83E-06 2.5% 97.5% 100.0%

ENSG00000178952 TUFM 1.030 (1.019,1.041) 8.54E-08 8.14E-06 4.6% 95.3% 99.9%

ENSG00000197165 SULT1A2 1.055 (1.034,1.076) 1.12E-07 1.05E-05 4.6% 95.3% 99.9%

ENSG00000185651 UBE2L3 1.036 (1.023,1.050) 1.34E-07 1.24E-05 3.0% 97.0% 100.0%

ENSG00000188322 SBK1 0.864 (0.818,0.914) 2.90E-07 2.62E-05 3.8% 96.1% 99.9%

ENSG00000111252 SH2B3 0.896 (0.858,0.936) 7.57E-07 6.64E-05 2.0% 97.9% 99.9%

ENSG00000205609 EIF3CL 1.045 (1.026,1.063) 1.26E-06 0.000 37.8% 62.0% 99.8%

ENSG00000263766 KPNB1-DT 0.766 (0.682,0.859) 5.49E-06 0.000 3.9% 96.1% 100.0%

ENSG00000067182 TNFRSF1A 1.077 (1.043,1.112) 7.33E-06 0.001 96.9% 3.1% 100.0%

ENSG00000182179 UBA7 1.033 (1.018,1.047) 7.74E-06 0.001 3.0% 95.1% 98.1%

ENSG00000246465 LOC124903670 0.867 (0.814,0.923) 8.88E-06 0.001 3.4% 96.6% 100.0%

ENSG00000107796 ACTA2 1.021 (1.012,1.031) 9.84E-06 0.001 0.0% 97.3% 97.3%

ENSG00000169180 XPO6 0.684 (0.578,0.810) 1.04E-05 0.001 2.7% 97.3% 100.0%

ENSG00000196296 ATP2A1 1.273 (1.140,1.423) 1.91E-05 0.001 46.6% 53.2% 99.8%

ENSG00000101000 PROCR 0.855 (0.796,0.920) 2.31E-05 0.001 0.0% 97.3% 97.3%

ENSG00000185614 INKA1 1.143 (1.074,1.217) 2.48E-05 0.002 4.6% 92.6% 97.2%

ENSG00000004534 RBM6 1.027 (1.014,1.040) 3.92E-05 0.002 12.5% 79.7% 92.2%

ENSG00000099381 SETD1A 1.169 (1.085,1.259) 3.90E-05 0.002 1.6% 94.7% 96.3%

ENSG00000115073 ACTR1B 1.105 (1.053,1.160) 5.30E-05 0.003 0.0% 90.9% 90.9%

ENSG00000103496 STX4 1.050 (1.025,1.075) 6.76E-05 0.004 5.4% 82.2% 87.6%

ENSG00000161180 CCDC116 0.664 (0.543,0.813) 7.28E-05 0.004 3.1% 96.9% 100.0%

ENSG00000078747 ITCH 1.125 (1.060,1.194) 9.86E-05 0.005 0.5% 85.2% 85.7%

ENSG00000233276 GPX1 0.842 (0.772,0.919) 1.10E-04 0.006 13.1% 79.0% 92.1%

ENSG00000138134 STAMBPL1 0.740 (0.633,0.863) 1.35E-04 0.006 0.0% 97.3% 97.3%

ENSG00000178188 SH2B1 0.675 (0.551,0.828) 1.59E-04 0.007 6.0% 94.0% 100.0%

ENSG00000173402 DAG1 1.251 (1.113,1.406) 1.69E-04 0.008 13.3% 78.7% 92.0%

ENSG00000196821 ILRUN 0.949 (0.923,0.976) 2.02E-04 0.009 99.9% 0.1% 100.0%

