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Introduction 
Polygenic disorders 
Common, multifactorial disorders like mul-
tiple sclerosis (MS), major depressive disor-
der (MDD), and bipolar disorder (BD) are 
polygenic. In such polygenic disorders, hun-
dreds to thousands of genetic factors contrib-
ute to disease susceptibility, with each genetic 
variant exerting only a very small e!ect on 
disorder risk. "e same variants may, in con-
cert with further, independent genetic fac-
tors, also shape the clinical presentation, se-
verity, and course of the disorders. "ese ge-
netic e!ects occur in addition to and in inter-
action with environmental risk factors that 
also modulate disease liability and expression 
(Figure 1). Genome-wide association studies 
(GWAS) have identi#ed robustly associated 
genetic variants for most common disorders 
during the last #$een years (Andlauer et al., 
2018). Many of these variants in%uence sev-
eral disorders or traits – especially in the case 

of psychiatric disorders (Brainstorm et al., 
2018; PGC-CDG et al., 2019). 
For some polygenic traits, several thousand 
independently associated genetic variants 
have already been described (Yengo et al., 
2018). Accordingly, it was recently proposed 
to extend the polygenic inheritance frame-
work to an omnigenic model for disorders 
like schizophrenia (Boyle et al., 2017).  
Genetic variants associated with highly poly-
genic disorders like MDD show maximum 
odds ratios (ORs) below 1.05 (Wray et al., 
2018). Nevertheless, the e!ect sizes of some 
risk loci may signi#cantly surpass the poly-
genic background consisting of small e!ects. 
For example, the well-established MS risk al-
lele HLA-DRB1*15:01 shows an odds ratio 
(OR) of 2.9, while the ORs of most other MS 
risk variants are below 1.3 (Andlauer et al., 
2016; IMSGC, 2019a).

  

 
Figure 1: Monogenic vs. polygenic disorders.  
In rare monogenic disorders, a single mutation can causally trigger the illness. In frequently occurring polygenic 
disorders, many genetic variants contribute to disorder risk both in an additive manner and in interaction with 
each other. "ese disorders are multifactorial: environmental risk and protective factors modify disorder risk both 
in an additive manner and also in interaction with each other – as well as in interaction with genetic risk factors. 
Modi#ed a$er (Andlauer and Nöthen, 2020). 
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Genome-wide association studies of selected neuropsychiatric disorders 
Multiple sclerosis 
MS is an autoimmune disease a!ecting the 
central nervous system (CNS). "e preva-
lence in Germany is estimated to be 0.3%, 
with a female-male ratio of 2.5 (Daltrozzo et 
al., 2018; Holstiege et al., 2017). "e #rst ge-
netic variant robustly associated with MS, 
later speci#ed as the allele HLA-DRB1*15:01, 
was already identi#ed in 1973, long before 
the advent of GWAS (Hillert, 1994; Jersild et 
al., 1973). Human leukocyte antigen (HLA) 
alleles, mapping to the major histocompati-
bility complex (MHC) region on chromo-
some 6, constitute the strongest MS-associ-
ated variants in the genome (Patsopoulos et 
al., 2013). Possibly, HLA alleles like HLA-
DRB1*15:01 may confer risk to MS by in-
creasing the probability of autoreactive, o!-
target T cell responses. "ese T cells might 
recognize both viral peptides and, with low 
speci#city, myelin-derived peptides (Den-
drou et al., 2018). 
GWASs analyze the association of common 
single nucleotide polymorphisms (SNPs), 
also called single nucleotide variants (SNVs), 

showing minor allele frequencies (MAF) of 
1% or higher, with a disease or trait of interest 
(Andlauer et al., 2018) (Figure 2). Low fre-
quency and rare variants are typically ana-
lyzed using specialized methods with more 
statistical power (Dankowski et al., 2015; 
IMSGC et al., 2018; Maaser et al., 2018). 
Since 2007, MS case/control GWAS con-
ducted by consortia like the International MS 
Genetics Consortium have identi#ed more 
than 230 disease-associated variants 
(Andlauer et al., 2016; IMSGC, 2019a; 
Patsopoulos, 2018; Sawcer et al., 2014) (Fig-
ure 3A). 
"ese variants map to genes that regulate 
pathways connected to various immune cells, 
including microglia, i.e., immune cells of the 
brain (IMSGC, 2019a). An especially promi-
nent pathway a!ected by MS risk genes is T 
helper cell di!erentiation (IMSGC et al., 
2011). Taken together, the known MS-associ-
ated common variants currently explain 
about 40% of the SNP-based heritability of 
the disorder (IMSGC, 2019a).

 

 

Figure 2: Genome-wide association studies. 
A: In order to conduct a case/control genome-wide association study (GWAS), patients and healthy controls are 
genotyped on microarrays. B: Patients and controls may di!er in the minor allele frequency (MAF) of single nu-
cleotide variants (SNV). C: For a GWAS, all available SNVs across the genome are typically analyzed using logistic 
or linear regression models. SNVs are considered as signi#cantly associated if their p-values are below the genome-
wide signi#cance threshold (i.e., a p-value <5&10-8; red line).  
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Figure 3: Development of signi!cant GWAS loci. 
A: "e number of signi#cant genetic risk loci relative to the year of publication for MS. Colors are arbitrary. "e 
dot sizes are proportional to the number of signi#cant risk loci per study. B: "e number of signi#cant genetic risk 
loci relative to the number of cases for schizophrenia, BD, and MDD. Modi#ed a$er (Kendall et al., 2021). 
 
Major depressive disorder 
Major depressive disorder (MDD) is a highly 
prevalent mood disorder negatively a!ecting 
both the quality and length of life. As the #rst 
published GWAS result, Sullivan and col-
leagues identi#ed the gene PCLO as poten-
tially associated with MDD (Sullivan et al., 
2009). "is gene, subsequently con#rmed as 
an MDD risk factor (Wray et al., 2018), codes 
for the presynaptic active zone component 
Piccolo. We have characterized Piccolo in 
mice as a regulator of presynaptic F-actin as-
sembly (Waites et al., 2011). 
With the help of private genotyping compa-
nies and biobanks, the Psychiatrics Ge-
nomics Consortium was able to identify 102 
genome-wide signi#cant variants (Howard et 
al., 2019; Kendall et al., 2021; Wray et al., 
2018) (Figure 3B). Analyses of data from the 
Million Veteran Program subsequently in-
creased this list to 178 MDD-associated loci 
(Levey et al., 2020). MDD-associated genes 
play roles in synaptic formation and func-
tion, neuronal di!erentiation, and in%amma-
tion (Wray et al., 2018). 
Although depression is more frequently ob-
served among MS patients than in the gen-
eral population (Feinstein et al., 2014; Heit-
mann et al., 2020), these two disorders are 

genetically not correlated (Brainstorm et al., 
2018). Also Mendelian randomization anal-
yses did not support a causal relationship be-
tween both disorders (Harroud et al., 2021). 
More than it does for other disorders, the 
phenotype de#nition matters when studying 
MDD. Variants identi#ed in GWAS using less 
strict MDD phenotype de#nitions, i.e., not 
requiring a structured clinical interview fol-
lowing the Diagnostic and Statistical Manual 
of Mental Disorders, are not necessarily spe-
ci#c to MDD. Instead, they might constitute 
risk loci shared by several psychiatric disor-
ders (Cai et al., 2020).  
Schizophrenia and bipolar disorder 
GWAS on schizophrenia (SCZ) identi#ed 
270 associated genetic loci (PGC-SCZ, 2014; 
PGC-SCZ et al., 2020). "ese are more inde-
pendent associations than reported for 
MDD, although the SCZ GWAS analyzed 
smaller samples (Figure 3B). MDD GWAS 
are possibly more challenging to conduct be-
cause depression shows, compared to SCZ, a 
higher prevalence and a lower heritability 
(Levinson et al., 2014). MDD patients used 
for the GWAS might also have been more 
heterogeneous than the SCZ cases were.  
For bipolar disorder (BD), 64 risk loci have 
been described to date (Mullins et al., 2020; 
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Stahl et al., 2019), at sample sizes comparable 
to SCZ GWAS (Figure 3B). Interestingly, 
many psychiatric disorders, especially SCZ 
and BD, are genetically correlated with each 
other (Brainstorm et al., 2018; PGC-CDG et 
al., 2019). "is means that the same genetic 
variants increase the risk for several disorders 
at the same time. 
Many of the genes in%uencing various psy-
chiatric disorders stress the importance of 
pre- and, especially, postsynaptic plasticity in 
the etiology of these disorders. "ese #ndings 
highlight the bene#t of studying the function 
of pre- and postsynaptic proteins in di!erent 
model systems, as we have done repeatedly 
(Andlauer et al., 2014; Beck et al., 2015; Faber 
et al., 2020; Fulterer et al., 2018; Waites et al., 
2011). Eventually, such studies in animal 
models will contribute to our understanding 
of the biological underpinnings of psychiat-
ric and neurological disorders. 

