
RESEARCH

Journal of Cancer Research and Clinical Oncology         (2025) 151:171 
https://doi.org/10.1007/s00432-025-06224-8

al. 2021), and virus infections like Epstein-Barr virus (EBV) 
and human immunodeficiency virus (HIV) (Carbone et al. 
2017). Extensive research has uncovered genetic suscepti-
bility factors for HL. Linkage and candidate gene studies 
have found some associations of HLA (Human Leukocyte 
Antigen) class I and class II alleles with cHL (Kushekhar 
et al. 2014). Additionally, candidate gene studies have pin-
pointed susceptibility loci near non-HLA genes involved in 
immune regulation, carcinogen and folate metabolism, DNA 
repair, and other HL-related pathways (Sud et al. 2017b). 
GWASs have identified multiple susceptibility regions for 
HL, with the most significant associations mapped to the 
HLA class II region near HLA-DRA, HLA-DRB1, and HLA-
DRB9 (Cozen et al. 2012; Enciso-Mora et al. 2010; Sud et 
al. 2017a; Urayama et al. 2012). Other signals in the 6p21 
region include rs2248462 (MICB), associated with overall 
cHL, as well as rs2734986 (HLA-G/HLA-A) and rs6904029 
(HCG9), which are linked to EBV-positive classical HL 
(Urayama et al. 2012). Beyond the HLA region, susceptibil-
ity loci have been identified at 2p16.1, 3p24.1, 3q28, 5q31, 
6q22.33, 6q23.3, 8q24.21, 10p14, 11q22.3, 11q23.1, 13q34, 

Introduction

Hodgkin lymphoma (HL) is an aggressive B-cell tumor that 
features Hodgkin/Reed-Sternberg cells. It mainly consists 
of the classical HL (cHL), which makes up 90% of all cases, 
and nodular lymphocyte-predominant HL (NLPHL) (Con-
nors et al. 2020). According to GLOBOCAN 2022, there 
were 82,409 new HL cases and 22,701 deaths worldwide 
(Bray et al. 2024). Key risk factors include genetic factors 
(Kharazmi et al. 2015), environmental influences (Ribeiro et 
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Abstract
Background  Genome-wide association studies (GWASs) have pinpointed many susceptibility loci for Hodgkin Lymphoma 
(HL), but their underlying biological mechanisms remain unclear.
Methods  Utilizing GWAS data from the UK Biobank and FinnGen, along with expression quantitative trait loci (eQTL) 
statistics from the Genotype-Tissue Expression (GTEx) and the eQTL Catalogue, we carried out a large-scale gene-level 
association study using Omnibus Transcriptome Test with Expression Reference Summary data (OTTERS), and gene-based 
analysis with eQTL Multi-marker Analysis of Genomic Annotation (E-MAGMA).
Results  We identified sixteen susceptibility genes for HL (FDR < 0.01), primarily immune-related, including HLA-DQA1, 
HLA-DQA2, HLA-DQB1, HLA-DRB1, HLA-DRB5, HLA-DMA, and HLA-DPB1, alongside genes involved in apoptosis, 
RNA processing, transcriptional regulation, and signal transduction. We identified five novel plausible genes, including 
HLA-DMA, HLA-DPB1, LSM2, AAR2, and NOTCH4.
Conclusion  These findings highlight the role of the exogenous antigen presentation pathway in HL, shedding light on poten-
tial mechanisms.
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16p11.2, 16p13.13, 19p13.3, and 20q13.12. These loci map 
to regions adjacent to genes involved in hematopoiesis and 
immune regulation (Chen et al. 2022; Cozen et al. 2014; 
Enciso-Mora et al. 2010; Frampton et al. 2013; Sud et al. 
2017a; Urayama et al. 2012; Sud et al. 2018).

Despite these findings, many GWAS-identified variants 
reside in large haplotype blocks or non-coding regions, 
complicating the identification of their functional mecha-
nisms and potential causal genes. In this context, eQTL in 
disease-relevant tissues provides complementary insights 
by linking disease-associated SNPs to gene expression, 
shedding light on underlying biological mechanisms. 
Advances in bioinformatics have led to the development 
of various approaches that combine GWAS and eQTL data. 
For instance, the OTTERS combines GWAS and eQTL 
summary statistics to find genes significantly associated 
with diseases and predict altered gene expression in cases 
(Dai et al. 2023). Another tool, E-MAGMA, refines SNP-to-
gene mapping by incorporating tissue- or cell-type-specific 
eQTL data, followed by gene association analysis (Gerring 
et al. 2021). Combining these gene-level association analy-
ses with different statistical methods reduces false discover-
ies and provides reliable, complementary results.