ENSG00000224557 HLA-DPB2 0.915 (0.873,0.960) 2.59E-04 0.011 100.0% 0.0% 100.0%

ENSG00000114270 COL7A1 1.358 (1.146,1.609) 4.03E-04 0.017 0.7% 89.5% 90.2%

ENSG00000112182 BACH2 0.920 (0.877,0.966) 0.001 0.026 84.5% 7.9% 92.4%

ENSG00000170035 UBE2E3 0.902 (0.846,0.962) 0.002 0.049 99.9% 0.0% 99.9%

ENSG00000111319 SCNN1A 1.292 (1.102,1.516) 0.002 0.050 20.5% 79.5% 100.0%
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predicted genes such as B3GNT2(OR: 0.914, 95%CI 
0.894,0.933), PPT2 (OR: 0.556 95%CI 0.456,0.678), and 
PSMB9 (OR: 0.473, 95%CI 0.363,0.617) were negatively 
correlated with AS. However, genetically predicted 
higher expression levels of several genes were posi-
tively associated with AS, such as EFCAB13-DT (OR: 
1.178, 95%CI: 1.116, 1.243), TUFM (OR: 1.030, 95%CI 
1.019,1.041), ACTA2 (OR: 1.021, 95%CI 1.012,1.031), 
and TNFRSF1A (OR: 1.077, 95% CI 1.043,1.112). 
Of these, EFCAB13-DT, SGF29, TUFM, SULT1A2, 
KPNB1-DT, ACTA2, ATP2A1, SH2B1, KRT18P39, and 
INO80E were replicated in replication cohorts at the 

nominally significant level. (Supplementary Table  S6 
and Supplementary Table S7).

Assessing the effect of plasma proteins on AS
A total of 20 SMR-identified proteins were associated 
with AS risk (P < 0.05 and P-HEIDI > 0.05). (Supplemen-
tary Table  S8) Based on the corrections of P value and 
colocalization, the volcano plot shows that nine SMR-
prioritized proteins were identified as potential drug 
targets, of which five were positively associated with AS 
risk (Fig.  3). Table  2 shows that genetically predicted 
AIF1 (OR: 0.290, 95%CI 0.244–0.343), TNXB (OR: 0.570, 

Fig. 3  Volcano plot of associations between plasma proteins and ankylosing spondylitis. A total of 9 SMR-prioritized proteins show significant 
associations with ankylosing spondylitis (AS), in which FCGR2A, FCGR2B, IL12B, TNFRSF1A, and ERAP1 are positively associated with AS, whereas 
AIF1, APOM, and B3GNT2 are negatively associated with AS. OR odds ratio, PVE proportion of variance explained