Polygenic (risk) scores 
Most of the variants associated with poly-
genic disorders do not locate to protein-cod-
ing exons of genes but, instead, map to inter-
genic regions. Here, they may influence the 
transcription-factor binding efficacy to long-
range enhancers and, thereby, of gene ex-
pression. However, these effects are often 

subtle, leading to minor differences in gene 
expression that only exert a noticeable effect 
over a long time or influence a phenotype in 
combination with other risk factors. Such 
small, often indirect effects render quantifi-
cation of the genetic risk for polygenic disor-
ders challenging.  
"e polygenic burden of such variants asso-
ciated with a disorder or trait can be quanti-
#ed using polygenic scores (PGS) (Andlauer 
and Nöthen, 2020). PGS were developed as 
an e'cient tool to reliably assess the cumula-
tive, additive risk contributed by genetic var-
iants across the genome. PGS typically use ef-
fect sizes and p-values from published GWAS 
as training data to calculate the polygenic 
burden in independent test datasets. When 
calculating PGS, the number of disease-asso-
ciated alleles per variant is multiplied by the 
GWAS e!ect size (Figure 4A). Subsequently, 
the weighted allele counts of all variants are 
summed to compute the #nal PGS.  
"e selection and weighting of variants can 
be improved using linkage disequilibrium 
(LD) information, as, e.g., implemented in 
the Bayesian method PRS-CS (Ge et al., 
2019). "e prediction performance of PGS 
calculated using PRS-CS is typically higher 
than that of traditional PGS (Ni et al., 2020). 

 

 
Figure 4: Calculation of polygenic (risk) scores 
A: For PGS, weighted allele counts of uncorrelated SNVs are summarized. Variants are weighted by ( coe'cients 
or the natural logarithms of odds ratios. B: PGS follow a normal distribution on a population level. Only PGS at 
the extremes of the distribution di!er signi#cantly. Modi#ed a$er (Andlauer and Nöthen, 2020).  
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Presentation of selected studies 

Discovery of Novel Multiple Sclerosis Susceptibility Loci 
Andlauer TFM, Buck D, …, Hemmer B, Müller-Myhsok B (2016):  
Novel multiple sclerosis susceptibility loci implicated in epigenetic regulation. Science Advances 2(6) e1501678 
 
Further studies relevant for this section: 
 

Arloth J, Eraslan G, Andlauer TFM, …, Theis FJ, Binder EB, Mueller NS (2020): DeepWAS: Multivariate genotype-phenotype associations 
by directly integrating regulatory information using deep learning. PLOS Computational Biology doi:10.1371/journal.pcbi.1007616 
 

Patsopoulos NA, Baranzini SE, Santaniello A, Shoostari P, Cotsapas C, Wong G, Beecham AH, James T, Replogle J, Vlachos IS, McCabe C, 
Pers TH, Brandes A, White C, Keenan B, Cimpean M, Winn P, Panteliadis IP, Robbins A, Andlauer TFM, …, De Jager PL (2019): Multiple 
sclerosis genomic map implicates peripheral immune cells and microglia in susceptibility.  Science 365(6460):eaav7188 
 

Madireddy L, Patsopoulos NA, Cotsapas C, Bos SD, Beecham A, McCauley J, Kim K, Jia X, Santaniello A, Caillier SJ, Andlauer TFM, …, 
De Jager P, Sawcer S, Oksenberg JR, Baranzini SE (2019): A systems biology approach uncovers cell-speci!c gene regulatory e"ects of genetic 
associations in multiple sclerosis. Nature Communications 10:2236 
 

Mitrovi! M, Patsopoulos NA, Beecham AH, Dankowski D, Goris A, …, Andlauer TFM, …, De Jager PL, Kockum I, Ha"er DA, Cotsapas C 
(2018): Low-Frequency and Rare-Coding Variation Contributes to Multiple Sclerosis Risk. Cell 175(6):1679-87 
 

Kular L, Liu Y, Ruhrmann S, Zheleznyakova G, Marabita F, Gomez-Cabrero D, James T, Ewing E, Lindén M, Górnikiewicz B, Aeinehband S, 
Stridh P, Link J, Andlauer TFM, …, Jagodic M (2018): DNA methylation as a mediator of HLA-DRB1*15:01 and a protective variant in 
multiple sclerosis. Nature Communications 9(1):2397 
 

Dankowski T, Buck D, Andlauer TFM, …, Hemmer B, Ziegler A (2015): Successful Replication of GWAS Hits for Multiple Sclerosis in 10,000 
Germans Using the Exome Array. Genetic Epidemiology 39(8):601-8 
 

Nischwitz S, Wolf C, Andlauer TFM, …, Mueller-Myhsok B, Weber F (2015): MS susceptibility is not a"ected by single nucleotide poly-
morphisms in the MMP9 gene. Journal of Neuroimmunology 279:46-9  
 
Most major GWAS on MS have been con-
ducted by the International MS Genetics 
Consortium (IMSGC). To increase the sam-
ple size, the IMSGC combines samples from 
diverse European and Northern American 
ancestral backgrounds. Between two major 
IMSGC GWAS, published in 2013 and 2019 
(IMSGC, 2019a; IMSGC et al., 2013), the 
German Competence Network Multiple 
Sclerosis (KKNMS) conducted a GWAS on 
German MS patients and healthy controls 
(Andlauer et al., 2016). Here, the aim was to 
examine the genetic architecture of MS in a 
more homogenous population. With a total 
of 4,888 cases and 10,395 controls, this study 
constitutes the largest GWAS conducted for 
MS in a single population to date. 
Patients recruited from German MS centers 
and diagnosed with relapsing-remitting, sec-
ondary progressive, or primary progressive 
MS, or with clinically isolated syndrome 
(CIS; o$en a precursor of relapsing-remitting 
MS) were genotyped on Illumina Hu-
manOmniExpress-24 BeadChips to form the 

dataset DE1. In addition, MS patients previ-
ously genotyped on Illumina 660W-Quad 
BeadChips were used for a second dataset, 
DE2. "e MS/CIS patients were combined 
with healthy controls from several German 
population-based or depression cohorts 
(KORA, HNR, SHIP, DOGS, FoCus, popgen, 
MARS, and GSK). A$er imputation, analyses 
of HLA alleles and GWAS were conducted in 
both datasets separately, followed by #xed-ef-
fects meta-analyses. 
As expected, a variant within the MHC re-
gion, in LD with HLA-DRB1*15:01, showed 
the strongest association in the meta-analysis 
(rs3104373: odds ratio (OR) 2.90, 95% con#-
dence interval (CI) 2.72-3.09, p=1.3&10-234, 
Figure 5A). A step-wise conditional logistic 
regression analysis of imputed HLA alleles 
identi#ed seven independent HLA alleles to 
be associated with MS at genome-wide sig-
ni#cance (Table 1). "e well-established MS 
risk allele HLA-DRB1*15:01 reached an OR 
of 2.85 (CI=2.66-3.06), p=1.0&10-191. "e al-
lele HLA-DRB1*15:01 also reduced the age at 
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disease onset, yet this association did not 
reach genome-wide signi#cance (n=1,196, 
(=-0.21, p=7.6&10-6). A variant in LD with 
this HLA allele, rs4959027, showed the over-
all lowest p-value in the age at onset analyses 
(n=1,519, (=-0.20, p=1.5&10-7, Figure 5B). 
Outside the MHC region, #$een loci reached 
genome-wide signi#cance, of which #ve had 
not been identi#ed in GWAS at genome-wide 
signi#cance before (Figure 5A). All loci 
showed support for an association in both 
samples, DE1 and DE2. Interestingly, all sig-
ni#cant or suggestive (p<1&10-6) variants 
from the largest IMSGC GWAS available at 
the time of publication (IMSGC et al., 2013) 
and present in our dataset showed the same 
direction of e!ect. We calculated the proba-
bility of such an overlap occurring by coinci-
dence using a binomial sign test and ob-
served a p=5&10-32. "e #ve genome-wide 
signi#cant loci were also analyzed in an inde-
pendent Sardinian cohort (2,903 cases, 3,323 
controls), where two of the variants 
(rs2812197 (DLEU1) and rs4925166 
(SHMT1)) replicated. 
Among the novel variants, rs4925166 on 
chromosome 17 showed the strongest associ-
ation (OR=0.85, CI=0.81-0.90, p=2.7&10-9). 
To #ne-map this signal, we conducted cis ex-
pression quantitative trait locus (eQTL) anal-
yses on n=242 DE1 patients, for whom 
whole-blood gene expression had been 

assessed using Illumina HT-12 BeadChips. 
We found that rs4925166 was part of an 
eQTL for the gene SHMT1 (false discovery 
rate (FDR) 2.99&10-10). Using other, non-MS 
datasets for which DNA methylation had 
been quanti#ed using the Illumina Hu-
manMethylation450 BeadChip, we identi#ed 
that rs4925166 also a!ected DNA methyla-
tion levels at three CpG sites mapping to 
SHMT1, with CpG cg26763362 exhibiting 
the most robust support for an association. A 
causal mediation analysis of the association 
rs4925166 Æ CpG cg26763362 Æ SHMT1 
expression revealed partial mediation of the 
e!ect of rs4925166 on SHMT1 expression by 
DNA methylation (Figure 5C).  
SHMT1 is a serine hydroxymethyltransferase 
acting in the folate cycle. It catalyzes the 
transfer of a carbon unit subsequently used 
for the synthesis of both nucleotides and me-
thionine. SHMT1 thus plays a role in the me-
tabolism of the methyl group donor substrate 
S-adenosylmethionine (SAM). "ereby, it 
maintains methylation homeostasis in the 
cell, shi$ing epigenetic regulation via meth-
ylation into the focus of MS susceptibility. 
"e putatively MS-associated genes at all #ve 
loci that reached, in our GWAS, genome-
wide signi#cance for the #rst time 
(L3MBTL3, DLEU1, MAZ, ERG, and 
SHMT1) are associated with regulatory 
mechanisms in immune cells. 

