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ABSTRACT
Objectives Autoimmune and allergic diseases 
are outcomes of the dysregulation of the immune 
system. Our study aimed to elucidate differences or 
shared components in genetic backgrounds between 
autoimmune and allergic diseases.
Methods We estimated genetic correlation and 
performed multi- trait and cross- population genome- 
wide association study (GWAS) meta- analysis of six 
immune- related diseases: rheumatoid arthritis, Graves’ 
disease, type 1 diabetes for autoimmune diseases 
and asthma, atopic dermatitis and pollinosis for 
allergic diseases. By integrating large- scale biobank 
resources (Biobank Japan and UK biobank), our study 
included 105 721 cases and 433 663 controls. Newly 
identified variants were evaluated in 21 778 cases 
and 712 767 controls for two additional autoimmune 
diseases: psoriasis and systemic lupus erythematosus. 
We performed enrichment analyses of cell types and 
biological pathways to highlight shared and distinct 
perspectives.
Results Autoimmune and allergic diseases were 
not only mutually classified based on genetic 
backgrounds but also they had multiple positive 
genetic correlations beyond the classifications. Multi- 
trait GWAS meta- analysis newly identified six allergic 
disease- associated loci. We identified four loci shared 
between the six autoimmune and allergic diseases 
(rs10803431 at PRDM2, OR=1.07, p=2.3×10−8, 
rs2053062 at G3BP1, OR=0.90, p=2.9×10−8, 
rs2210366 at HBS1L, OR=1.07, p=2.5×10−8 in 
Japanese and rs4529910 at POU2AF1, OR=0.96, 
p=1.9×10−10 across ancestries). Associations of 
rs10803431 and rs4529910 were confirmed at the 
two additional autoimmune diseases. Enrichment 
analysis demonstrated link to T cells, natural killer 
cells and various cytokine signals, including innate 
immune pathways.
Conclusion Our multi- trait and cross- population 
study should elucidate complex pathogenesis shared 
components across autoimmune and allergic diseases.

INTRODUCTION
Genetic background contributes to the devel-
opment of common and complex diseases, and 
genome- wide association studies (GWASs) have 

WHAT IS ALREADY KNOWN ON THIS TOPIC
 ⇒ Autoimmune and allergic diseases are distinct 
outcome of the dysregulation of the immune 
system, while their differences, or shared 
components, in genetic backgrounds are 
elusive.

 ⇒ The long- term risks of autoimmune diseases 
are significantly higher in patients with allergic 
diseases, but the mechanism is unknown.

WHAT THIS STUDY ADDS
 ⇒ Our study clearly depicted distinct disease 
classifications between autoimmune and 
allergic diseases due to different polygenic 
architecture. On the other hand, our study 
also showed several multiple positive genetic 
correlations beyond the classifications.

 ⇒ Our multi- trait and cross- population analysis 
identified four loci shared between autoimmune 
and allergic diseases (PRDM2, HBS1L, G3BP1 
and POU2AF1), which showed population- 
specific or cross- populational effects. Such 
shared loci were characterised as associations 
with genes involved in innate immunity or 
humoral immunity.

HOW THIS STUDY MIGHT AFFECT RESEARCH, 
PRACTICE AND/OR POLICY

 ⇒ The shared effects identified in this study 
may be responsible for both autoimmune and 
allergic diseases. Our multi- trait approach 
proposes effective strategies to identifying 
shared genetic components, which contributes 
to understanding a set of complex human traits 
such as immune- related diseases.
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identified a number of genetic loci that affect a variety of disease 
risk.1 Genetic backgrounds of diseases can be decomposed into 
disease- specific effects and those shared across diseases. While 
understanding disease- specific effects helps us comprehend the 
individual disease pathologies, understanding shared effects is 
also important to reveal underlying pathologies across diseases 
and provide opportunities for reciprocal drug repositioning. 
Previous GWAS integrating allergic diseases have revealed their 
shared genetic background among allergic diseases (eg, asthma, 
pollinosis (PO) and eczema2 3). Autoimmune diseases are another 
outcome of dysregulation of the immune system. Several 
GWASs dealing with multiple autoimmune diseases success-
fully identified the genetic overlap existing in autoimmunity.4–6 
By integrating similar diseases, these studies have advanced the 
knowledge of the shared aetiology in each immune dysfunction. 
While autoimmune and allergic diseases are pathogenetically 
distinct conditions, several elements such as antibodies, T cells, 
mast cells and cytokines are involved in both.7 Furthermore, 
several allergic diseases are associated with the long- term risks 
of developing autoimmune diseases.8 These observations suggest 
shared genetic components across autoimmune and allergic 
diseases, but there have been few genetic studies that conducted 
multi- trait integrative analysis. Furthermore, majority of such 
approaches focused on a single ancestry, thereby lacking global 
landscape of human disease genetics.

Biobanks have been accumulating genotypes and medical 
records on a huge scale,9 10 including autoimmune and allergic 
diseases, which encourage us to elucidate the genetic background 
of immune dysfunction. In this study, we estimated the genetic 
correlations among three autoimmune (rheumatoid arthritis 
(RA), Graves’ disease (GD) and type 1 diabetes (T1D)) and three 
allergic diseases (bronchial asthma (BA), PO and atopic derma-
titis (AD)) by using the BioBank Japan (BBJ) and UK Biobank 
(UKB) resources.11 12 To identify shared genetic components, we 
conducted multi- trait and cross- population meta- analyses inte-
grating the GWAS datasets. We further performed enrichment 
analyses of cell types and biological pathways to highlight shared 
and distinct perspectives in biological functions.