Table 2  The associations of pQTLs with ankylosing spondylitis

OR odds ratio, CI confidence interval, FDR false dicovery rate

Protein OR (95% CI) P value P-FDR value PPH3 PPH4 PPH3 + PPH4

AIF1 0.290 (0.244–0.343) 9.68E-47 1.37E-44 10.9% 89.1% 100%

TNXB 0.570 (0.513–0.633) 1.85E-25 1.32E-23 100.0% 0.0% 100%

APOM 0.439 (0.373–0.517) 6.91E-23 3.27E-21 100.0% 0.0% 100%

B3GNT2 0.786 (0.743–0.832) 1.07E-16 3.79E-15 100.0% 0.0% 100%

FCGR2A 1.021 (1.014–1.027) 1.35E-09 2.74E-08 0.0% 100.0% 100.0%

FCGR2B 1.053 (1.036–1.071) 1.35E-09 2.74E-08 99.5% 0.0% 99.5%

IL12B 1.061 (1.038–1.085) 1.66E-07 2.14E-06 1.9% 98.1% 100%

TNFRSF1A 1.565 (1.289–1.900) 6.15E-06 7.94E-05 0.4% 99.6% 100%

ERAP1 1.306 (1.094–1.558) 3.07E-03 0.034 100.0% 0.0% 100%
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95%CI 0.513–0.633), APOM (OR: 0.439, 95%CI 0.373–
0.517), and B3GNT2 (OR: 0.786, 95% CI 0.743–0.832) 
were negatively associated with AS. However, FCGR2A 
(OR: 1.021, 95% CI 1.014–1.027), FCGR2B (OR: 1.053, 
95% CI 1.036–1.071), IL12B (OR: 1.061, 95%CI: 1.038–
1.085), TNFRSF1A (OR: 1.565, 95% CI 1.289–1.900) 
and ERAP1 (OR: 1.306, 95% CI 1.094–1.558) were posi-
tively associated with AS. These SMR-prioritized pro-
teins all had supported evidence of colocalization in AS 
(PPH3 + PPH4 ≥ 80%). Similarly, AIF1, TNXB, APOM, 
B3GNT2, IL12B, TNFRSF1A, GCKR, and SLAMF7 
were identified to be associated with AS in the FinnGen 
cohort (Supplementary Table S9), whereas AIF1, TNXB, 
APOM, and FCGR3B were found to be associated with 
this disease in the UK biobank cohorts. (Supplementary 
Table S10).

Integration of multi‑omics evidence
Based on the integration of multi-omics results, we found 
that TNFRSF1A was categorized into tier 1, whereas 
B3GNT2, FCGR2A, and ERAP1 into tier 2. (Table 3) In 
the replication cohort, not all associations between these 
four genes and AS reached statistical significance. How-
ever, mostly their connections had a consistent direction 
as those disclosed in the discovery stage. (Supplemen-
tary Table  S11) The associations between gene meth-
ylation, expression, and protein abundance are shown 
in Supplementary Table  S12. We found that the meth-
ylation sites (cg08418872, cg11268190, cg00556515, 
cg09043214, cg14009561, cg23752651, and cg23320693) 
in TNFRSF1A were negatively associated with its gene 
expression (all P < 0.05). Inversely, the expression of 
TNFRSF1A was positively associated with its protein 
level (P = 2.31E-13). A positive connection was observed 
between B3GNT2 expression and its protein. (P = 2.67E-
65). Moreover, the methylations of ERAP1 (cg17330273) 
and FCGR2A (cg06350097 and cg24422489) were posi-
tively associated with their gene expressions, but nega-
tively correlated with their corresponding proteins. (all 
P < 0.05) The colocalization analysis further supported 
our results, in which PPH3 + PPH4 of mQTL with eQTL, 
eQTL with pQTL in these genes were all ≥ 80%.

PPI and enriched pathways of the SMR‑identified proteins
The PPI network plot shows the interactions between 
these SMR-identified proteins, which contained 20 nodes 
and 18 edges with a significant PPI enrichment P-value 
of 5.75E−10. (Fig. 4). In the GO enrichment analysis, we 
found that biological pathways relevant to AS mainly 
participate in the immune response, such as leukocyte 
activation, positive regulation of lymphocyte migration, 
natural killer cell activation, T-helper 1 cell cytokine 
production, interleukin-23-mediated signaling pathway, 

and cell adhesion. (Supplementary Table  S13, Fig.  5A). 
The KEGG analysis identified that osteoclast differentia-
tion, cytokine-cytokine receptor interaction, NF-kappa 
B signaling pathway, TNF signaling pathway, inflamma-
tory bowel disease (IBD), leishmaniasis, and tuberculosis, 
etc. were associated with these proteins identified in this 
study (Supplementary Table S14, Fig. 5B).

Drug target of the SMR‑prioritized proteins and molecular 
docking
The DSigDB database predicted 149 potential chemical 
compounds based on these SMR-prioritized proteins. 
(Supplementary Table S15). The top 10 potential chemi-
cal compounds with P-value < 0.05 are listed in Table  4. 
IL12B and TNFRSF1A could be the most important tar-
get proteins for AS, which were significantly connected 
to more drug candidates, such as isoproterenol (CTD 
00006175), dinoprostone (CTD 00007049), and thalido-
mide (CTD 00006858), etc. We further used AutoDock to 
estimate the affinity of the top 5 predicted drugs for these 
proteins. A total of 9 effective docking results were found 
between 5 proteins and 4 candidate drugs (Fig.  6). Of 
these, the lowest binding energy was exhibited between 
IL12B and thalidomide (−7.2  kcal/mol), which was 
regarded as the most stable binding. (Table 5).