 

HLA allele AF OR (95 % CI) p-value HLA alleles in LD (r2 > 0.9) 
DRB1*15:01 14.8 2.85 (2.66-3.06) 1.03&10-191 DQB1*06:02 
A*02:01 28.6 0.68 (0.64-0.73) 3.68&10-29 

 

B*38:01 2.0 0.36 (0.27-0.49) 2.09&10-11 
 

DRB1*13:03 1.5 1.96 (1.60-2.40) 6.42&10-11 
 

DPB1*03:01 10.3 1.33 (1.22-1.46) 4.35&10-10 
 

DRB1*03:01 12.2 1.29 (1.18-1.40) 1.85&10-08 DQA1*05:01, DQB1*02:01 
DRB1*08:01 3.0 1.63 (1.39-1.91) 2.36&10-09 DQA1*04:01, DQB1*04:02 

Table 1: Genome-wide signi!cant HLA alleles. 
"e analysis was conducted using step-wise logistic regression. For each row, alleles from the rows above were used 
as covariates. "e #rst allele was associated with MS independently of the others. Results are from #xed-e!ects 
meta-analyses of DE1 and DE2. AF, allele frequency of controls in %; OR, odds ratio; CI, con#dence interval; LD, 
linkage disequilibrium. 
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Figure 5: Results from the German MS GWAS. 
A: Manhattan plot showing the strength of evidence for an association with MS in the German GWAS. Green dots 
represent established MS-associated variants and their proxies, as listed by Sawcer et al. (Sawcer et al., 2014). Top 
variants at the 15 non-MHC loci associated at the genome-wide signi#cance threshold in our study are shown as 
diamonds. Novel variants showing genome-wide signi#cance are plotted as red diamonds; their names are shown 
in bold font. Variants in high linkage disequilibrium (r2 t 0.7) with these novel variants are shown as red dots. 
Variants replicated in the Sardinian cohort are shown in red font. MA, minor allele, OR, odds ratio (relative to the 
MA). "e plot is truncated at -log10(p) = 16 for better visibility. "e p-value of rs3104373 is 1.3&10-234.  
B: "e genotype of SNP rs4959027 vs. the untransformed age at onset, two outliers were removed for better visi-
bility (n=1,519). C: Causal mediation analysis results. Tested mediation e!ect: rs4925166 Æ CpG cg26763362 Æ 
SHMT1 expression. Direct e!ect: rs4925166 Æ SHMT1 expression.  
 
Indirect evidence suggests that they could all 
be linked either directly or indirectly to epi-
genetic regulatory mechanisms. For example, 
the locus coding for the regulatory, long non-
coding RNA DLEU1 regulates the expression 
of NF-)B (Garding et al., 2013), a critical MS-
associated transcription factor playing a cen-
tral role in the regulation of in%ammation 
(Housley et al., 2015). In turn, DLEU1 is 
strictly regulated by DNA methylation at its 
promoter region (Garding et al., 2013). 
"ree variants at the DLEU1 locus on chro-
mosome 13 had previously shown suggestive 
associations (rs806321, rs9596270, and 
rs806349) (IMSGC et al., 2011, 2013; Lill et 
al., 2015; Patsopoulos et al., 2011). In our 
GWAS, a fourth SNP, rs2812197, was the top-
associated signal at the locus. "e associa-
tions of both rs806349 and rs806321 were 

dependent on rs2812197 in conditional anal-
yses. In addition, a secondary signal might 
exist at the locus, represented by the variant 
rs9591325 (in LD with the previously pub-
lished rs9596270). SNP rs9591325 maps to a 
functional region, indicating that this variant 
could either be the actual causal or a second 
causal variant at the DLEU1 locus. 
With the identi#cation of several MS risk 
genes potentially a!ecting or a!ected by epi-
genetic regulation, the importance of epige-
netic mechanisms for developing this multi-
factorial disorder is underlined. Importantly, 
environmental risk factors like smoking, viral 
infections, childhood obesity, or low sun ex-
posure can in%uence the expression of dis-
ease-associated genes via epigenetic mecha-
nisms (Waubant et al., 2019; Zhou et al., 
2014). Our assessment of DNA methylation 
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being relevant for the development of MS was 
later con#rmed in a study by Kular and col-
leagues, which showed that DNA methyla-
tion at HLA-DRB1*15:01 is causally involved 
in the development of MS (Kular et al., 2018). 
"e German KKNMS MS case/control 
GWAS was followed up in 2019 by a large 
IMSGC study on, in total, 47,479 cases and 
68,374 controls (IMSGC, 2019a). "is study 
identi#ed 32 independent associations in the 
MHC region, 200 autosomal loci outside the 
MHC region, and one signal on chromosome 
X (Figure 6). Using di!erent #ne-mapping 
approaches, 551 potentially MS-associated 
genes were prioritized. Enrichment of the ex-
pression of these MS-speci#c genes was ob-
served not only in cells of the adaptive im-
mune system, e.g., in CD4+ and CD8+ T and 
B cells but also in the innate immune system, 
including natural killer and dendritic cells. 
For the #rst time, enrichment was demon-
strated in immune cells of the brain, i.e., mi-
croglia – but not in neurons or astrocytes 
(Figure 6). Genome-wide signi#cant e!ects 
now explain 39% of the SNP-based MS herit-
ability, and the suggestive e!ects potentially 
add another 9%. 
Notably, these studies focused on common 
variants with a MAF of *1%. An additional 
share of the heritability can likely be ex-
plained by the e!ects of low-frequency or 
rare variants (Wainschtein et al., 2019). We 

analyzed such variants genotyped on Illu-
mina HumanExome BeadChips both in Ger-
man and international IMSGC samples 
(Dankowski et al., 2015; IMSGC et al., 2018) 
and found low-frequency coding variants 
with a MAF of +5% to explain 5% of the her-
itability. So far, only four associations of low-
frequency variants could be established ro-
bustly (IMSGC et al., 2018). Reliable single 
variant-level analyses of rare variants still re-
quire larger sample sizes. 
A vital challenge in GWAS is mapping vari-
ant-level associations to genes and functional 
pathways in speci#c cell types and develop-
mental stages. "e IMSGC has successfully 
conducted gene set and pathway analyses to 
identify biological networks in%uencing MS 
susceptibility (IMSGC, 2019b, 2019a; 
IMSGC et al., 2011). However, traditional 
functional analyses rely on a post-hoc, posi-
tion-based annotation of variants for possible 
functional e!ects. As an innovative alterna-
tive, we have developed a novel approach 
called deepWAS, which analyzes functional 
units of SNPs in the context of cell type-spe-
ci#c chromatin features (Arloth et al., 2020). 
"is method allows for the direct identi#ca-
tion of functionally relevant SNPs together 
with their regulatory e!ects. We applied this 
method to the KKNMS GWAS dataset, de-
scribing 61 such regulatory SNP units (Ar-
loth et al., 2020). 

 
Figure 6: Results from the IMSGC MS GWAS. 
"e MS genomic map displayed as a circos plot of 201 autosomal 
non-MHC and X-chromosomal e!ects, 551 prioritized genes, 
and potential protein-protein interactions between them (cen-
ter). Based on enrichment analyses of putative MS susceptibility 
genes, the study suggests that several peripheral immune cell 
populations and microglia are implicated in the development of 
MS. 
With permission from "e American Association for the Ad-
vancement of Science, the image was taken from (IMSGC, 
2019a).
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Gene Expression in Spontaneous Experimental Autoimmune Encephalo-
myelitis is Linked to Human Multiple Sclerosis Risk Genes 
Faber H, Kurtoic D, Krishnamoorthy G, Weber P, Pütz P, Müller-Myhsok B, Weber F, Andlauer TFM (2020): 
Gene Expression in Spontaneous Experimental Autoimmune Encephalomyelitis Is Linked to Human Multiple Sclerosis Risk Genes. 
Frontiers in Immunology 11:2165 

 
Despite the identi#cation of more than 230 
MS risk variants, we still do not functionally 
understand the biological underpinnings of 
MS. One issue in unraveling the biology of 
MS is the di'culty of studying the human 
CNS in vivo. "us, MS research partly relies 
on animal models like experimental autoim-
mune encephalomyelitis (EAE). Although 
widely used, it is unclear to which extent EAE 
re%ects human MS, and all available EAE 
models are, to some degree, arti#cial.  
Among others, two major EAE models exist: 
#rst, MOG EAE, actively induced by injec-
tion of a myelin oligodendrocyte glycopro-
tein (MOG) peptide into C57BL/6 mice to-
gether with Freud’s adjuvant. Second, the 
transgenic model opticospinal EAE (OSE), 
which develops an autoimmune disease 
spontaneously. OSE mice express both a T 
cell receptor (TCR) recognizing a MOG pep-
tide and B cells carrying MOG-speci#c re-
ceptors (Krishnamoorthy et al., 2006).  
We analyzed the involvement of MS risk 
genes in gene expression changes occurring 
in diseased EAE mice to study to which de-
gree these EAE models re%ect the biology of 
MS. To this end, we compared gene expres-
sion pro#les of total spinal cord preparations 
of MOG EAE and OSE mice, assessed using 
Illumina MouseWG-6 BeadChips. Six mouse 
types were examined (with four mice each): 
wildtype (WT); healthy OSE controls (OSE0); 
OSE with disease score 1 (OSE1); OSE score 4 
(OSE4); as a MOG EAE control, healthy con-
trol mice injected with complete Freund’s ad-
juvant but not with a MOG peptide (CFA); as 
MOG EAE, C57BL/6 wildtype mice injected 
with adjuvant and a MOG35-55 peptide, rated 
score 4 (MOG4). We rated the mice for clini-
cal signs of EAE using a 5-point scale. 0: 
healthy animal; 1: animal with a %accid tail; 