METHODS
Study cohorts and subjects
All the Japanese subjects enrolled in this study were collected 
through BBJ, which is a hospital- based registry with multio-
mics data from genotype to multitude phenotype of approxi-
mately 200 000 patients with 1 of 47 diseases.11 We extracted 
the subjects with autoimmune and allergic diseases registered in 
BBJ, which composed of AD (2472 cases), BA (7522 cases), GD 
(2041 cases), PO (5308 cases), anticyclic citrullinated peptide- 
positive RA (2370 cases) and T1D without a record of type 2 
diabetes (638 cases). The controls were the subjects without 
medical records of any immune- related diseases.

For the European subjects, we obtained the data of UKB, 
which is a population- based registry on approximately 500 000 
individuals aged between 40 and 69 recruited in the UK.12 
Analogous to BBJ, we selected the six autoimmune and allergic 
diseases as the following definition. AD cases were the subjects 
registered as AD in hospital records or eczema/dermatitis in self- 
reported diagnosis (12 285 cases). BA cases were the subjects 
registered as asthma in either hospital records or self- reported 
diagnosis (54 872 cases). GD cases were the subjects registered 
as thyrotoxicosis with diffuse goitre in hospital records or GD in 
self- reported diagnosis (614 cases). PO cases were the subjects 
registered as allergic rhinitis due to pollen in hospital records 

or hayfever/allergic rhinitis in self- reported diagnosis (26 758 
cases). RA cases were the subjects registered as seropositive RA 
in hospital records or RA in self- reported diagnosis (5065 cases). 
T1D cases were registered as insulin- dependent diabetes mellitus 
in hospital records or T1D in self- reported diagnosis without 
the following medical records: insulin- independent diabetes 
mellitus in hospital records, type 2 diabetes mellitus or gesta-
tional diabetes mellitus in self- reported diagnosis (914 cases). 
The controls were subjects with no records of any immune- 
related diseases in hospital records or self- reported diagnosis.

The summary of the study cohorts and subjects is described 
in online supplemental table 1. All the subjects agreed with 
informed consent based on the approval of the institutional 
ethical committee. This study was approved by the ethical 
committee of Osaka University (Approval ID: 734–14).

Genotyping and imputation
The BBJ subjects were genotyped with the Illumina HumanOm-
niExpressExome BeadChip or a combination of the Illumina 
HumanOmniExpress and HumanExome BeadChips.13 Quality 
control of participants and genotypes was performed as described 
elsewhere.14 In this study, we extracted East Asian subjects 
based on a principal components analysis of the genotypes. We 
performed haplotype phasing of the genotype data using Eagle 
(V.2.3) and imputed genotype dosages using Minimac V.3 with 
the population- specific reference panel of Japanese, which was 
integrated whole- genome sequence data of 1000 Genomes 
Project Phase 3 (V.5) and 1037 Japanese.15

The UKB subjects were genotyped with the Applied Biosystems 
UK BiLEVE Axiom Array or the Applied Biosystems UKB Axiom 
Array. After quality control as described elsewhere,10 haplotype 
phasing was performed using SHAPEIT3 and genotype dosages 
were imputed using IMPUTE4 with the merged UK10K and 
1000 Genomes phase 3 reference panels. We extracted Cauca-
sian subjects based on a principal components analysis of the 
genotypes for subsequent analysis.

Individual-trait GWAS
We performed a GWAS for the individual autoimmune and 
allergic disease with a generalised linear mixed model imple-
mented in SAIGE.16 Age, sex and the top five principal compo-
nents were included as covariates in the regression model. We 
applied the leave- one- chromosome- out approach to calculate 
the genetic relation matrix. We excluded the variants with either 
imputation quality Rsq <0.7, minor allele frequency <0.005 
or minor allele count<3 from the GWAS. The genome- wide 
significance threshold was adopted at the level of p=5.0 × 
10−8. We considered the human leucocyte antigen (HLA) region 
(chr6:26Mb- 34Mb) as one locus considering its complex and 
strong linkage disequilibrium (LD) structure within the region.13

Heritability and genetic correlation
We estimated heritability and confounding bias for the individual 
traits using LD score regression (LDSC) analysis17 with 1000 
Genomes phase 3 East Asian (1000G- EAS) reference panel for 
the BBJ GWAS data sets and 1000 Genomes phase 3 European 
(1000G- EUR) reference panel for the UKB GWAS data sets. To 
assess genetic correlations among the six autoimmune or allergic 
diseases, we used high- definition likelihood (HDL) inference,18 
which is an extension of LDSC in that it thoroughly exploits 
the information of the variance–covariance matrix of the Z- 
score from GWAS summary statistics. Because HDL needed a 
larger reference sample for accurate estimation than LDSC, we 
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prepared a custom reference panel from 1000G- EAS and BBJ 
genotype data to analyse the BBJ GWAS data sets. We used the 
prebuilding UKB reference panel to analyse the UKB GWAS 
data sets. We excluded the variants within the HLA region for 
the estimation in both LDSC and HDL. Hierarchical clustering 
for the genetic correlation matrix was performed with Ward’s 
method using 1 - rg as distance metrics.

Local heritability and genetic correlation
We applied SUPERGNOVA19 to estimate local heritability and 
genetic covariance in the prespecified LD- independent segments 
by ldetect.20 While SUPERGNOVA can effectively estimate local 
genetic covariance accounting for sample overlap, local genetic 
correlation estimates are numerically unstable due to the noise 
in the estimates of local heritability. We assessed the significance 
of the local genetic correlations based on the significance of local 
genetic covariances as was done in the paper of SUPERGNOVA 
because they are statistically equivalent.