Here, we integrated GWAS summary data from the UK 
Biobank and FinnGen with seven eQTL datasets from the 
GTExV7 and the eQTL Catalogue to perform OTTERS and 
E-MAGMA analyses to pinpoint susceptibility genes for 
HL.

Methods

GWAS population and data collection

Participants for this study were drawn from the UK Bio-
bank and FinnGen. The UK Biobank enrolled over 500,000 
participants from 2006 to 2010, collecting comprehensive 
phenotypic and genotypic data at baseline and conducting 
long-term follow-up to monitor health outcomes (Sudlow 
et al. 2015). We utilized GWAS summary statistics from 
the publicly accessible UKBB PheWeb (​h​t​t​p​​s​:​/​​/​p​h​e​​w​e​​b​.​
o​r​g​/​U​K​B​-​T​O​P​M​e​d​/) for the analysis. PheWeb provides 
ICD-based GWAS results derived from electronic health 
records, encompassing 1,403 PheWAS codes for binary 
traits, including HL (PheCode 201). ICD-10 codes C81.0 
to C81.3 had been used to identify HL cases in the UK 
Biobank (259 cases, 402,715 controls). Association test-
ing had been performed by SAIGE (Scalable and Accurate 
Implementation of Generalized Mixed Models), adjusting 
for sex, birth year, and the first four PCs (principal compo-
nents) (Zhou et al. 2018). We included a total of 8,978,153 
SNPs with MAF (Minor Allele Frequency) > 0.01 for further 

analysis. FinnGen is a large-scale project combining public 
and private efforts to analyze genomic and health data from 
500,000 individuals enrolled in Finnish biobanks. The qual-
ity control steps were previously described. We used GWAS 
summary data from the December 2022 8th release ​(​​​h​t​t​p​s​:​/​
/​r​8​.​f​i​n​n​g​e​n​.​f​i​/​​​​​)​, encompassing 690 HL patients and 271,463 
controls with 8,990,713 SNPs (MAF > 0.01). HL was deter-
mined using ICD-10 codes C81.0-3. Genome-wide associa-
tions had been performed by SAIGE and adjusted for age, 
sex, the first ten PCs, and genotyping batch (Kurki et al. 
2023).

eQTL data source

Summary statistics for seven cis-eQTLs related to two 
HL-relevant tissues were sourced from the GTEx (version 
7) (Battle et al. 2017) and the eQTL Catalogue, includ-
ing GTExV7 EBV-transformed LCL (n = 117), GTExV7 
Whole blood (n = 369), eQTL Catalogue GENCORD LCL 
(n = 190), eQTL Catalogue GEUVADIS LCL (n = 445), 
eQTL Catalogue TwinsUK LCL (n = 418), eQTL Catalogue 
TwinsUK blood (n = 195), and eQTL Catalogue Lepik 2017 
blood (n = 471) (Table S1).

GWAS meta-analysis for HL

A GWAS meta-analysis of 949 HL cases and 674,178 con-
trols from the UK Biobank and FinnGen was performed 
using METAL with a fixed-effects inverse variance weighted 
model (Willer et al. 2010). We included 7,689,304 variants 
common to the UK Biobank and FinnGen. Stepwise condi-
tional analysis was conducted in GCTA-COJO (--cojo-slct) 
to identify independent SNPs (Yang et al. 2012). Linkage 
disequilibrium (LD) was estimated using 10,000 unrelated 
Europeans randomly selected from the UK Biobank. For 
non-HLA regions, loci with P < 1 × 10− 6 and r2 < 0.1 were 
included, while stricter criteria (P < 5 × 10− 8 and r2 < 0.01) 
were applied for the HLA region to identify independent 
susceptibility signals.