2: animal with impaired righting re%ex 
and/or gait; 3: animal with one paralyzed 
hind leg; 4: animal with both hind legs para-
lyzed; 5: moribund animal or death of the an-
imal a$er preceding clinical disease.  
We assessed gene expression di!erences for 
#ve contrasts: OSE1-OSE0, OSE4-OSE0, 
MOG4-CFA, and the two control contrasts 
CFA-WT and OSE0-WT. In both MOG EAE 
and OSE models, gene expression di!ered 
between healthy and diseased mice (Figure 
7A). More transcripts were di!erentially ex-
pressed in the OSE4-OSE0 (n=5,555) than in 
the MOG4-CFA contrast (n=3,182). Of these, 
4.88& more transcripts were di!erentially ex-
pressed in OSE4-OSE0 only. "e fold changes 
observed in OSE4-OSE0 were higher than in 
OSE1-OSE0 (binomial test: p=1.4&10-65) or 
MOG4-CFA (p=5.8&10-3; Figure 7C-D). 
Next, we conducted over-representation 
analyses (ORA) using WebGestalt v2019 in R 
(Liao et al., 2019), based on the gene ontology 
(GO) biological process database, for three 
groups (Table 2): Common disease transcripts 
(CDT), OSE4-speci!c transcripts (OSE4sp), 
and MOG4-speci!c transcripts (MOG4sp). In 
the pathway analyses of genes di!erentially 
expressed in the CDT group, 1,379 redun-
dant GO biological processes were signi#-
cantly overrepresented a$er correcting for 
multiple testing. Among the top-associated 
GO terms were many immune-related gene 
sets, e.g., immune response, regulation of im-
mune system process, and T cell activation. 
"e same and additional immune-associated 
processes were also signi#cant in the OSE4sp 
group – but no immune system-speci#c pro-
cess was signi#cant for MOG4sp. More im-
mune-related expression changes were thus 
triggered in OSE than in MOG EAE. 
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Figure 7: Results from di"erential expression analyses. 
A-B: Venn diagrams of di!erentially expressed transcripts. A: Analyses of MOG EAE and OSE models. B: Anal-
yses of TH cell types. C-D: OSE4 mice showed greater fold expression changes than OSE1 (C) or MOG4 mice (D). 
"e ten most di!erentially expressed genes per group are labeled (magenta, OSE4 only; brown, both groups). 
 
 

Di!erentially expressed (DE) 
transcript group 

DE in contrasts Not DE in contrasts 

Common disease transcripts (CDT) OSE4-OSE0, 
MOG4-MOG0 

OSE0-WT, MOG0-WT 

OSE4-speci!c transcripts (OSE4sp) OSE4-OSE0 MOG4-MOG0, 
OSE0-WT, MOG0-WT 

MOG4-speci!c (MOG4sp) transcripts MOG4-MOG0 OSE4-OSE0, 
OSE0-WT, MOG0-WT 

OSE1-speci!c transcripts (OSE1sp) OSE1-OSE0 MOG4-MOG0, OSE4-OSE0, 
OSE0-WT, MOG0-WT 

OSE1-expressed transcripts (OSE1ex) OSE1-OSE0 OSE0-WT, MOG0-WT 
Table 2: Groups of di"erentially expressed (DE) transcripts. 
"ese groups were used in over-representation analyses. WT, wildtype.
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We used OSE, which shows variable disease 
development, to analyze mildly a!ected mice 
(OSE1). Although 34 transcripts were di!er-
entially expressed only in OSE1 animals 
(OSE1-speci!c transcripts (OSE1sp)), no GO 
terms were signi#cantly overrepresented 
among these genes. However, for the 805 
transcripts di!erentially expressed in OSE1-
OSE0 but not in control contrasts (OSE1-ex-
pressed transcripts (OSE1ex); Table 2), the 
previously mentioned immune-related GO 
terms, as well as B cell-mediated immunity 
and antigen processing and presentation, were 
signi#cantly overrepresented. 
Based on the 200 MS-associated non-MHC 
autosomal loci, the IMSGC GWAS priori-
tized 551 MS candidate MS risk genes 
(IMSGC, 2019a). Of these, 499 transcripts of 
265 genes were present in our gene 

expression dataset. "e #rst component from 
a principal component analysis (PCA) of 
these transcripts was signi#cantly higher in 
all diseased mice than in controls (Figure 
8A). "us, MS risk genes show higher aver-
age expression levels in EAE mice, especially 
in OSE4, including H2-Ab1 and H2-Eb1 (Fig-
ure 8B), which are homologous to HLA-
DQB1 and HLA-DRB5. Note that the HLA al-
leles HLA-DRB1*15:01, HLA-DQB1*06:02, 
and HLA-DRB5*01:01 are part of the ex-
tended MS risk haplotype DR15-DQ6 (Hol-
lenbach and Oksenberg, 2015). We analyzed 
whether our analysis groups (Table 2) were 
enriched for MS risk genes and found CDT, 
OSE4sp, and OSE1ex to be signi#cantly en-
riched, but not the MOG4sp group (Table 3). 

 

 
Figure 8: Compari-
son of gene expres-
sion levels. 
A: PCA of gene expres-
sion pro#les of MS risk 
genes.  
B: H2-Ab1 expression 
levels.  
C-D: PCA of gene expres-
sion pro#les of transcripts 
di!erentially expressed in 
(C) TH1 and (D) TH17 
cells.  
Signi#cance levels:  
* adjusted p<0.05,  
** adjusted p<0.01,  
*** adjusted p<0.001. 
 
 
 
 
 

 
Di!erentially expressed 
(DE) transcript group DE genes Overlapping genes p-value Adjusted p-value 
CDT 2014 68 <1!10-5 <4!10-5 
OSE4sp 2362 68 4.4!10-4 8.8!10-4 
MOG4sp 469 11 3.2&10-1 3.2&10-1 
OSE1ex 693 34 1.0!10-5 4.0!10-5 

Table 3: Enrichment of MS susceptibility genes. 
We analyzed 265 genes. Enrichments signi#cant a$er correction for multiple testing are highlighted in bold font.
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T helper (TH) cell di!erentiation is a crucial 
pathway in the etiology of MS (Figure 9). TH1 
cells have long been viewed as the main driv-
ers of both EAE and MS (Glatigny and Bet-
telli, 2018). However, either TH cell type can 
induce EAE (Jäger et al., 2009), supporting a 
critical function also of TH17 cells in the de-
velopment of MS. To analyze expression dif-
ferences of TH cell-speci#c transcripts in both 
EAE models, we generated in vitro polarized 
TH1 and TH17 cells from spleen cells of OSE 
mice. Next, we analyzed di!erential gene ex-
pression in TH1 and TH17 cells compared to 
undi!erentiated TH0 cells. In TH1 cells, 8& 
more transcripts were di!erentially ex-
pressed than in TH17 cells (Figure 7B). Inter-
estingly, a high TH1/TH17 ratio is indicative of 
a lesion distribution pattern characterized by 
prominent spinal cord involvement, as is the 
case for both OSE and MOG EAE (Stromnes 
et al., 2008). 
We conducted a PCA on transcripts di!eren-
tially expressed in TH1 and TH17 cells. "e 
#rst component for both cell types was 
higher in diseased mice than controls, espe-
cially in OSE4 (Figure 8C-D). "e TH1 signa-
ture molecule Tbx21 (T-bet) was signi#cantly 
upregulated in all diseased mice, while Ifng 
was only upregulated in OSE4. "e TH17-spe-
ci#c marker Il17f was also upregulated in 
OSE4, but neither Rorc nor Il17a were. "e 
analysis groups CDT, OSE4sp, and OSE1ex 
(Table 2) were signi#cantly enriched for 
genes di!erentially expressed in either TH1 or 

TH17 cells (Table 4). MOG4sp transcripts 
were only signi#cant for TH1.  
Finally, we generated a list of transcripts dif-
ferentially expressed in both the EAE models 
and in TH1 or TH17 cells. Immune-related bi-
ological processes, including the three terms 
mentioned above as well as positive regulation 
of T cell proliferation, were overrepresented 
among the genes present in the CDT, OSE4sp, 
and OSE1ex groups and also di!erentially ex-
pressed in TH1 cells. By contrast, no GO 
terms at all were overrepresented for 
MOG4sp or TH17-speci#c genes.  
Interestingly, CDT and OSE1ex genes di!er-
entially expressed in TH1 cells were signi#-
cantly enriched for IMSGC MS risk genes 
(Table 5). OSE4sp genes were enriched for MS 
risk genes in TH1 cells at nominal signi#cance 
(unadjusted p=0.0097). By contrast, TH1-ex-
pressed MOG4sp transcripts showed no 
trend for the enrichment of MS risk genes at 
all (unadjusted p=0.51). 
In the context of TH1-driven immune re-
sponses, the spontaneous OSE model might 
thus be linked to human MS risk genes more 
closely than induced MOG EAE is. Both EAE 
types constitute valuable MS models and ap-
pear to recapitulate key MS pathways. How-
ever, given the enrichment of both MS risk 
genes and TH cell-speci#c transcripts in 
OSE4, the OSE model may be more apt than 
MOG EAE for studying the function of MS 
risk genes and their associated pathways.

 
Figure 9: MS risk genes in the T 
helper cell di"erentiation path-
way. 
Colors: red, genome-wide signi#cant; or-
ange, strongly suggestive loci; yellow, sug-
gestive loci. 
With permission from Springer Nature, 
the image was taken from (IMSGC et al., 
2011). 
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Di!erentially expressed 
(DE) transcript group 

DE genes Cell type Overlapping 
genes 

p-value Adjusted 
p-value 

CDT 2014 TH1 150 <1!10-5 <8!10-5 
TH17 28 2.0!10-2 4.0!10-2 

OSE4sp 2362 TH1 195 <1!10-5 <8!10-5 
TH17 36 2.0!10-3 8.0!10-3 

MOG4sp 469 TH1 35 1.1!10-2 3.3!10-2 
TH17 7 9.8&10-2 9.8&10-2 

OSE1ex 693 TH1 61 2.0!10-5 1.2!10-4 
TH17 16 1.0!10-3 5.0!10-3 

Table 4: Enrichment of TH-speci!c transcripts. 
Analysis of 1,080 TH1- and 145 TH17-speci#c transcripts. Enrichments signi#cant a$er correction for multiple 
testing are highlighted in bold font. 
 