Meta-analysis for autoimmune and allergic diseases
We conducted fixed effect meta- analyses with the Lin- Sullivan 
method,21 taking into account sample overlap among GWAS 
data sets. To account for the effects of heterogeneity, we applied 
Metasoft to calculate heterogeneity index I2 and p value based on 
Cochran’s Q test (Phet). When heterogeneity was suggested (I2≧ 
50 or Phet<0.05), we prioritised the p value in the random effect 
model calculated with RE2C.22 First, we performed two types 
of meta- analyses that integrated three autoimmune diseases or 
three allergic diseases GWAS data sets. Second, we performed a 
multi- trait meta- analysis integrating six GWAS data sets. Finally, 
we performed a cross- population meta- analysis that integrated 
all of the 12 GWAS data sets. We calculated the genomic control 
factor λGC using R statistical software. Genome- wide significance 
threshold was adopted at the level of p=5.0×10−8. We applied 
FUMA23 to define independent associated loci using the default 
r2 threshold. As the LD reference panel for FUMA, we referred 
to 1000G- EAS reference panel for the BBJ meta- analysis and 
1000G- EUR reference panel for the UKB meta- analysis. For the 
cross- population meta- analysis, we referred 1000G- ALL refer-
ence panel, which is the only available cross- population LD refer-
ence panel in FUMA. We defined a novel locus if all the variants 
and genes in identified loci were not associated with diseases 
included in the meta- analysis by querying GWAS catalogue,24 
PheWeb,25  PheWeb. jp,3 PhenoScanner (v2)26 and Open Targets 
Genetics.27 We additionally defined an independent locus if a 
lead variant was located in previously reported genes but not LD 
(r2 <0.1) with the reported variants. We created regional plots 
using LocusZoom for novel and independent loci.

Fine-mapping and functional annotation
We used SuSiE28 to find 95% credible sets of causal variants 
accounting for LD in the loci identified in our study. In SuSiE, 
the LD information was referred to the 1000G- EAS and BBJ 
reference panel for the BBJ meta- analysis, the 1000G- EUR 
reference panel for the UKB meta- analysis and the reference 
panel integrating 1000G- EAS and 1000G- EUR for the cross- 
population meta- analysis. We obtained functional annotations of 
the lead variants using ANNOVAR.29 Annotation of promotor 
and enhancer marks for the individual lead variants were 
searched through HaploReg (V.4.1). Quantitative effects on gene 
expression levels of the variants (ie, eQTL effect) were queried 
according to GTEx Portal (V.8)30 and ImmuNexUT,31 that is the 
latest eQTL data set of 28 immune cells in Japanese population. 

Because we could access the summary statistics of ImmuNexUT, 
we performed colocalisation analysis using eCAVIAR32 to assess 
the sharing causal variants between the BBJ GWAS data sets 
and ImmuNexUT eQTL data sets. We set CLPP ≧0.03 as a 
threshold for significant colocalisation as was done in the paper 
of ImmuNexUT.

Cell-type enrichment analysis
To assess the enrichment of the autoimmune and allergic GWAS 
data sets in immune cell types, we used stratified LDSC33 for 
the gene annotations with the highest specific expression in 292 
immune cell types from the ImmGen Consortium.34 We used the 
1000G–EAS and 1000G–EUR baseline V.1.2 LD score in BBJ 
and UKB, respectively, and excluded the variants within the 
HLA region from the analysis. We calculated the p value of the 
regression coefficient τc of the individual annotation. We set the 
threshold for significant enrichment as p=0.05/292, adjusted by 
Bonferroni correction. We performed hierarchical clustering on 
the matrix of enrichment significance in the 292 cell- type- specific 
annotations, using Euclidean distance and Ward’s method.

Pathway enrichment analysis
We evaluated the association between the GWAS data sets 
and molecular pathways using PASCAL.35 PASCAL calculates 
gene- based scores by integrating p values of variants and esti-
mate pathway enrichment scores by merging gene- based scores 
belonging to the same pathway. As the reference panel, we used 
the custom 1000G- EAS genotype data for the BBJ GWAS data 
sets and the 1000G- EUR genotype data provided by the authors 
for the UKB GWAS data sets. To assess the enrichment within 
the immune pathway, we obtained the curated gene sets derived 
from the Reactome pathway database in MSigDB collections36 
and extracted 150 gene sets in the lower layers of ‘immune 
system’. We set the threshold for significant enrichment as 
p=0.05/150, adjusted by Bonferroni correction. For the visual-
isation of the enriched pathways, we used Cytoscape37 to create 
a network diagram.

Replication analysis for additional autoimmune diseases
We additionally evaluated the association of the four variants 
newly identified in the multi- trait analysis of the six autoimmune 
and allergic diseases with two additional autoimmune diseases: 
psoriasis (PsO) and systemic lupus erythematosus (SLE). We 
meta- analysed overall 11 807 cases and 696 291 controls in PsO 
and 9987 cases and 712 510 controls in SLE. For the EAS cohort, 
we used the imputed dosage data of the subjects in BBJ, Osaka 
University Graduate School of Medicine and previous GWAS 
summary statistics.38 For the EUR cohort, we used the imputed 
dosage data of UKB and previous GWAS summary statistics.39 
The summary of the data sets for the replication analysis is 
described in online supplemental table 2.