Fine mapping analysis

To identify the most likely causal variants in HL-associated 
genomic regions, we performed fine-mapping by SuSiE 
(Sum of Single Effects) (Wang et al. 2020) via the easy-
finemap pipeline (version 0.4.4, ​h​t​t​p​​s​:​/​​/​j​i​a​​n​h​​u​a​-​​w​a​n​g​​.​g​i​​t​h​
u​​b​.​i​o​/​e​a​s​y​f​i​n​e​m​a​p​/). SuSiE assigned posterior ​p​r​o​b​a​b​i​l​i​t​i​
e​s to variants, indicating their potential causality for HL. 
To define credible sets of potentially causal variants, we 
focused on a 500 kb window around the lead SNPs reach-
ing the genome-wide significant threshold (P < 5 × 10− 8) 
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and applied a stringent probability threshold of 0.95 for the 
credible set.

Gene-level association analysis

We executed TWAS utilizing OTTERS that amplifies statis-
tical power by integrating five polygenic risk score (PRS) 
models alongside cis-eQTL training in two phases (Dai et 
al. 2023). In stage I, OTTERS employs four PRS methods 
with five models, including P-value thresholding (P + T) 
thresholding 0.05 and 0.001 with LD clumping (Privé et 
al. 2019), frequentist LASSO (Mak et al. 2017), Bayesian 
regression with continuous shrinkage priors (PRS-CS) (Ge 
et al. 2019), and a nonparametric Bayesian approach (SDPR) 
(Zhou et al. 2021) to estimate cis-eQTL weights combining 
eQTL summary data and reference LD from training sam-
ples. It then conducts gene-level association analysis with 
the GWAS summary statistics to generate Z scores and P 
values. In stage II, the aggregated Cauchy association test 
(ACAT) is applied to calculate the P value (Liu et al. 2019). 
Gene-phenotype associations were considered significant 
if the ACAT P value met the Benjamini-Hochberg (BH) 
correction threshold (FDR < 0.01 for each eQTL dataset), 
at least two PRS models showed P value < 0.05, and the Z 
score directions were consistent across all five models.

We also performed gene-based association analysis for 
HL through E-MAGMA (Gerring et al. 2021), which builds 
on the MAGMA framework and employs a multiple linear 
principal component regression model to improve statistical 
performance (de Leeuw et al. 2015). SNP annotation and 
gene association formed the two components of the analy-
sis. For the annotation, we utilized eQTL summary statistics 
from seven eQTL datasets involved in the OTTERS, select-
ing SNP-gene expression associations with FDR-adjusted 
P < 0.05. SNPs were mapped to their associated genes to 
ensure high-confidence annotations. Genes that met the 
Benjamini-Hochberg correction threshold (FDR < 0.01) 
were identified as HL-related genes by E-MAGMA.

To minimize the false discovery rate, we defined the genes 
that reached the Benjamini-Hochberg correction threshold 
by both OTTERS and E-MAGMA in each eQTL database 
(FDR < 0.01) as HL susceptibility genes. By leveraging 
these two complementary methods, we aim to enhance the 
robustness of the results of gene-level association studies.

Conditional analyses

To identify potential novel susceptibility genes, we per-
formed E-MAGMA and OTTERS after conditioning on 
previously reported GWAS risk SNPs. We first extracted 79 
SNPs from the GWAS Catalog that reached genome-wide 
significance (P < 5 × 10− 8) for HL. We then performed LD 

clumping (--r2 < 0.1) for the HLA region (30–34  Mb) and 
1p13.2, identifying eight independent lead SNPs. Condi-
tional regression analysis was then conducted on the HL 
GWAS data using GCTA-COJO (--cojo-cond). Finally, 
OTTERS and E-MAGMA analyses were performed using 
the conditional GWAS summary results, and genes that 
reached the Benjamini-Hochberg correction significant 
threshold (FDRcojo < 0.05) in both methods were defined as 
novel susceptibility genes that were not captured by previ-
ously reported GWAS signals.

Gene set enrichment analysis

To investigate the biological significance of HL susceptibil-
ity genes, we applied the ClusterProfiler (Yu et al. 2012) 
to conduct enrichment analysis of the significant genes 
identified by both E-MAGMA and OTTERS. We assessed 
enrichment in Gene Ontology (GO) biological processes 
and Kyoto Encyclopedia of Genes and Genomes (KEGG) 
pathways for humans. ClusterProfiler employs an Over-
Representation Analysis (ORA) strategy, utilizing the 
hypergeometric distribution to calculate the P-value and 
determine whether gene sets related to known biological 
functions are enriched in the gene sets of interest. Gene 
sets with a Benjamini-Hochberg corrected FDR < 0.05 and 
an Enrichment Ratio ≥ 5% were considered significantly 
enriched.