Di!erentially expressed 
(DE) transcript group 

Cell type EAE TH cell 
list size 

Overlapping 
genes 

p-value Adjusted 
p-value 

CDT TH1 150 10 6.5!10-4 5.2!10-3 
TH17 30 3 2.1&10-2 1.1&10-1 

OSE4sp TH1 215 10 9.7&10-3 5.8&10-2 
TH17 41 3 4.7&10-2 1.6&10-1 

MOG4sp TH1 37 1 5.1&10-1 5.1&10-1 
TH17 7 1 1.3&10-1 2.6&10-1 

OSE1ex TH1 60 6 1.1!10-3 7.7!10-3 
TH17 16 2 3.9&10-2 1.6&10-1 

Table 5: Enrichment of MS risk genes among TH-speci!c transcripts. 
Enrichments signi#cant a$er correction for multiple testing are highlighted in bold font. 
 
As supported by the identi#cation of putative 
epigenetic risk factors (Andlauer et al., 2016; 
Kular et al., 2018)͕�genetic and environmen-
tal MS risk factors likely interact during MS 
disease development. EAE models like OSE 
that spontaneously develop disease might re-
capitulate such gene-by-environment inter-
actions better than induced models such as 
MOG EAE can. 
For successful treatment of MS without long-
term disability, timely initiation of the appro-
priate therapy is vital. Our analyses of OSE1 
mice demonstrated that many gene expres-
sion changes observed in severely a!ected 
mice are already present in mildly a!ected 
animals. Interestingly, the GO term response 
to interferon-beta was highly overrepresented 
in both the OSE1ex and CDT analysis groups. 
Interferon ( is a well-established #rst-line 

treatment for MS. Other treatment-associ-
ated genes were also di!erentially expressed 
in all diseased mice, e.g., Cd74, involved in 
MHC class-II antigen presentation, the target 
of Milatuzumab and regulated by Fin-
golimod (Alinari et al., 2011), and Cd52, ex-
pressed on lymphocytes and the target of 
Alemtuzumab (Tintore et al., 2019). OSE 
thus provides the opportunity to study such 
therapy-associated genes throughout di!er-
ent disease stages, facilitating the evaluation 
of potential therapies.  
Neither EAE model fully re%ects a heteroge-
neous human disease like MS. Nevertheless, 
our results indicate that OSE, with its closer 
link to MS risk genes and TH cell biology, may 
be better suited for studying the etiology of 
MS and for de#ning speci#c therapeutic tar-
gets than MOG-induced EAE is.
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Genetic Risk Factors for Anti-Drug Antibodies Against Interferon " 
Andlauer TFM, Link J, Martin D, …, Deisenhammer F, Fogdell-Hahn A, Hemmer B & on behalf of the ABIRISK consortium (2020): 
Treatment- and population-speci#c genetic risk factors for anti-drug antibodies against interferon-beta: a GWAS.  
BMC Medicine 18:298 
 
Further studies relevant for this section: 
 

Buck D*, Andlauer TFM* (shared !rst), …, Müller-Myhsok B, Hemmer B, The BEYOND and BENEFIT Study Groups (2018):  
E$ect of HLA-DRB1 alleles and genetic variants on the development of neutralizing antibodies to interferon beta in the BEYOND and 
BENEFIT trials. Multiple Sclerosis Journal 25(4):565-573 

 
A recombinant form of the cytokine inter-
feron ( (IFN() has been the #rst successful 
disease-modifying treatment for MS (Lublin, 
2005). IFN(-1b, approved in 1993, is raised 
in Escherichia coli bacteria and injected sub-
cutaneously (s.c.). It was initially sold under 
the brand names Betaseron and Betaferon. 
Later, the same product was also marketed as 
Extavia. In 1996, IFN(-1a was approved, 
which is produced in Chinese hamster ovary 
cells. "e IFN(-1a formulation sold under 
the brand name Avonex is administered via 
intramuscular (i.m.), the later-approved Re-
bif by s.c. injection. While more e!ective 
treatments for MS have been developed 
since, IFN( remains a widely used #rst-line 
treatment for MS, not least because of its 
well-established long-term safety pro#le. Re-
cently, IFN( has gained renewed attention as 
a potential treatment of severe COVID-19 
(Hadjadj et al., 2020; Lee and Shin, 2020; 
Monk et al., 2020). 

All biopharmaceutical treatments, i.e., thera-
peutically active polypeptides produced via 
biotechnological methods, are immuno-
genic. "is means that the substances can 
provoke an unwanted immune response. 
Over time, the immune system of some pa-
tients forms a neutralizing response against 
the compound, including the development of 
anti-drug antibodies (ADA). Accordingly, up 
to 40% of patients treated with IFN( develop 
ADA binding IFN( (bADA) (Deisenham-
mer, 2014). Binding ADA neutralizing the 
biological activity of IFN(, e.g., by inhibiting 
the interaction of the drug with its receptor 
(Figure 10), are called neutralizing ADA 
(nADA) (Kappos et al., 2005). Such antibod-
ies are not only medically relevant for bio-
pharmaceuticals and vaccination. For exam-
ple, it was suggested that pre-existing neu-
tralizing auto-antibodies against type I inter-
ferons may cause severe COVID-19 a$er 
SARS-CoV-2 infection (Bastard et al., 2020).

 
Figure 10: Interference of neu-
tralizing ADA with type-I in-
terferon signaling. 
IFN( signaling leads to the activation 
of transcription factors and the ex-
pression of IFN(-responsive genes. 
Neutralizing ADA prevent the for-
mation of IFN(-receptor complexes 
and downstream transcriptional acti-
vation.  
With permission from Elsevier, the 
image was taken from (Hemmer et al., 
2005). 
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Previous research has reported variation in 
the immunogenicity of IFN( preparations 
(Bertolotto et al., 2004). Besides the species 
in which they are produced, IFN(-1a and -1b 
formulations are characterized by several dif-
ferences: While the amino acid sequence of 
IFN(-1a corresponds to the sequence of the 
mammalian protein IFNB1, IFN(-1b di!ers 
from it at two positions (Bertolotto et al., 
2004). Moreover, IFN(-1b is not glycosyl-
ated, possibly a!ecting its immunogenicity 
by promoting the formation of protein aggre-
gates (Bertolotto et al., 2004). Furthermore, 
post-translational modi#cations like deami-
dation, oxidation, and glycation can take 
place spontaneously. "eir occurrence might 
depend on the manufacturing and processing 
of biopharmaceuticals (Jawa et al., 2013). 
Avonex does not contain serum albumin, a 
major driver of protein aggregation (Barnard 
et al., 2013). In consequence, also sequence-
identical products like Avonex and Rebif may 
di!er in their immunogenicity. Notably, the 
formulation of Rebif was changed in 2007 to 
decrease its immunogenicity (Jaber et al., 
2007; Stefano et al., 2010). 
Di!erent factors modify the risk of develop-
ing ADA, including the use of immunosup-
pressants and antibiotics, infections, tobacco 
smoking (Hässler et al., 2020), possibly obe-
sity (Callahan et al., 2014), and genetic vari-
ants. Several studies from the United States, 
Germany, Spain, and Sweden have proposed 
various genetic risk and protective factors for 
ADA. However, results di!ered between 
these studies, and they could not establish a 
consensus on the human leukocyte antigen 
(HLA) alleles a!ecting ADA formation (Bar-
bosa et al., 2006; Buck et al., 2011; Hoffmann 
et al., 2008; Link et al., 2014; Núñez et al., 
2014; Stickler et al., 2004; Weber et al., 2012). 
Only one previous study assessed the e!ect of 
genetic variants outside the MHC region 
(Weber et al., 2012). 
We conducted two studies to further assess 
the genetic risk landscape for IFN(-induced 
ADA. First, we published an analysis of 941 
patients treated with IFN(-1b in two phase 

III trials (Buck et al., 2018), BENEFIT (Kap-
pos et al., 2006) and BEYOND (O’Connor et 
al., 2009). "is longitudinal study focused on 
examining previously suggested MS-associ-
ated variants. A$er correction for multiple 
testing, HLA-DRB1*04:01 and HLA-
DRB1*07:01 were signi#cantly associated 
with the presence of nADA, mean nADA ti-
ter, maximum nADA titer, and the area un-
der the nADA receiver-operating character-
istic (ROC) curve (AUC). Moreover, our 
GWAS identi#ed highly correlated SNPs in 
the MHC region to be associated with the dif-
ferent nADA endpoints. "e previously pro-
posed non-MHC SNP on chromosome 8 
(Weber et al., 2012) did not replicate. 
Subsequently, we conducted a retrospective 
cross-sectional study to establish a consensus 
on the heterogeneous #ndings from previous 
publications. All previous studies had com-
parably small sample sizes, only analyzed a 
single population, and mostly did not assess 
ADA with validated methods. We analyzed 
2,757 MS patients, treated with three di!er-
ent IFN( preparations, from the Karolinska 
Institutet Stockholm, Sweden (KI) and the 
Technical University of Munich, Germany 
(TUM). We determined both bADA levels 
and nADA titers in the same patients, allow-
ing for systematic comparisons between both 
ADA types (Figure 11). We measured bADA 
levels by capture ELISA and nADA titers us-
ing a validated luciferase-based bioassay.  
We randomized the patients into a discovery 
(n=2,000) and a replication (n=757) dataset. 
Binding and neutralizing ADA each target 
other parts of the IFN( molecule. Neverthe-
less, we found bADA levels to be correlated 
with the presence of nADA (Spearman 
"=0.66) and with nADA titers ("=0.71). 
Compared to the presence of nADA deter-
mined via screening and titration, estimation 
of the nADA status from bADA levels had a 
sensitivity of 0.85 and a speci#city of 0.84 
(Figure 12). "us, also patients with low 
bADA levels may produce nADA, indicating 
that the prediction of nADA from bADA ti-
ters may not be reliable. 
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Figure 11: Distribution of samples for the ADA measurements. 
 