As for the dosage data, we performed association analyses for 
the individual data set using SAIGE in the same condition as our 
GWAS. Subsequently, we integrated the summary statistics with 
Metasoft for each disease in the population- specific and cross- 
population manner. Finally, we conducted multi- trait meta- 
analyses with RE2C, dealing with sample overlap.

Drug target analysis
We queried the genes associated with autoimmune and allergic 
diseases to STRING V.11.5,40 a database that collected protein–
protein interaction (PPI) networks. In STRING, each PPI 
is annotated with a score between 0 and 1 based on physical 

https://dx.doi.org/10.1136/annrheumdis-2022-222460
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and functional information. Biologically related neighbour-
hood genes were defined as genes with a high confidence 
score (combined score excluding ‘text mining score’ >0.7) to 
the queried target genes. We confirmed whether the target and 
neighbourhood genes were drug targets by searching in Drug-
Bank41 and Therapeutic Target Database (TTD).42

Patient and public involvement
This research was done without patient and public involve-
ment. Patients and public were not invited to comment on the 
study design and were not consulted to develop patient relevant 
outcomes or interpret the results.

RESULTS
Overview of the subjects
Our study focused on six immune- related diseases included in 
BBJ target diseases. In UKB, we extracted the six autoimmune 
and allergic diseases corresponding to the BBJ target diseases. 
The autoimmune diseases consisted of RA (2370 cases in BBJ 
and 5065 cases in UKB), GD (2041 cases in BBJ and 614 cases 
in UKB) and T1D (638 cases in BBJ and 914 cases in UKB). The 
allergic diseases consisted of BA (7522 cases in BBJ and 54 872 
cases in UKB), AD (2472 cases in BBJ and 12 285 cases in UKB) 
and PO (5308 cases in BBJ and 26 758 cases in UKB). We enrolled 
subjects with no records of any immune- related diseases as 
control (142 192 controls in BBJ and 291 471 controls in UKB). 
To enhance power to detect the associated loci, we excluded 
immune- related diseases from the controls. The summary of the 
subjects is described in online supplemental table 1.

Individual-trait GWAS analysis in a single ancestry
First, we separately performed a GWAS of individual disease 
in each ancestry to overview their genetic architecture prior to 
the meta- analysis. Through the GWASs in BBJ, we observed 4 
significant loci in RA, 9 in GD, 1 in T1D, 8 in BA and 9 in AD 
(online supplemental table 1). Through the GWASs in UKB, we 
observed 6 significant loci in RA, 2 in GD, 3 in T1D, 88 in BA, 
17 in AD and 34 in PO. Although we found no novel loci in the 
individual- trait GWAS in a single ancestry, all the significant loci 
were robustly concordant with the previous findings.3 24–27

Global genetic relationships across immune-related diseases
We applied LDSC to estimate the heritability of the individual 
GWAS data sets.17 The heritability was relatively larger in allergic 
diseases than in autoimmune diseases (on average, 1.8% in BBJ 
and 3.8% in UKB for allergic diseases, but 1.4% in BBJ and 0.4% 
in UKB for autoimmune diseases; figure 1A), although the rela-
tively limited sample sizes and the exclusion of the HLA region in 
the LDSC framework may have affected the results. Estimates of 
heritability in the absence of the HLA regions can be underesti-
mated, especially in autoimmune diseases. To finely conduct the 
subsequent meta- analysis, we applied HDL to more accurately 
estimate the genetic correlations to find the disease pairs with 
similar genetic backgrounds.18 Our genetic correlation analysis 
showed that the six immune- related diseases could be divided 
into the two major categories, which corresponded to the orig-
inal classifications of autoimmune and allergic diseases. Hierar-
chical clustering based on genetic correlation clearly described 
these two major categories (figure 1B). Thus, the genetics- based 
classification of diseases was consistent with the clinical classifi-
cation. Larger genetic correlation (rg) estimates were observed 
among allergic diseases, suggesting close relationship of genetic 
backgrounds of the allergic diseases assessed in this study. On 

the other hand, several disease pairs showed a positive genetic 
correlation across categories, such as RA and BA in BBJ (rg=0.29, 
p=2.2×10−4) and UKB (rg=0.35, p=3.6×10−18). We note that 
the rg estimates were generally concordant between BBJ and 
UKB (r=0.58, p=0.022; figure 1C), indicating the robustness 
of our assessments.

Local genetic relationships across immune-related diseases
To identify local genetic architecture underlying between two 
disease categories, we applied SUPERGNOVA to estimate the 
local heritability and the local genetic correlation per LD- inde-
pendent segment.19 In the autoimmune diseases, the local heri-
tability was prominent in the HLA region (online supplemental 
figures 1 and 2), where strong genetic risk was embedded.13 In 
contrast, the local heritability was distributed relatively across 
genome- wide in the allergic diseases.

In the local genetic correlation analysis, we found multiple 
regions with positive correlations within allergic diseases in the 
UKB data sets (online supplemental figure 3). Notably, there were 
38 positively correlated regions between BA and PO, suggesting 
their shared genetic structure in a genome- wide manner. We 
also observed several genetic regions with positive genetic 
correlations across the disease categories. Of these, CLEC16A 
at 16p13 was the hub region where nine loci pairs with positive 
correlations were centralised (online supplemental figure 4). We 
obtained less evidence for the local genetic correlation in BBJ 
than UKB, probably reflecting the difference of the sample sizes 
in the original GWASs.