Results

GWAS meta-analysis identifies five regions 
associated with HL risk

We performed a GWAS meta-analysis based on 949 HL 
patients and 674,178 controls from the UK Biobank and 
FinnGen cohorts. After quality control and meta-analysis, a 
total of 7,689,303 variants were retained. A total of twenty-
two variants within the HLA region and one at 1p13.2 
region were found to reach the genome-wide significance 
threshold (P < 5 × 10− 8, Fig.  1). To identify independent 
genetic susceptibility signals in each region, we performed 
stepwise conditional analysis using GCTA-COJO on loci 
within each genetic susceptibility region (Yang et al. 2012). 
We identified two independent SNPs associated with HL 
surpassing P < 5 × 10− 8, including rs9271406 at 6p21.32 
(OR = 0.75, 95% CI = 0.68–0.82, Pmeta = 1.17 × 10–10, PCOJO 
= 1.17 × 10–10) and rs1230666 at 1p13.2 (OR = 0.72, 95% 
CI = 0.64–0.81, Pmeta = 3.12 × 10− 8, PCOJO = 3.12 × 10− 8; 
Table  1, Table S2). In addition, we identified three loci 
surpassing suggestive significance (P < 1 × 10− 6), includ-
ing 8q24.21, 17q25.3, and 20q13.33 (Table 1; Figs. 1 and 
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by including all variants up- and downstream of the two 
lead SNPs at a 250 kb window from the HL meta GWAS 
using SuSiE based on linkage disequilibrium (LD) (Wang 
et al. 2020). Two variants with causality (posterior probabil-
ity > 0.5) were found, including rs9271406 at 6p21.32 (PP_
SUSIE = 0.53) and rs1230666 at 1p13.2 (PP_SUSIE = 0.61) 
(Table S3).

2). The genetic inflation factor (λ) was 1.022, indicating no 
apparent population stratification (Figure S1).

Fine mapping reveals credibly causal variants

We performed fine-mapping for the 2 regions (1p13.2, 
6p21.32) reaching the genome-wide significant threshold 

Table 1  GWAS meta-analysis identified five independent genetic susceptibility loci for HL
SNP Position a Cytoband Allele b Nearby Gene Study EAF OR (95% CI) c Pc

Case Control
rs9271406 6:32,587,588 6p21.32 G/A HLA-DQA1 UK Biobank 0.44 0.50 0.79(0.67,0.94) 8.50 × 10− 3

FinnGen 0.46 0.54 0.73(0.66,0.81) 2.79 × 10− 9

Meta 0.45 0.52 0.75(0.68,0.82) 1.17 × 10− 10

rs1230666 1:114,173,410 1p13.2 G/A MAGI3 UK Biobank 0.79 0.85 0.61(0.48,0.77) 6.90 × 10− 5

FinnGen 0.79 0.83 0.76(0.67,0.87) 6.08 × 10− 5

Meta 0.79 0.84 0.72(0.64,0.81) 3.12 × 10− 8

rs71520688 8:129,056,888 8q24.21 T/C PVT1 UK Biobank 0.12 0.10 1.38(1.03, 1.85) 0.03
FinnGen 0.16 0.12 1.42(1.23,1.65) 2.30 × 10− 6

Meta 0.14 0.11 1.41(1.24,1.61) 2.21 × 10− 7

rs78604106 17:80,920,842 17q25.3 T/C B3GNTL1 UK Biobank 0.05 0.04 1.55(0.99,2.44) 0.06
FinnGen 0.09 0.06 1.58(1.30,1.91) 2.95 × 10− 6

Meta 0.07 0.05 1.57(1.32,1.88) 4.42 × 10− 7

rs2427513 20:61,755,392 20q13.33 A/C YTHDF1 UK Biobank 0.48 0.44 1.17(0.99,1.40) 0.07
FinnGen 0.55 0.49 1.28(1.15,1.42) 3.23 × 10− 6