Figure 12: Compar-
ison of bADA levels 
and nADA titers. 
A-C: Density plots of 
log10 bADA levels strati-
#ed by nADA presence.  
D: Comparison of 
bADA levels to nADA 
titers, colored by nADA 
presence.  
"e dashed line shows 
the cuto! optimizing 
the maximum sensitiv-
ity and speci#city in the 
discovery data.  
 
 
 
 
 

 
"e SNP-based heritability, calculated using 
GCTA, was h2g=0.47 for bADA levels, 
h2g=0.50 for nADA titers, and h2go=0.48 on 
the observed scale for nADA presence 
(h2gl=0.79 on a liability scale). "is result un-
derlines the importance of genetic factors in 
the occurrence of IFN( ADA. Binding ADA 
levels were genetically correlated with nADA 
titers (rg=0.95) and presence (rg=0.89). "ese 
#ndings indicate that the same genetic risk 
factors in%uence both bADA and nADA. It 
may constitute a stochastic process whether 
ADA are functionally neutralizing or merely 
bind IFN(. 
GWAS for nADA presence, nADA titers, and 
bADA levels identi#ed the same or highly 
correlated variants mapping to the MHC re-
gion as associated with all three ADA 

measurements. We found no SNPs outside 
the MHC region to be robustly associated 
with ADA. None of the SNPs associated at ge-
nome-wide signi#cance with ADA measure-
ments in IFN(-1a s.c.-treated patients 
showed signi#cant statistical support for an 
association in IFN(-1b s.c.-treated patients 
and vice versa. 
Following the genome-wide GWAS, we ana-
lyzed HLA alleles in IFN(-1a s.c.-treated pa-
tients. Here, allele HLA-DQB1*06:02 and the 
ancestral haplotype DR15-DQ6 (DRB1*15:01 
+ DQA1*01:02 + DQB1*06:02), both smaller 
subsets of B7-DQ6 (B*07:02 + DR15-DQ6), 
showed the most robust support for confer-
ring risk to all three ADA measurements 
(Figure 13A, Table 6). All other risk alleles 
were dependent on this extended haplotype.
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Figure 13: Treatment-speci!c HLA haplotypes. 
A: "e association of DR15-DQ6 with nADA titers is speci#c for IFN(-1a s.c. B: "e association of DR4-DQ3 with 
nADA titers is speci#c for IFN(-1b s.c. Disc., discovery; Repl., replication. 
 
"e ancestral haplotype DR3-DQ2 
(DRB1*03:01 + DQA1*05:01 + DQB1*02:01) 
and its allele HLA-DQB1*02:01 signi#cantly 
protected against IFN(-1a s.c.-induced ADA 
(Table 6). All other protective alleles were de-
pendent on this extended haplotype. None of 
the protective alleles were signi#cantly asso-
ciated with ADA in patients treated with 
IFN(-1b s.c.  
By contrast, HLA-DRB1*04:01 was the risk 
allele showing the most robust support for an 
association with all three ADA measure-
ments in IFN(-1b s.c.-treated patients. All as-
sociated alleles were part of the haplotype 
DR4-DQ3 (DRB1*04:01 + DQA1*03:01 + 
DQB1*03:02.; Figure 13B, Table 6). "ese al-
leles were not signi#cantly associated with 
ADA in patients treated with IFN(-1a s.c., 
and there were no signi#cant protective al-
leles for patients receiving IFN(-1b s.c. 
Several factors likely contribute to these 
preparation-speci#c di!erences in genetic 
risk factors: "e two diverse amino acids, di-
verging post-translational modi#cations, 
and, partly linked to that, the variable ten-
dency of the IFN( preparations to aggregate.  
Chemical alterations and spontaneously oc-
curring protein modi#cations, caused by dif-
ferences during the drugs’ manufacturing, 
processing, and storage, can alter the pro-
teins’ surface and chemical properties. 

All these di!erences may a!ect the protein 
stability and lead to altered processing of 
IFN( in antigen-presenting cells, e.g., den-
dritic cells. Consequently, the diverse antigen 
peptides – produced depending on the state 
of IFN(-1a and IFN(-1b proteins – may be 
recognized and presented by di!erent pep-
tide-binding grooves and thus allelic variants 
of MHC class II molecules (Groot and Scott, 
2007; Rombach-Riegraf et al., 2014).  
When examining SNPs and HLA alleles pre-
viously reported to be associated with ADA, 
15 of 20 candidate variants could be repli-
cated. However, the previously published 
non-MHC SNP, MHC class I alleles, and 
HLA-DRB1*11 alleles did not replicate.  
Neutralizing ADA titers need to cross a 
threshold to become functionally relevant. 
Nevertheless, the same variants were associ-
ated with both nADA presence and titers. 
"is #nding suggests that most genetic risk 
factors might in%uence the likelihood of de-
veloping ADA instead of absolute titers. 
However, the two alleles HLA-DRB1*04:08 
and HLA-DRB1*16:01 were associated only 
with bADA levels and/or with nADA titers 
but not with nADA presence. "ese two HLA 
alleles were also associated with nADA titers 
in nADA-positive patients, indicating that 
genetic factors exist that in%uence the 
amount of ADA. 
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ADA 
preparation 

Haplotype AF  
KI 

AF 
TUM 

OR 
Disc. 

p-value 
Disc. 

OR 
Repl. 

pone-sided 
Repl. 

OR 
Pool. 

p-value 
Pooled 

IFN#-1a s.c. DR15-DQ6 0.34 0.30 2.73 3.1&10-14 3.41 1.5&10-07 2.89 7.4&10-20 
IFN#-1a s.c. DR3-DQ2 0.13 0.12 0.40 9.1&10-07 0.29 4.0&10-04 0.37 3.7&10-09 
IFN#-1b s.c. DR4-DQ3 0.07 0.05 6.23 1.2&10-09 14.7 6.1&10-06 7.35 1.5&10-13 

Table 6: Selected signi!cant HLA haplotypes. 
Selected HLA haplotypes signi#cantly associated (p<3&10-4) with the presence of nADA and replicated 
(pone-sided<1&10-3). AF, allele frequency; KI, Karolinska Institutet, Sweden; TUM, Technical University of Munich, 
Germany; OR, odds ratio; Disc., discovery; Repl., replication; Pool., pooled. 
 
Results from genetic analyses of ADA devel-
opment can be translated to clinical care by 
generating personalized prediction models 
for ADA. To explore the feasibility of such 
prediction models, we derived PGS from our 
discovery-stage results and predicted the oc-
currence of nADA in the replication dataset. 
We did not observe evidence for a highly pol-
ygenic inheritance of nADA development 
(Table 7). Prediction models including only 
the top-associated variants performed better 
than models also incorporating signals se-
lected by more liberal p-value thresholds. As 
expected, IFN(-1a s.c.-speci#c models could 
not predict nADA in IFN(-1b s.c.-treated pa-
tients and vice versa. 
To generate risk estimates, we compared pa-
tients within the upper 30% of the top-asso-
ciated PGS to patients within the lower 30% 

(Table 7). "e sensitivity and speci#city in 
this comparison (0.78 and 0.90, respectively, 
in Swedish IFN(-1a s.c. patients and 0.80 and 
0.76, respectively, in German patients) are 
not su'cient yet for a routine clinical test.  
In the future, these prediction models could 
be optimized by the inclusion of environ-
mental risk and protective factors like the use 
of immunosuppressants and antibiotics, in-
fections, and tobacco smoking.  
Nevertheless, our results support the use of 
genetic risk strati#cation as a personalized 
medicine tool, guiding IFN( treatment prep-
aration recommendations and the frequency 
of testing for the presence of nADA. Patients 
at high genetic risk for nADA should either 
switch to a di!erent drug or be monitored 
more closely, as suggested for other condi-
tions (Lewis and Vassos, 2020).