Discussion
In this study, a total of 9 genes were identified as 
promising therapeutic targets for AS, including AIF1, 
TNXB, APOM, B3GNT2, FCGR2A, FCGR2B, IL12B, 
TNFRSF1A, and ERAP1. Based on multi-omics evidence, 
TNFRSF1A, B3GNT2, FCGR2A, and ERAP1 genes were 
found to be associated with AS risk at different regulatory 
levels. PPI network and enrichment analysis revealed the 
regulatory connections among these proteins and their 
functional traits, primarily related to immune responses. 
All these results show that these genetically predicted 
drug targets may have potentially druggable values.

TNFRSF1A was categorized into tier 1 in our study. 
We found that its protein level was positively associ-
ated with AS risk. This gene-encoded protein is one of 
the major transmembrane receptors for TNF-α, which 
plays a critical role in inducing the activation of NF-κB. 
The activation of the NF-κB signaling pathway func-
tions in recognizing inflammation, regulating inflam-
matory mediators, and inducing the release of various 
pro-inflammatory cytokines, such as IL-1β, TNF-α, and 
IL-6. [18] Previous GWAS studies have reported that 
TNFRSF1A is one of the susceptibility genes for AS. [19, 
20] However, no study reported the regulation among 
TNFRSF1A methylation, expression, and protein abun-
dance for AS. Our results expand the knowledge that 
up-regulating the methylation level of cg08418872, 



Page 9 of 13Dai et al. Journal of Translational Medicine         (2024) 22:1115 	

cg11268190, cg00556515, cg09043214, cg14009561, 
cg23752651, and cg23320693 in this gene could reduce 
the risk of AS by down-regulating its expression and pro-
tein levels.

B3GNT2 was categorized into tier 2 based on multi-
omics results. Our findings showed that its decreased 
expression could significantly increase AS risk. It may 
be due to the fact that knocking out B3GNT2 could 
reduce the cell surface poly-N-acetyl-lactosamine and 
lead to hypersensitivity and hyperresponsivity of immu-
nocytes [21]. A recent study has reported that increased 
mRNA expression of B3GNT2 could reduce C-reactive 
protein, erythrocyte sedimentation rate, and syndesmo-
phyte formation in AS patients, suggesting that B3GNT2 
was a protective factor for this disease [22]. ERAP1 and 
FCGR2A were also categorized into tier 2. Our findings 
are consistent with previous studies, in which reduced 
endopeptidase activity of ERAP1 could be a protective 
effect for this disease [20, 23]. FCGR2A encodes a mem-
ber of the Fc-gamma receptors family for recognizing 
immunoglobulin G. It could activate immune cell func-
tions, function in phagocytosis, and release inflamma-
tory mediators [24]. Some studies have reported that 
FCGR2A is genetically associated with a lot of diseases 
triggered by auto-antibodies or immune complexes, such 
as rheumatoid arthritis (RA) [25], SLE [26], Kawasaki dis-
ease [27], and inflammatory bowel disease [28]. However, 

the causal relationship between FCGR2A and AS is still 
unclear. Our SMR results showed that this gene was posi-
tively associated with AS at the protein level. Further-
more, we revealed a negative relationship of methylation 
in ERAP1 (cg17330273) and FCGR2A (cg06350097 and 
cg24422489) with AS.