Meta 0.52 0.46 1.25(1.14,1.37) 8.68 × 10− 7

a: The chromosome, genomic positions of susceptibility loci according to the hg19 reference
b: Effective allele/reference allele
c: Odds ratios (ORs), 95% confidence intervals (CI) and P values of GWAS analysis in each study and meta-analysis
Meta-analysis of three study samples was performed using a fixed-effect model
SNP: Single nucleotide polymorphism
EAF: Effective allele frequency

Fig. 1  Manhattan plot of GWAS meta-analysis for HL in 949 cases 
and 674,178 controls. The X-axis represents the chromosomal physi-
cal positions of SNPs, while the Y-axis represents the -log10 trans-

formed P-values of the SNPs. The red line indicates the genome-wide 
significance threshold of P = 5.0 × 10− 8, and the blue line indicates the 
suggestive threshold of P = 1.0 × 10− 6

 

1 3

  171   Page 4 of 11



Journal of Cancer Research and Clinical Oncology         (2025) 151:171 

analysis, and 14,500 genes were used for E-MAGMA. Six-
teen genes showed statistical significance (FDR < 0.01 in 
both OTTERS and E-MAGMA) within the same eQTL 
dataset (Table 2, Table S4, Figure S2). These included HLA 
class II genes (HLA-DQA1, HLA-DQA2, HLA-DQB1, HLA-
DRB1, HLA-DRB5, HLA-DMA, and HLA-DPB1, Figure S3, 

OTTERS and E-MAGMA discover sixteen 
susceptibility genes for HL

We performed gene-level association analysis using both 
OTTERS (Dai et al. 2023) and E-MAGMA (Gerring et 
al. 2021). A total of 19,127 genes were used for OTTERS 

Fig. 2  Regional plots of five genomic susceptibility loci for HL. (A) 
6p21.32 region (rs9271406), (B) 1p13.2 region (rs1230666), (C) 
8q24.21 region (rs71520688), (D) 17q25.3 region (rs78604106), 
and (E) 20q13.33 region (rs2427513). SNPs located within 250  kb 
upstream or downstream of the lead SNPs (purple diamonds) were 
displayed with their -log10 transformed P-values (y-axis) relative to 

genomic position based on the hg19 reference (x-axis). Recombina-
tion rates (blue lines) and linkage disequilibrium (LD) patterns (color-
coded from blue to red, corresponding to r2 ranging from 0 to 1) were 
estimated using data from the 1000 Genomes Project of European 
ancestry
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Gene Position a eQTL 
dataset

E-MAGMA OTTERS
Pb FDR b PCOJO

c FDRCOJO
c Pd FDR b PCOJO

e FDRCOJO
e

BCL2L15 1:114,420,790–
114,425,480

Twin-
sUK 
LCL

5.71 × 10− 6 5.00 × 10− 3 0.07 0.12 6.63 × 10− 6 1.35 × 10− 3 0.26 0.41

AIF1 6:31,582,961–
31,583,880

Lepik 
2017 
blood

1.07 × 10− 6 1.30 × 10− 3 0.07 0.12 5.49 × 10− 5 3.18 × 10− 3 0.01 0.03

LSM2 6:31,765,173–
31,769,967

GEU-
VADIS 
LCL

3.54 × 10− 6 4.18 × 10− 3 3.86 × 10− 3 0.02 9.00 × 10− 7 1.85 × 10− 3 4.21 × 10− 3 0.02

NOTCH4 6:32,162,620–
32,177,232

GEN-
CORD 
LCL

7.62 × 10− 7 8.37 × 10− 4 1.83 × 10− 3 0.01 2.56 × 10− 4 1.13 × 10− 3 0.01 0.03

TSBP1-AS1 6:32,223,488–
32,228,552

Twin-
sUK 
LCL

2.34 × 10− 7 3.51 × 10− 4 0.02 0.08 1.04 × 10− 4 9.50 × 10− 3 0.09 0.19

HLA-DRB5 6:32,485,120–
32,491,592

Lepik 
2017 
blood

1.47 × 10− 7 2.01 × 10− 4 0.05 0.12 7.68 × 10− 5 4.12 × 10− 3 0.10 0.19

HLA-DRB1 6:32,546,546–
32,552,086

GTExV7 
Whole 
blood

8.21 × 10− 9 8.69 × 10− 5 0.26 0.26 2.20 × 10− 7 2.45 × 10− 4 0.18 0.31

Twin-
sUK 
blood

1.20 × 10− 9 4.03 × 10− 6 0.09 0.12 3.68 × 10− 5 4.15 × 10− 3 0.72 0.87

Lepik 
2017 
blood

2.27 × 10− 9 8.29 × 10− 6 0.09 0.12 2.82 × 10− 8 1.07 × 10− 5 1.39 × 10− 4 1.08 × 10− 3