 
Preparation Model Cohort OR 95% CI p-value AUC R2 Sensit. Specif. 
IFN#-1a s.c. PGS threshold p$5&10-08 KI 3.89 2.35-6.45 1.44&10-07 0.85 0.42 0.78 0.78 
IFN#-1a s.c. PGS threshold p$5&10-08 TUM 2.56 1.56-4.21 2.11&10-04 0.76 0.24 0.68 0.65 
IFN#-1a s.c. PGS top vs. bottom 30% KI 73.86 11.77-463.61 4.42#10-06 0.91 0.59 0.78 0.90 
IFN#-1a s.c. PGS top vs. bottom 30% TUM 13.78 3.00-63.28 7.45#10-04 0.83 0.38 0.80 0.76 
IFN#-1a s.c. rs77278603-A dominant KI 9.16 2.48-33.79 8.79&10-04 0.78 0.31 0.57 0.76 
IFN#-1a s.c. rs77278603-A dominant TUM 3.85 1.10-13.49 3.51&10-02 0.72 0.20 0.56 0.68 
IFN#-1b s.c. PGS threshold p$1&10-06 KI 2.40 1.45-3.97 6.46&10-04 0.78 0.33 0.57 0.85 
IFN#-1b s.c. PGS threshold p$1&10-06 TUM 2.15 1.43-3.23 2.28&10-04 0.73 0.22 0.73 0.58 
IFN#-1b s.c. PGS top vs. bottom 30% KI 10.16 2.30-44.95 2.25&10-03 0.83 0.46 0.58 0.87 
IFN#-1b s.c. PGS top vs. bottom 30% TUM 5.97 2.03-17.52 1.14&10-03 0.78 0.33 0.69 0.75 
IFN#-1b s.c. rs28366299-A dominant KI 9.78 2.68-35.74 5.62#10-04 0.83 0.40 0.62 0.83 
IFN#-1b s.c. rs28366299-A dominant TUM 7.56 3.01-19.02 1.71#10-05 0.80 0.33 0.77 0.57 

Table 7: Treatment-speci!c prediction of the presence of nADA. 
Covariates used in all models: sex, age, treatment duration, titration site, and ancestry components. "e top models 
per treatment preparation are indicated in bold font. OR, odds ratio; CI, con#dence interval; p-value of the genetic 
component; AUC, area under the receiver operating characteristic curve; R2, Nagelkerke’s pseudo-R2; Sensit., sen-
sitivity; Specif., speci#city.
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Bipolar Multiplex Families Have an Increased Burden of Common Risk Vari-
ants for Psychiatric Disorders 
Andlauer TFM, Guzman-Parra J, Streit F, …, Nöthen MM, Rietschel M (2019): Bipolar multiplex families have an increased burden of 
common risk variants for psychiatric disorders. Molecular Psychiatry, doi:10.1038/s41380-019-0558-2 
 
Further studies relevant for this section: 
 

Guzman-Parra J, Streit F, …, Andlauer TFM*, Rietschel M* (shared last) (2021): Clinical and genetic di$erences between bipolar dis-
order type 1 and 2 in multiplex families. Translational Psychiatry, 11:31 
 

Andlauer TFM, Nöthen MM (2020): Polygenic scores for psychiatric disease: from research tool to clinical application. 
medizinische genetik 32(1) 39-45 
 

Wray NR, Ripke S, Mattheisen M, Trzaskowski M, Byrne EM, Abdellaoui A, Adams MJ, Agerbo E, Air TM, Andlauer TFM, …, Lewis CM, 
Levinson DF, Breen G, Børglum AD, Sullivan PF; MDD Working Group of the PGC (2018): Genome-wide association analyses identify 44 
risk variants and re#ne the genetic architecture of major depression. Nature Genetics 50(5):668-681 
 
Polygenic disorders a!ecting the CNS – e.g., 
MS, MDD, and BD – can accumulate in fam-
ilies. Several factors may contribute to such 
an increased incidence of disorders in single 
families: First, exposure to shared environ-
mental risk factors; second, a high burden of 
common (i.e., frequently occurring) genetic 
risk variants; third, rare variants conferring 
risk. "e three factors could act both sepa-
rately and in combination. 
As is the case for all polygenic disorders, 
many variants with small individual e!ect 
sizes contribute to genetic risk for BD (Stahl 
et al., 2019). Some risk variants confer risk to 
several psychiatric disorders like BD, MDD, 
and SCZ (PGC-CDG et al., 2019).  
For BD, the phenotypic variance explained by 
genotyped common variants (i.e., the SNP-
based heritability) is estimated to be 0.17–
0.23 on a liability scale, while BD’s overall 
heritability is above 70% (Stahl et al., 2019). 
As for other polygenic disorders, this dis-
crepancy cannot be easily explained, with 
rare variants constituting a prime candidate 
as the source of the missing heritability (Ma-
nolio et al., 2009; Wainschtein et al., 2019). 
Researchers have o$en used multiplex fami-
lies showing a high incidence of a disorder to 
screen for rare (causal) variants. However, 
multiplex families may also accumulate a 
high common-variant risk burden. For ex-
ample, assortative mating or a limited availa-
ble genetic pool can contribute to such a risk 
load. We explored this hypothesis that 

common variants contribute signi#cantly to 
disorder incidence within multiplex families. 
To this end, we analyzed whether families 
with a high incidence of BD and MDD, be-
longing to the Andalusian ABiF study (Guz-
man-Parra et al., 2017), show a high poly-
genic risk load for psychiatric disorders. 
We examined 33 families with 395 members, 
of which n=166 were diagnosed with BD (BD 
type I (BD-I), n=115; BD type II (BD-II), 
n=41; not otherwise speci#ed BD, n=10), 
n=78 with MDD, and n=151 had no recorded 
history of an a!ective disorder. Each family 
contained at least two BD patients. 
"e family members were genotyped on Illu-
mina In#nium PsychArray BeadChips. We 
combined n=384 family members with a 
population-based case/control dataset con-
taining 161 BD patients (BD-I, n=156; BD-II, 
n=5) and 277 unscreened controls. "irty-
#ve una!ected and eight MDD-diagnosed 
married-in family members were excluded 
from all comparisons of families to other da-
tasets. "e joint dataset was imputed using 
the 1000 Genomes phase 3 reference panel.  
We calculated PGS (Andlauer and Nöthen, 
2020) for the psychiatric disorders BD, MDD, 
and SCZ using published GWAS as training 
data (PGC-SCZ, 2014; Stahl et al., 2019; 
Wray et al., 2018). As negative controls, we 
generated PGS for late-onset Alzheimer’s dis-
ease (LOAD) (Lambert et al., 2013) and also 
simulated PGS. Furthermore, we computed 
Shared PGS from all variants with matching 
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e!ect directions and p<0.05 in the BD, MDD, 
and SCZ GWAS. "e respective PGS weights 
were calculated by random-e!ects meta-
analysis of the three GWAS. Disorder-spe-
ci#c PGS, e.g., of BD corrected for the corre-
lation with MDD (BD-MDD), were calcu-
lated using genome-wide inferred statistics 
(GWIS) (Nieuwboer et al., 2016). 
We conducted all case/control analyses using 
logistic mixed models with GMMAT. GenA-
bel’s function polygenic was used for linear 
mixed models. In both cases, the genetic re-
lationship matrix was modeled as a random 
e!ect to account for family structure.  
In our study, we #rst compared family mem-
bers diagnosed with BD to healthy controls 

from the general population. BD cases within 
the ABiF families had higher BD (pPGS=0.1: 
OR=2.97, one-sided p=1.9&10-11), SCZ, 
Shared, and GWIS BD-MDD PGS than pop-
ulation-based controls (Figure 14A). "e as-
sociation of the MDD PGS did not pass cor-
rection for multiple testing. An increased BD 
PGS in multiplex families compared to con-
trols has also been observed in other studies 
(Fullerton et al., 2015). "e signi#cant in-
crease of SCZ and Shared PGS might be a 
consequence of the genetic correlation be-
tween psychiatric disorders (PGC-CDG et 
al., 2019). 

 

 
Figure 14: Comparison of polygenic risk scores between families and unrelated samples.  
"e plots show one-sided p-values, following the hypothesis that family members (FAM) have higher PGS than 
population-based cases and controls (CC). We plotted odds ratios (OR, #lled circles) and 95% con#dence intervals 
(CI). PGS were normalized by Z-score standardization. Simulated: Mean results from 10,000 simulated PGS. p%resh., 
the top-associated p-value threshold used for calculating the PGS. Colors indicate signi#cance: n.s., not signi#cant; 
Nominal, p<0.05; Bonferroni, signi#cant a$er Bonferroni correction for multiple testing (,=0.05/60=0.00083). 
A-D show four di!erent comparisons between family members and BD cases or controls (see headings).
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When comparing family members su!ering 
from unipolar depression to controls, the BD 
(pPGS=0.1: OR=3.41, one-sided p=1.0&10-7) 
and MDD PGS were signi#cantly increased, 
while SCZ and Shared PGS were nominally 
higher (Figure 14B). Note that the genetic 
correlation between MDD and SCZ is higher 
than between BD and SCZ (PGC-CDG et al., 
2019). 
Next, we compared familial BD cases to BD 
cases recruited from consecutive clinical ad-
missions. Some of the latter BD cases may 
also belong to cryptic BD multiplex families, 
but were not ascertained as such. "e familial 
BD cases showed signi#cantly higher BD 
PGS than the sporadic BD cases (pPGS=0.2: 
OR=1.98, one-sided p=7.2&10-6, Figure 14C). 
"ere was no support for an increase of any 
other PGS in this comparison. 
We also analyzed healthy family members 
relative to the population-based controls and 
observed signi#cantly higher BD (pPGS=0.2: 
OR=2.81, one-sided p=9.3&10-9) and SCZ 
PGS for the family members (Figure 14D). 
"e MDD and Shared PGS were nominally 
signi#cant. No previously published family-
based BD study had conducted a similar 
comparison. 
Subsequently, we analyzed whether family 
members diagnosed with BD had higher psy-
chiatric disorder PGS than una!ected family 
members. We observed signi#cantly in-
creased BD and BD-MDD GWIS PGS in BD 
patients, with the Shared and BD-SCZ PGS 
being nominally signi#cant (Figure 15A). 
Two previous studies found only a nominally 
signi#cant increase of BD PGS in di!erent 
cohorts of a!ected vs. una!ected multiplex 
family members (de Jong et al., 2018; Szatkie-
wicz et al., 2019).  
By contrast to the #ndings for BD patients, 
none of the PGS associations were signi#cant 
a$er correction for multiple testing when an-
alyzing family members with unipolar MDD 
(Figure 15B). Given the lower number of 
MDD cases in the ABiF families, the statisti-
cal power of MDD-based analyses was con-
siderably lower than for BD. "e increased 