Our study demonstrated that IL12B, AIF1, TXNB, 
and APOM were associated with AS at the protein 
level. However, we failed to find significant associations 
between these genes and AS at the methylation and gene 
expression levels. A few studies have demonstrated that 
the polymorphisms of IL12B are associated with AS sus-
ceptibility [29, 30]. In this study, we found that IL12B 
encoded protein was positively associated with AS risk. 
This gene encodes the p40 component of IL-12 and 
IL-23, which is involved in both the IL12/Th1 and IL23/
Th17 pathways [31]. Notably, the IL-23/IL-17 signaling 
pathway plays a critical role in the pathogenesis of AS 
[32]. Inversely, our findings showed that the increased 
protein levels of AIF1, TNXB, and APOM could reduce 
the risk of AS. Meanwhile, these significantly negative 
correlations were also found in FinnGen and UK biobank 
cohorts. The AIF1 gene encodes a calcium-responsive 
cytoplasmic scaffold protein, which mediates innate and 
adaptive immune responses within dendritic cells (DC) 
and macrophages [33, 34]. It has been reported that AIF1 
is correlated with various autoimmune diseases, such as 

Fig. 4  Protein–protein interaction (PPI) of 20 SMR-identified proteins constructed by STRING
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RA [35, 36] and systemic sclerosis [37]. The TNXB gene 
is responsible for the production of tenascin-X (TNX), an 
extracellular matrix glycoprotein abundantly expressed in 
skin, muscle, tendon sheath, peripheral nerve, and blood 
vessels [38, 39]. The APOM protein is mainly associated 
with high-density lipoprotein in human plasma and func-
tions with anti-inflammatory effects [40]. However, the 
evidence on the causal effect of AIF1, TNXB, and APOM 
on AS from epidemiological and experimental studies 

was relatively limited. Therefore, experimental valida-
tion is warranted to further explore the biological mecha-
nisms of these genes on AS in the future.

Our enrichment analysis demonstrated that the pro-
teins were associated with the TNF pathway, IL23/
Th17 pathway, and NF-kappa B signaling pathway. Of 
note, these pathways are the focal point of drug devel-
opment for AS [41]. Currently, a few biological agents 
have been approved for AS by targeting key regulators 

Fig. 5  Functional enrichment analysis of 20 SMR-identified proteins. A The Gene Ontology (GO) analysis; B Kyoto Encyclopaedia of Genes 
and Genomes (KEGG) pathway analyses
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in these signaling cascades, such as anti-TNF-α agents 
(e.g. infliximab, adalimumab, etanercept) and an IL-
17A inhibitor (secukinumab) [42, 43]. However, some 
patients still respond poorly to these therapies or develop 
resistance over time, suggesting that the signaling path-
ways involved in the pathogenesis of AS are diverse and 
complex. In this study, drug prediction and molecu-
lar docking results further demonstrated the medicinal 
potential of these SMR-prioritized proteins, especially 
TNFRSF1A and IL12B. Compared to the TNF inhibi-
tor, the TNFRSF1A inhibitor could block the interaction 
of TNF with TNFRSF1A directly at the receptor level 
without affecting the signaling of TNF bound to the cell 
membrane and other receptors. Therefore, it may reduce 
the adverse effects (e.g. infections, malignancies) caused 
by non-selective TNF inhibitors. Furthermore, the IL12B 
inhibitors may reduce pro-inflammatory cytokines like 
IFN-γ and IL-17 by simultaneously modulating multiple 

immune pathways, such as IL12/Th1 and IL23/Th17 
pathways. Therefore, targeting these targets for the devel-
opment of new alternative strategies may be promising 
for AS patients unresponsive to the current therapies.

This study has some advantages. The SMR method 
could minimize reverse causation and confounding 
bias. Meanwhile, the HEIDI test and colocalization 
approach could attenuate the potential bias caused by 
linkage disequilibrium and strengthen our conclusion. 
Moreover, a large sample of GWAS data contributes to 
increasing the statistical power of this study. However, 
there were also some inevitable limitations. The limi-
tations of this study and corresponding recommenda-
tions for future research were listed as follows. Firstly, 
this study predominantly focused on European descent. 