GEN-
CORD 
LCL

4.08 × 10− 9 9.82 × 10− 6 0.07 0.12 6.11 × 10− 10 2.83 × 10− 6 1.76 × 10− 3 7.72 × 10− 3

HLA-DQA1 6:32,595,956–
32,605,398

Twin-
sUK 
blood

1.09 × 10− 8 1.83 × 10− 5 0.18 0.19 1.18 × 10− 4 8.82 × 10− 3 0.40 0.55

GEN-
CORD 
LCL

8.33 × 10− 8 1.10 × 10− 4 0.12 0.13 2.89 × 10− 6 1.22 × 10− 3 0.88 0.92

HLA-DQB1 6:32,627,244–
32,631,702

Twin-
sUK 
blood

7.28 × 10− 10 4.03 × 10− 6 0.05 0.11 5.91 × 10− 5 5.88 × 10− 3 0.94 0.94

GEN-
CORD 
LCL

3.49 × 10− 9 9.82 × 10− 6 0.05 0.11 9.87 × 10− 6 2.86 × 10− 3 0.83 0.91

Twin-
sUK 
LCL

7.32 × 10− 11 7.69 × 10− 7 0.03 0.10 1.93 × 10− 5 2.83 × 10− 3 0.82 0.91

HLA-DQA2 6:32,709,119–
32,712,056

GEU-
VADIS 
LCL

3.57 × 10− 9 1.69 × 10− 5 0.09 0.12 3.39 × 10− 10 1.16 × 10− 6 0.07 0.16

GEN-
CORD 
LCL

4.47 × 10− 9 9.82 × 10− 6 0.08 0.12 1.76 × 10− 13 1.63 × 10− 9 1.89 × 10− 4 1.08 × 10− 3

TAP2 6:32,789,610–
32,798,084

Lepik 
2017 
blood

6.06 × 10− 10 6.64 × 10− 6 0.09 0.12 3.87 × 10− 6 4.31 × 10− 4 0.37 0.54

PSMB9 6:32,811,913–
32,819,638

Lepik 
2017 
blood

1.42 × 10− 8 3.11 × 10− 5 5.33 × 10− 3 0.02 2.22 × 10− 4 8.61 × 10− 3 0.03 0.07

Table 2  OTTERS and E-MAGMA jointly identified sixteen susceptibility genes for HL
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LSM2 (FDRCOJO = 0.02 for E-MAGMA and FDRCOJO 
= 0.02 for OTTERS in the eQTL Catalogue GEUVADIS 
LCL), suggesting that the published GWAS lead SNPs may 
explain most gene associations, while HLA-DMA, HLA-
DPB1, NOTCH4, and LSM2 are conditionally independent 
of the reported SNPs (Table  2). Additionally, AAR2 was 
identified as a novel susceptibility gene in our study since 
no susceptibility variants have been previously reported at 
20q11.23.

HL susceptibility genes are primarily enriched in 
immune-related functions

We employed ClusterProfiler to conduct gene set enrichment 
analysis on sixteen HL genetic susceptibility genes and found 
that they were significantly enriched in 113 GO gene sets, 
24 KEGG pathways (FDR < 0.05, Enrichment Ratio ≥ 5%), 
most of which were immune response-related pathways. In 
the GO gene sets, significant terms included peptide anti-
gen binding (GO: 0042605, FDR = 2.00 × 10–16, Enrich-
ment Ratio = 53.33%), MHC class II protein complex (GO: 
0042613, FDR = 3.22 × 10–17, Enrichment Ratio = 46.67%), 
and antigen processing and presentation of exogenous pep-
tide antigen (GO: 0002478, FDR = 1.54 × 10–16, Enrichment 
Ratio = 53.33%) (Fig.  3A, Table S6). The KEGG signifi-
cantly enriched pathways included antigen processing and 
presentation (hsa04612, FDR = 9.38 × 10–14, Enrichment 
Ratio = 72.73%), Asthma (hsa05310, FDR = 6.17 × 10–14, 
Enrichment Ratio = 63.64%) and Epstein-Barr virus 