Multi-trait and cross-population meta-analysis within 
autoimmune or allergic disease categories
We then performed multi- trait GWAS meta- analyses to evaluate 
the shared effect among GWAS data sets at the variant level, 
while local genetic analysis helped us assess prespecified inde-
pendent regions. Because we expected that statistical power 
would be enhanced by considering diseases with a shared genetic 
background together, we first conducted a meta- analysis within 
each disease category separately (figure 2). In the meta- analysis 
of autoimmune diseases, we tested 8 371 232 variants in the BBJ 
data sets, 10 862057 variants in the UKB data sets and 5 965 647 
variants in the cross- population data sets. In the meta- analysis 
of the allergic diseases, we tested 8 368 683 variants in the BBJ 
data sets, 10 856683 variants in the UKB data sets and 5 965 021 
variants in the cross- population data sets. While we observed 
slight inflation of the genomic control factor (λGC) in each meta- 
analysis, LDSC intercept did not obviously deviate from 1.00, 
suggesting no apparent bias due to confounding population 
structure (online supplemental figure 5).

In the meta- analysis of the autoimmune diseases, we identi-
fied 10, 5 and 11 significant loci in the BBJ, UKB and cross- 
population data sets, respectively. In the meta- analysis of the 
allergic diseases, we identified 11, 98 and 99 significant loci in 
the BBJ, UKB and cross- population data sets, respectively. We 
found no novel significant loci in the meta- analyses of the autoim-
mune diseases. On the other hand, we identified three novel loci 
(rs74052928 G>C at 1p36, MIIP, p=3.0×10−8; rs575879774 
G>GA at 2q21, CXCR4, p=8.4×10−9 and rs7773622 C>T at 
6q21, SCML4, p=2.8×10−8) and two independent novel asso-
ciation signals within the previously reported loci (rs1800440 
T>C at 2p22, CYP1B1, p=3.6×10−9; rs115257668 A>G at 
2q33, ICOS, p=1.2×10−8) in the UKB meta- analysis of the 
allergic diseases (table 1).

https://dx.doi.org/10.1136/annrheumdis-2022-222460
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https://dx.doi.org/10.1136/annrheumdis-2022-222460


1305Shirai Y, et al. Ann Rheum Dis 2022;81:1301–1312. doi:10.1136/annrheumdis-2022-222460

Autoimmunity

Among the five lead variants, rs1800440 was a missense variant 
of CYP1B1, where the alternative allele was only observed in the 
UKB data sets (figure 3A). In the statistical fine mapping of puta-
tively causal variants by SuSiE,28 the 95% credible set included 
only rs1800440, which supported that rs1800440 was causal in 
the loci (online supplemental figure 6). The directional effects of 
the risk allele of rs1800440- C were concordant among the three 
allergic diseases, demonstrating nominal association significance 
in BA and PO (p<0.05). Pathogenicity scores supported that this 
missense mutation was constrained (GERP ++score = 5.95) 
and deleterious to human health (CADD=21.8).

We found an additional novel locus in the cross- population 
meta- analysis of allergic diseases (rs16902902 G>A at 8q24, 
LINC00824, p=2.1×10−9). The allele of rs16902902- A was 
suggested to have a protective effect for allergic diseases in the 
BBJ data set (p=6.8×10−7) and the UKB data set (p=6.2×10−4) 
and exceeded the genome- wide significance level in the cross- 
population meta- analysis. None of the identified variants showed 
apparent heterogeneity (I2 <30% and Phet>0.2).

Multi-trait meta-analysis of the autoimmune and allergic 
diseases
Our genetic correlation analysis showed cross- category correla-
tions like RA and BA. This suggested that common genetic 
elements cause both autoimmune and allergic diseases. Thus, we 
conducted a cross- trait meta- analysis integrating the six GWAS 
datasets of autoimmune and allergic diseases, first in a single 
ancestry manner.

In the BBJ GWAS meta- analysis, we identified 10 signifi-
cant loci, including two novel loci (rs10803431 G>C at 1p36, 
PRDM2, p=2.3×10−8; rs2053062 C>T at 5q33, G3BP1, 
p=2.9×10−8) and one independent locus (rs2210366 G>A at 
6q23, HBS1L, p=2.5×10−8). Although the variants were nomi-
nally but not genome- wide significant in the individual analysis, 
they became significant after integrating the six GWAS data sets 
(online supplemental figure 7). The minor allele frequencies of 
the three lead single- nucleotide polymorphisms (SNPs) were 
higher in non- Europeans. Especially, rs2053062- T was specific 

Figure 1 Genetic correlation among the autoimmune and allergic diseases. (A) Histograms of the heritability and genetic correlation matrices 
of autoimmune and allergic diseases in BBJ (left panel) and UKB (right panel). (B) Dendrograms of the hierarchical clustering based on the genetic 
correlations in BBJ (left panel) and UKB (right panel). (C) Scatter plots describing the associations between the genetic correlations in BBJ (x- axis) 
and UKB (y- axis). Dots represent the estimates of the genetic correlation and whiskers represent 95% confidence intervals. The dots are coloured 
according to disease categories. AD, atopic dermatitis; BA, bronchial asthma; BBJ, BioBank Japan; GD, Grave’s diseases; PO, pollinosis; RA, rheumatoid 
arthritis; T1D, type 1 diabetes; UKB, UK Biobank.

https://dx.doi.org/10.1136/annrheumdis-2022-222460
https://dx.doi.org/10.1136/annrheumdis-2022-222460


1306 Shirai Y, et al. Ann Rheum Dis 2022;81:1301–1312. doi:10.1136/annrheumdis-2022-222460

Autoimmunity

to East Asians (mainly Japanese) and Americans but not included 
in the UKB data set (figure 3B), highlighting population- specific 
disease genetic architecture.