Table 4  Candidate drug predicted using DSigDB

Drugs Genes P value

Isoproterenol CTD 00006175 IL12B; TNFRSF1A 5.45E-04

Cimetidine PC3 UP TNXB; FCGR2A;ERAP1 7.13E-04

Dinoprostone CTD 00007049 IL12B; TNFRSF1A 1.40E-03

Thalidomide CTD 00006858 IL12B; TNFRSF1A 1.72E-03

NICKEL SULFATE CTD 00001417 IL12B; FCGR2B;TNFRSF1A 1.75E-03

R-atenolol PC3 DOWN ERAP1; B3GNT2 1.77E-03

AGN-PC-0JHFVD BOSS IL12B; FCGR2B 3.13E-03

Capsaicin CTD 00005570 IL12B; TNFRSF1A 3.62E-03

Dimethyl sulfoxide CTD 00005842 APOM; TNFRSF1A 3.66E-03

PHENCYCLIDINE CTD 00005881 IL12B; TNFRSF1A 4.34E-03

Fig. 6  Molecular docking. a ERAP1-cimetidine; b FCGR2A-cimetidine; c TNXB-cimetidine: d IL12B-dinoprostone; e IL12B-isoproterenol; f 
IL12B-thalidomide; g TNFRSF1A-dinoprostone; h TNFRSF1A-isoproterenol; i TNFRSF1A-thalidomide

Table 5  Molecular docking between target genes and predicted 
drugs

Target Genes PDB ID Drugs PUBCHEM ID Binding 
energy (kcal/
mol)

ERAP1 2YD0 Cimetidine 2756 −5.6

FCGR2A 1FCG Cimetidine 2756 −4.0

IL12B 1F42 Isoproterenol 3779 −5.9

IL12B 1F42 Dinoprostone 5,280,360 −5.8

IL12B 1F42 Thalidomide 5426 −7.2

TNFRSF1A 1EXT Isoproterenol 3779 −6.4

TNFRSF1A 1EXT Dinoprostone 5,280,360 −4.7

TNFRSF1A 1EXT Thalidomide 5426 −5.9

TXNB 2CUH Cimetidine 2756 −4.3
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Due to differences in allele frequencies and linkage dis-
equilibrium patterns in diverse populations, genetic 
variants often exhibit population-specificity. For exam-
ple, HLA-B27, a well-known genetic risk factor for AS, 
exhibits different prevalence rates across ethnicities, 
being highly prevalent in European and certain Asian 
populations but much less common in African popula-
tions [44]. Therefore, future research should focus on 
validating these findings in populations with diverse 
genetic backgrounds to identify both shared and dif-
ferential genetic risk for AS, which may contribute to 
developing more personalized and effective therapeutic 
strategies.

Secondly, the QTL data were just derived from periph-
eral blood, which may result in a lack of understanding of 
tissue-specific regulatory mechanisms. Previous studies 
have reported that methylation patterns, expression pro-
files, and protein interactions of certain genes may dif-
fer in various tissues [45]. Therefore, incorporating QTL 
data from AS mainly involved tissues (e.g. joint and spine 
tissues) in future studies will be essential to improve the 
comprehensive understanding of AS pathogenesis.

Thirdly, although molecular docking predicts the interac-
tions of potential drugs and targets, their accuracy largely 
depends on the quality of the ligand and protein struc-
ture, which may fail to account for the complexity of bio-
logical systems. However, experimental studies could find 
off-target effects and toxicity and reduce the risk of failure 
in drug development. The in vitro experiments could con-
firm whether the predicted interactions translate into real-
world biological activity. The animal models and clinical 
trials could comprehensively assess the pharmacokinetics, 
efficacy, and safety of potential therapies. Therefore, future 
studies should focus on experimental validations to confirm 
the biological relevance and therapeutic potential of the 
identified drug-target interactions presented in this study.

Conclusion
This study conducted SMR analysis to assess the causal 
associations of gene methylation, expression, and protein 
levels with AS. We demonstrated 9 proteins as potential 
drug targets for AS, which provided a novel insight into 
the therapeutic strategy for this disease in the future. 
However, more functional experiments and genetically 
engineered animal models are needed to further address 
the role of these genes in the pathogenesis of AS.
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