Figure S4) and non-HLA genes involved in immune-related 
pathways (AIF1, PSMB9 and TAP2, Figure S5). Addition-
ally, genes associated with RNA processing (AAR2 and 
LSM2, Figure S6), apoptosis (BCL2L15, Figure S7), signal 
transduction (NOTCH4, FigureS8), transcriptional regu-
lation (BRD2, Figure S9), and other biological functions 
(TSBP1-AS1, Figure S10) were identified. The association 
between lead SNPs and target gene expression is detailed in 
Table S5. At the HLA locus, the observed effects were driven 
by the lead SNP or its LD proxy SNP with PGWAS < 1.0 × 10− 6 
and showed statistical significance with the expression of 
target genes (PeQTL < 0.05). The lead SNP rs1230666 at 
1p13.2 was significantly associated with BCL2L15 expres-
sion in TwinsUK LCL (PeQTL = 7.03 × 10− 9).

Conditional analyses ascertain five new 
susceptibility genes for HL

After conditional analysis of previously reported indepen-
dent HL lead SNPs, most of the sixteen HL susceptibility 
genes did not show statistical significance in gene-level 
association analysis (FDRCOJO < 0.05 in both OTTERS and 
E-MAGMA), except for HLA-DMA (FDRCOJO = 0.01 for 
E-MAGMA and FDRCOJO = 1.08 × 10− 3 for OTTERS in the 
eQTL Catalogue TwinsUK LCL), HLA-DPB1 (FDRCOJO = 
5.75 × 10− 4 for E-MAGMA and FDRCOJO = 2.00 × 10− 4 for 
OTTERS in the eQTL Catalogue TwinsUK LCL), NOTCH4 
(FDRCOJO = 0.01 for E-MAGMA and FDRCOJO = 0.03 for 
OTTERS in the eQTL Catalogue GENCORD LCL) and 

Gene Position a eQTL 
dataset

E-MAGMA OTTERS
Pb FDR b PCOJO

c FDRCOJO
c Pd FDR b PCOJO

e FDRCOJO
e

HLA-DMA 6:32,916,390–
32,926,631

Twin-
sUK 
LCL

4.13 × 10− 7 5.43 × 10− 4 9.22 × 10− 4 0.01 3.60 × 10− 5 4.12 × 10− 3 1.97 × 10− 4 1.08 × 10− 3

BRD2 6:32,936,437–
32,942,860

Lepik 
2017 
blood

1.83 × 10− 6 2.00 × 10− 3 0.24 0.25 1.91 × 10− 4 7.83 × 10− 3 0.70 0.87

HLA-DPB1 6:33,043,703–
33,049,341

Twin-
sUK 
LCL

4.84 × 10− 6 4.62 × 10− 3 2.61 × 10− 5 5.75 × 10− 4 2.95 × 10− 5 3.72 × 10− 3 9.08 × 10− 6 2.00 × 10− 4

AAR2 20:34,824,381–
34,841,611

Twin-
sUK 
blood

6.32 × 10− 6 6.07 × 10− 3 - - 1.50 × 10− 5 2.09 × 10− 3 - -

Twin-
sUK 
LCL

6.96 × 10− 6 5.63 × 10− 3 - - 1.62 × 10− 5 2.56 × 10− 3 - -

a: The chromosome, start, and end position of the susceptibility genes according to the hg19 reference
b: P values and Benjamini-Hochberg correction P values for the E-MAGMA analysis
c: P values and Benjamini-Hochberg correction P values for the E-MAGMA analysis after conditioning on the previously reported GWAS lead 
variants of HL
d: P values and Benjamini-Hochberg correction P values for the OTTERS analysis
e: P values and Benjamini-Hochberg correction P values for the OTTERS analysis after conditioning on the previously reported GWAS lead 
variants of HL

Table 2  (continued) 
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distinguished by Hodgkin/Reed-Sternberg cells surrounded 
by numerous reactive immune cells, including CD4+ T 
follicular helper cells. Hodgkin/Reed-Sternberg cells rely 
heavily on their microenvironment for survival (Greaves 
et al. 2013; Küppers 2009). The identified HL-associated 
SNP rs9271406 at the HLA locus may influence HL risk by 
regulation of HLA class II gene expression, which might 
affect exogenous antigen presentation and alter the interac-
tion between CD4+ T follicular helper cells and germinal 
center B cells and thereby contribute to the development HL 
(Sud et al. 2017a).