The lead SNP of rs2053062 was the G3BP1 intron variant. 
The directional effects of the protective allele of rs2053062- T 
were concordant among the six immune- related diseases, demon-
strating nominal association significance in BA, AD, PO and RA. 
We evaluated the positional overlap between rs2053062 and cell 
type- specific chromatin states with Haploreg. The variant was 
located in a region considered to be an enhancer, which was 
supported by multiple Chip- seq data for T cells. Furthermore, 
the protective allele of rs2053062- T has been reported as an 
eQTL that decreases G3BP1 expression levels in effector regu-
latory T cells in ImmunNexUT database31 (online supplemental 
figure 8). Our colocalisation analysis supported that rs2053062 
affected both the disease risk and the expression levels of G3BP1 
in various lymphocyte cell types (online supplemental figure 9), 
proposing the expression level as an endophenotype to disease 
susceptibility.

We identified 98 significant loci in the UKB GWAS meta- 
analysis, but no novel loci were identified in addition to the 
meta- analysis of allergic diseases.

Finally, we performed a cross- population meta- analysis inte-
grating the 12 GWAS data sets obtained from the BBJ and UKB. 
We identified 90 lead variants, one of which was an indepen-
dent variant that newly satisfied genome- wide significance 
level (rs4529910 T>G at 11q23, POU2AF1, p=1.9×10−10). 
Because the effect of rs4529910 was suggested to be heteroge-
neous (I2=53.5% and Phet=0.014), we re- evaluated the associa-
tion of rs4529910 in the random effect model. Consequently, 
we observed a more robust association of rs4529910 with the 
autoimmune and allergic diseases (p=5.8×10−11). The lead 
SNP of rs4529910 was the POU2AF1 intron variant. Several 
variants around POU2AF1 had been reported to be associated 
with the allergic diseases, including BA, PO and AD. However, 
these known variants were not in LD (r2 <0.1) with the newly 
identified risk variant of rs4529910. The statistical fine- mapping 
analysis by SuSiE described that there were two distinct signals in 
the loci, which indicated that rs4529910 had a different genetic 
effect from the reported ones (online supplemental figure 6). 
The effect allele of rs4529910- G was protectively associated 
with autoimmune and allergic diseases across ancestries, except 
for the BBJ PO data set. In Haploreg, the variant was located 
in a region considered to be an enhancer, which was supported 

Figure 2 Manhattan plots of the GWAS meta- analysis for the autoimmune and allergic diseases. Manhattan plots of the GWAS meta- analysis of 
six autoimmune and allergic diseases (upper), three allergic diseases (middle) and three autoimmune diseases (lower). The y- axis indicates −log10(P) 
of association of each variant calculated in three cohorts: BBJ (left), UKB (middle), cross- population (right). The upper limit is set to 20 for the sake of 
clarity. In the loci which we identified, the novel ones are coloured in red and independent ones are coloured in blue. The horizontal dashed red line 
indicates the genome- wide significance threshold (p=5.0 × 10−8). BBJ, BioBank Japan; GWAS, genome- wide association study; UKB, UK Biobank.
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by several Chip- seq data for B cells. The protective allele of 
rs4529910- G has been reported as an eQTL that decreases 
POU2AF1 expression levels in B cells in the ImmunNexUT data-
base (online supplemental figure 10).

Cell-type enrichment in the autoimmune and allergic diseases
Our local heritability analysis suggested that the two disease cate-
gories were characterised by the different distribution of genetic 
risk on the genome. To interpret the biological consequences, 
we performed the enrichment analysis with the 292 immune cell 
types in ImmGen data set.34 Many T cell and natural killer cell 
subsets were associated with BA or PO at the nominal significance 
level (figure 4A). Among them, regulatory T and natural killer 
T cells were significantly enriched in both BA and PO in UKB 
even after multiple testing correction (table 2). We observed no 
significant enrichment in the autoimmune diseases potentially 
due to biased polygenicity resulting from the centralisation of 
heritability on the HLA region.

Pathway enrichment in the autoimmune and allergic diseases
To elucidate pathogenicity, we conducted pathway enrichment 
analysis of the autoimmune and allergic disease GWASs with 150 
gene sets in the lower layers of ‘immune system’ in Reactome. 
In the BBJ and UKB data sets, allergic diseases were significantly 
enriched in multiple gene sets in the lower layers of ‘cytokine 
signalling’, including IL−4, 5 and 13 involved in type 2 inflam-
mation and IL- 1,6, and TNF involved in non- type 2 inflamma-
tion (figure 4B). In the lower layers of ‘innate immune system’, 
BA is significantly associated with C- type lectin receptors and 
Dectin1 signalling, which is involved in house dust mite- induced 
allergic airway inflammation. As observed in the cell- type 
enrichment analysis, we observed less significant enrichment of 
the pathways in the autoimmune diseases. Only RA in BBJ was 
significantly associated with NOD1/2 signalling.

Pervasive effect of the multitrait-associated variants on 
additional autoimmune diseases
We evaluated the effects of the four variants associated with autoim-
mune and allergic diseases on PsO and SLE by collecting additional 
individual data. Our replication meta- analysis included overall 
21 778 cases and 712 767 controls in PsO and SLE (online supple-
mental table 2). We found nominally significant results consistent 
with our original multitrait GWAS meta- analysis for the two vari-
ants (rs10803431, OR=1.06, p=0.024 in EAS and rs4529910, 
OR=0.95, p=2.1×10−4 in EUR and OR=0.96, p=1.9×10−4 in 
cross- population; figure 5 and online supplemental table 3). The 
effect size of the EAS specific variant rs2053062 for PsO was similar 
to our multitrait analysis, while not significantly due to the limited 
sample size (OR=0.90, p=0.29 in EAS). From these results, our 
approach revealed the novel associations between genetic variants 
and additional autoimmune diseases.

Drug targets for immune-related diseases at the identified 
multi-trait-associated loci
We found the biologically related genes in the allergic associated 
loci (68 in CXCR4, 19 in CYP1B1, and 8 in ICOS) and autoim-
mune and allergic associated loci (1 in PRDM2, 13 in G3BP1, 88 
in HBS1L, 1 in POU2AF1) by using STRING V.11.540 (online 
supplemental figure 11A). By querying them through Drug-
Bank41 and TTD,42 we found that CXCR4 and its functionally 
related genes have been therapeutic targets of various autoim-
mune and allergic diseases (online supplemental figure 11B). 
This result would be plausible given that chemokines involved Ta
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in CXCR4 broadly control the immune system.43 We also found 
that ICOS and its functionally related genes have been expected 
to be therapeutic targets of several autoimmune diseases. Given 
its ability to enhance T cell responses against foreign antigens,44 
ICOS has the potential to be a common therapeutic target for 
autoimmune and allergic diseases.

DISCUSSION
In this study, the multitrait and cross- population GWAS meta- 
analysis depicted shared and distinct genetic components across 

the six immune- related diseases, which enabled de novo categor-
ical classification of the autoimmune and allergic diseases solely 
based human genetics. Our study newly identified six loci asso-
ciated with allergic diseases (MIIP, CXCR4, SCML4, CYP1B1, 
ICOS and LINC00824) and four pleiotropic loci associated with 
both autoimmune and allergic diseases (PRDM2, G3BP1, HBS1L 
and POU2AF1). While the variants identified in the meta- 
analysis in BBJ or UKB were ancestry specific (ie, almost mono-
morphic in the other ancestry), cross- population meta- analysis 
successfully enhanced the power to identify the variants with 

Figure 3 Population- specific and cross- populational disease- associated loci. (A) CYP1B1 locus, observed in only the UKB datasets, (B) G3BP1 locus, 
observed in only the BBJ datasets, and (C) POU2AF1 locus, observed consistent effect in both ancestries are described as follows. (Left) Regional plot 
of the individual locus. The lead variants are coloured in purple and all the other variants are coloured based on LD with the lead variant as in the 
legend. (Middle) Histograms of the alternative allele frequency of the lead variants, which are coloured according to continental populations. (right) 
Forest plot of the individual lead variants. The dots indicate the OR in each dataset and the whiskers represent 95% confidence intervals. AD, atopic 
dermatitis; BA, bronchial asthma; BBJ, BioBank Japan; GD, Grave’s diseases; PO, pollinosis; RA, rheumatoid arthritis; T1D, type 1 diabetes; UKB, UK 
Biobank.
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common effects between ancestry, thereby showing a value of 
both population- specific and cross- population approaches.

The European- specific CYP1B1 missense variant of rs1800440 
(N453S) was associated with allergic diseases susceptibility. 
Of note, another CYP1B1 missense variant of rs1056836- G 
(V432L) was previously associated with BA susceptibility 
through a candidate gene approach (p=0.045),45 of which 
independent protective effect was also confirmed in our study 
(p=2.7×10-5). CYP1B1 is a member of the cytochrome P450 
superfamily of enzymes and performs ligand degradation in aryl 
hydrocarbon receptor (AHR)- dependent signalling pathway.46 
AHR- dependent signalling pathway plays important roles in the 
immune response to molecular changes provided by the envi-
ronment, diet, commensal flora and host metabolism.47 The 
missense variants of CYP1B1 are involved in developing allergic 
diseases through the dysregulation of immune responses to 
external molecules.

The East Asian- specific putative causal variants in G3BP1 
were associated with autoimmune and allergic disease suscep-
tibility. The lead variant of rs2053062 has been reported as an 
eQTL that affects G3BP1 expression levels in multiple immune 
cells. Colocalisations between the eQTL and the GWAS data 
sets in a set of lymphocyte cell types suggested G3BP1 as a 
potential risk gene in the loci. G3BP1 plays a positive role in 
activating the STING pathway, resulting in type 1 interferon 
response.48 G3BP1 expression levels have been reported to 
be high in autoimmune diseases involved in type 1 interferon, 
such as RA, myositis and SLE.31 Because rs2053062- T has been 
reported to decrease G3BP1 expression levels, this variant may 
have a protective effect on disease susceptibility by suppressing 
type 1 interferon activation. Notably, the protective effect 
of rs2053062- T was also observed in the allergic diseases in 
our analysis, implying the involvement of type I interferon in 
allergy.

Figure 4 Enrichment analysis for six autoimmune and allergic diseases. (A) A heatmap describing the 292 immune cell- type enrichment using 
LDSC referring ImmGen gene expression data. The row and column are hierarchically clustered. The row annotations are coloured based on five 
cell types (B cell, T cell, NK cell, myeloid cell, and others), and the column annotations are coloured according to whether it is an autoimmune or an 
allergic disease. (B) The pathway network of immune system in Reactome database. The nodes are coloured according to whether the individual 
GWAS data are significantly enriched at a significance level of 0.05/150. For the sake of clarity, only nodes that have at least one enriched disease are 
shown. AD, atopic dermatitis; BA, bronchial asthma; BBJ, BioBank Japan; GD, Grave’s diseases; GWAS, genome- wide association study; LDSC, linkage 
disequilibrium score regression; PO, pollinosis; RA, rheumatoid arthritis; T1D, type 1 diabetes; UKB, UK Biobank.