Moreover, we identified BCL2L15 as a susceptibility 
gene for HL, which was regulated by lead SNP rs1230666 
at 1p13.2, a region previously linked to HL only at the SNP 
level (Sud et al. 2018). After adjusting for the reported 
SNP rs2476601 at this region, the association of BCL2L15 
expression with HL was no longer significant, indicating that 
the relationship between BCL2L15 and HL risk might be 
captured by rs2476601. Furthermore, rs1230666 identified 
in this study was in linkage disequilibrium with rs2476601 
(r2 = 0.55), supporting the hypothesis that these variants may 
influence HL risk through a shared regulatory network that 
modulates the expression of BCL2L15. BCL2L15 is a pro-
apoptotic gene within the Bcl-2 protein family (Coultas et al. 
2003; Pavlou et al. 2012). Pro-apoptotic and anti-apoptotic 
elements in the Bcl-2 family interact intricately to determine 
whether B cells survive or undergo apoptosis (Adams et al. 
2018; Perini et al. 2018). Lower expression of certain pro-
apoptotic regulators is a common feature among various B 
cell lymphoma subtypes (Ashkenazi et al. 2017). Therefore, 
we hypothesize that BCL2L15 may be associated with HL 
risk by participating in the regulation of B-cell apoptosis.

There are several limitations in our study. Firstly, we 
focused solely on European descent, which may constrain 
the generalization of our findings to other ethnic populations. 

infection (hsa05169, FDR = 2.94 × 10–11, Enrichment 
Ratio = 72.73%), along with other immune-related disease 
pathways (Fig. 3B, Table S7).

Discussion

GWASs have identified numerous susceptibility loci for 
HL, but applying the discoveries to functional or thera-
peutic contexts remains challenging. In this research, we 
performed a meta-GWAS for HL followed by an extensive 
gene-level association analysis, revealing sixteen suscepti-
bility genes primarily involved in immune-related biologi-
cal pathways. Among these genes, HLA-DMA, HLA-DPB1, 
NOTCH4, AAR2 and LSM2 were identified as novel sus-
ceptibility genes independent of previously reported GWAS 
signals.

We discovered two novel HLA class II genes, HLA-DMA 
and HLA-DPB1, as new susceptibility genes for HL. After 
adjusting for previously identified GWAS lead SNPs, the 
expression of HLA-DMA and HLA-DPB1 remained signifi-
cantly associated with HL risk. We also replicated previous 
findings of some HLA class II genes, such as HLA-DQA1, 
HLA-DQB1, HLA-DRB1, and HLA-DRB5 (An et al. 2023). 
Classical HLA class II molecules (HLA-DR, -DP, and 
-DQ), expressed on antigen-presenting cells, trigger adap-
tive immunity by presenting exogenous antigens to CD4⁺ T 
cells (Horton et al. 2004). Non-classical HLA class II mol-
ecules, like HLA-DM, are primarily involved in facilitating 
the binding of exogenous antigenic peptides to HLA class II 
molecules (Morris et al. 1994). The resulting antigen-HLA 
II complex is transported to the cell surface, where it inter-
acts with CD4⁺ T-cell receptors (TCRs), thereby initiating 
the immune response (Neefjes et al. 2011). HL is a lym-
phoid neoplasm originating from germinal center B cells, 

Fig. 3  GO and KEGG enrichment analysis of susceptibility genes for 
HL. (A) Bubble chart for GO enrichment analysis. (B) Bubble chart 
for KEGG enrichment analysis. Sixteen significant genes (FDR < 0.01) 

identified by both E-MAGMA and OTTERS analysis were used in the 
enrichment analysis. GO: Gene Ontology; KEGG: Kyoto Encyclope-
dia of Genes and Genomes
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Conclusions

Overall, we conducted a meta-GWAS followed by gene-
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