Table 2 Significantly enriched cell type in autoimmune and allergic diseases

Category Cell type

P value

BA (UKB) PO (UKB) BA (BBJ)

T cell T.4Mem.Sp 3.8×10-6 2.5×10-4 0.0015

T cell T.4Mem44h62l.Sp 1.3×10-5 1.9×10-4 5.3×10-4

Natural killer cell NKT.4-.Sp 3.1×10-5 4.6×10-5 0.0048

Natural killer cell NKT.4+.Lv 3.5×10-5 1.1×10-4 0.019

T cell LN.TR.14w.B6 4.4×10-5 3.6×10-5 7.4×10-4

T cell ABD.TR.14w.B6 5.4×10-5 6.5×10-5 2.2×10-4

T cell T.4Mem44h62l.LN 1.4×10-4 5.6×10-4 0.0078

T cell CD4Control 3.3×10-4 9.1×10-5 0.0013

T cell T.8Mem.Sp 0.010 0.0064 1.5×10-4

T cell T.8Eff.Tbet+.Sp.OT1.d6LisOVA 0.053 0.051 1.5×10-4

P values satisfying the threshold of 0.05/292 for Bonferroni multiple testing are shown in bold.
BA, bronchial asthma; BBJ, BioBank Japan; PO, pollinosis; UKB, UK Biobank.
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The cross- population meta- analysis identified the ancestry 
common variant in POU2AF1, which was associated with auto-
immune and allergic disease susceptibility. The lead variant of 
POU2AF1 also showed consistent effects on PsO and SLE. The 
SIK2 locus, located downstream of POU2AF1, was previously 
reported to associate with allergic diseases. Several studies 
have annotated POU2AF1 and SIK2 together as the single risk 
locus. However, we found that these signals were independent. 
POU2AF1 is essential for the response of B cells to antigens and 
required for the formation of germinal centres. POU2AF1 is 
expressed in a highly cell- specific manner, being most abundant 
in B cells.49 The protective allele rs4529910- G has been reported 
to decrease POU2AF1 expression levels in B cells.31 Therefore, 
we think that rs4529910- G has a protective effect for autoim-
mune and allergic diseases by attenuating humoral immunity.

Local heritability of allergic diseases was distributed across 
genome- wide, while it was relatively centralised in the HLA 
region in the autoimmune diseases. This difference might have 
resulted in heterogeneity in the enrichment analysis of cell type 
and biological pathway. In the cell- type enrichment analysis, 
regulatory T and natural killer cells were significantly enriched 
in allergic diseases, indicating the involvement of both adaptive 
and innate immune systems. The pathway enrichment analysis 
also showed that the allergic diseases were involved in various 
cytokine signals, including type 1 interferon. Non- type 2 inflam-
matory asthma is mainly caused by neutrophil inflammation 
involving IL6 and TNF-α, which is important pathogenesis as 
a cause of steroid refractory.50 Thus, our study captured the 
diverse aetiologies that compose the immune- related diseases.

We also acknowledge potential discussions. First, BBJ is a 
hospital- based cohort, while UKB is a population- based cohort. 
The difference in cohort characteristics, including prevalence 
and diagnosis criteria, may have affected the results. Second, 
the inclusion of the HLA region in estimating genome- wide 
heritability is challenging due to its complex genetic architec-
ture. The general framework used in our analysis, LDSC, esti-
mates polygenic effects without the HLA region. The relatively 
small polygenic effects in autoimmune diseases make several 
complex analyses more challenging (eg, cross- population 
genetic correlation51). Third, we reported the genetic loci 
satisfying the genome- wide significance threshold at the level 
of p=5.0×10−8 without multiple testing correction of the 
number of the GWAS. Recent multi- trait GWASs adopt the 
nominal genome- wide significance threshold of p=5.0×10−8.3 
We note that the number of the significant loci was two 
(rs16902902 on LINC00824 and rs4529910 on POU2AF1) 
when we strictly controlled multiple testing by Bonferroni 
correction (p<5.0×10−8/(12 independent GWASs and 9 meta- 
analyses)=P< 2.4×10−9).

In summary, our multi- trait and cross- population approaches 
utilising the large- scale biobank resources demonstrated evidence 
of both distinct and shared genetic components across the auto-
immune and allergic diseases. We also provided identification of 
novel loci linked to the immune- related diseases as well as eluci-
dation of disease pathogenicity. Our approach proposes novel 
strategies to understand genetic backgrounds, biology, thera-
peutic targets of a set of complex human traits such as immune- 
related diseases.

Figure 5 Forest plots of the replication meta- analysis for psoriasis and SLE. Odds ratio of the autoimmune and allergic associated variants are 
indicated by the individual population. The results of the original GWAS multi- trait analysis that integrates six autoimmune and allergic diseases are 
shown in red. The whiskers represent 95% CIs. AD, atopic dermatitis; BA, bronchial asthma; GD, Grave’s diseases; PO, pollinosis; PsO, psoriasis; RA, 
rheumatoid arthritis; SLE, systemic lupus erythematosus; T1D, type 1 diabetes.
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