BD PGS in familial MDD cases may indicate 
that, in some cases, the current MDD diag-
nosis constituted a prodromal stage of BD 
(Berk et al., 2007). Given the proposed sever-
ity continuum of a!ective psychiatric disor-
ders, MDD may possibly be more strongly 
driven by BD risk variants in the ABiF fami-
lies than in typical MDD cases from the gen-
eral population. 
We assessed whether assortative mating 
might have contributed to the high polygenic 
risk scores for BD in the ABiF families. In-
deed, the una!ected married-in individuals 
had higher BD PGS than population-based 
controls (p=6.5&10-5), but showed a similar 
risk load as other healthy family members 
(Figure 15C). Nevertheless, neither did the 
BD PGS increase signi#cantly over genera-
tions nor did the age at onset decrease (Fig-
ure 15D). "us, we did not observe support 
for anticipation. De Jong et al. made opposite 
observations in their multiplex families, i.e., 
they reported anticipation but no evidence 
for assortative mating (de Jong et al., 2018). 
"at none of the married-in family members 
was diagnosed with BD does not argue 
against assortative mating. Undiagnosed in-
dividuals with high BD PGS may still display 
sub-threshold characteristics of BD, e.g., a 
broader range of emotions or creativity 
(Power et al., 2015). Assortative mating may 
have also occurred and led to an enrichment 
of risk variants already during previous gen-
erations. Assortative mating may then rather 
contribute to maintaining the high risk load 
than increasing it further, which would be 
observable as anticipation. 
In this study, we strove to improve our under-
standing of the genetic risk landscape of psy-
chiatric disorders by analyzing genetic risk in 
BD multiplex families. Our results indicate 
that a psychiatric cross-disorder risk burden 
increased the overall liability for a!ective dis-
orders in the ABiF multiplex families, while 
speci#cally BD-associated genetic variants 
shaped the outcome towards BD and thus 
contributed to its high incidence.
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Figure 15: Analysis of polygenic risk scores within families. 
A-B show one-sided p-values (hypothesis: a!ected family members (FAM) have higher PGS than una!ected ones). 
OR,  odds ratio (#lled circles); CI, con#dence interval. p%resh., top-associated  p-value threshold. Signi#cance: n.s., 
not signi#cant; Nominal, p<0.05; Bonferroni, signi#cant a$er Bonferroni correction for multiple testing.  
C-D: n, sample size. C: Analysis of assortative mating for the BD PGS comparing una!ected, married-in individ-
uals with no parent among the ABiF families to other study groups. Married-in family members had signi#cantly 
higher BD PGS than population-based controls (p=6.5&10-5), but not compared to other una!ected family mem-
bers (p*0.167). D: Analysis of anticipation, the BD PGS did not increase across generations (p=0.45). 
 
Here, we did not di!erentiate between BD 
subtypes. Both BD-I and -II patients experi-
ence depressive episodes. Yet while a hypo-
manic episode is su'cient for a BD-II diag-
nosis, BD-I patients also experience at least 
one manic episode, o$en with psychotic 
symptoms,. "is clinical variation is partly 
driven by genetic di!erences: BD-I patients 
show higher SCZ PGS than BD-II, while BD-
II cases have higher MDD PGS (Stahl et al., 
2019). Together with clinical #ndings, this re-
sult indicates that a severity spectrum of psy-
chiatric disorders exists (MDD < BD-II < 
BD-I < SCZ). "us, we analyzed whether a 
correlation between genetic risk for psychiat-
ric disorders and disease severity exists in the 

ABiF study (Guzman-Parra et al., 2021). In-
deed, BD-I patients su!ered from more se-
vere symptoms during manic and more fre-
quently showed incapacity in depressive epi-
sodes. Compared to BD-II, BD-I cases also 
had lower MDD PGS, arguing against a sim-
plistic genetic severity continuum. Further-
more, a higher BD PGS was signi#cantly as-
sociated with suicidal ideation in ABiF BD 
patients. Disorder-speci#c risk load (MDD 
vs. SCZ) may thus shape disorder presenta-
tion and subtype development even in fami-
lies. "e relative BD risk load may in%uence 
BD severity and thereby aggravate symp-
toms, supporting a BD severity continuum.
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Genetic Factors In!uencing a Neurobiological Substrate for Psychiatric Dis-
orders 
Andlauer TFM, Mühleisen T, …, Müller-Myhsok B, Cichon S (2021): Genetic factors in"uencing a neurobiological substrate for psychi-
atric disorders. Translational Psychiatry, 11(1):192 
 
Further studies relevant for this section: 
 

Lee PH, Anttila V, Won H, Feng YA, Rosenthal J, Zhu Z, …, Andlauer TFM, …, Geschwind DH, Neale BM, Kendler, KS, Smoller JW (2019): 
Genomic Relationships, Novel Loci, and Pleiotropic Mechanisms across Eight Psychiatric Disorders. Cell 179(7):P1469-1482.e11 
 

Andlauer TFM, Müller-Myhsok B, Ripke S (2018): Statistical genetics: Genome-wide studies. In: Psychiatric Genetics – A Primer for 
Clinical and Basic Scientists. Edts: T. Schulze and F. McMahon; Oxford University Press, doi:10.1093/med/9780190221973.003.0004 
 
Patients su!ering from CNS disorders show 
di!erences compared to healthy controls in 
CNS structural and functional magnetic res-
onance imaging (MRI) (Erp et al., 2018; Hi-
bar et al., 2018; Schmaal et al., 2016). Genetic 
risk factors for the disorders might contrib-
ute to such observable di!erences in brain 
function and atrophy.  
While most MS genetic risk loci indicate a 
molecular etiology of the disorder predomi-
nantly in the peripheral immune system, out-
side the CNS (IMSGC, 2019a), almost all ge-
netic risk variants for psychiatric disorders 
can be linked to brain-speci#c functions, e.g., 
in neuronal development and di!erentiation 
or synaptic function and plasticity (PGC-
SCZ, 2014; Stahl et al., 2019; Wray et al., 
2018). 
If a symptomatic severity continuum were to 
exist between psychiatric disorders and since 
the same genetic risk loci confer risk to sev-
eral di!erent psychiatric disorders, structural 
and functional brain-level alterations are ex-
pected to partly overlap across disorders. 
Goodkind and colleagues conducted a meta-
analysis on 193 case/control voxel-based 
morphometry (VBM) structural MRI studies 
including N=7,381 psychiatric patients from 
six diagnostic groups (SCZ, BD, MDD, ad-
diction, obsessive-compulsive disorder, and 
anxiety) and N=8,511 healthy controls 
(Goodkind et al., 2015). "e study described 
gray matter atrophy across a!ective and psy-
chotic diagnoses in the le$ and right anterior 
insular cortices (AIC) and the dorsal anterior 
cingulate cortex (dACC, Figure 16).  

"e authors described gray matter loss in 
these three functionally connected regions as 
a common neurobiological substrate for psy-
chiatric disorders. Follow-up analyses con-
#rmed that the three regions represent the 
hub nodes of the salience network.  
"e salience network is a major functional 
brain network implicated in psychiatric dis-
orders (Menon, 2015; Uddin, 2014). It is es-
sential for evaluating behaviorally relevant 
signals, focusing attention, and executing 
goal-directed behaviors.  
It is unclear whether gray matter loss in the 
salience network precedes (and thus consti-
tutes a risk factor for) or is a consequence of 
psychiatric disorders (Seeley et al., 2009; 
Tozzi et al., 2020). Furthermore, the ob-
served atrophy might also be a consequence 
of accelerated brain aging in psychiatric pa-
tients (Koutsouleris et al., 2014).  
"erefore, we conducted a population-based 
GWAS of the combined regional common 
substrate volume proposed by Goodkind et 
al. to assess whether genetic risk factors 
might predispose to common substrate-spe-
ci#c gray matter atrophy. To this end, we ex-
tracted the common substrate from #ve pop-
ulation-based cohorts and combined all three 
regions by PCA (Figure 16). We termed the 
#rst principal component the Component of 
the Common Substrate (CCS). 
We used N=2,271 individuals from four co-
horts in the discovery-stage GWAS and fur-
ther N=865 from one cohort for replication. 
All MRI data were processed using the same 
protocols. 
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Figure 16: Calcula-
tion of the CCS and 
GWAS work$ow. 
A: "e three regions form-
ing the common neurobi-
ological substrate of men-
tal illness mapping to the 
le$ (magenta) and right 
(blue) anterior insular 
cortex (AIC) and the dor-
sal anterior cingulate cor-
tex (dACC; green). 
B: "e #rst PCA compo-
nent of the common sub-
strate (CCS; x-axis) com-
pared to the three regional 
volumes. For the calcula-
tion of the CCS, the vol-
umes were corrected for 
age, age2, and sex; handed-
ness was used for three of 
the #ve GWAS cohorts.  
Correlations: le$ and right 
AIC: r=0.65; le$ AIC and 
dACC: r=0.52; right AIC 
and dACC: r=0.46.  
C: GWAS work%ow. 

 
"e #ve cohorts were imputed to the 1000 
Genomes Phase I reference panel in batches 
by genotyping microarray type. 
"e CCS explained 66.5% of the variance of 
the three common substrate regional vol-
umes, which reduced to 55.4% a$er correc-
tion for the covariates age, age2, and sex (plus 
handedness in three of the cohorts). "e 
SNP-based heritability of the CCS, calculated 
using GCTA, was estimated at h2g=0.50. "is 
#nding demonstrates that genetic factors 
play a signi#cant role in shaping the common 
substrate volumes in unscreened individuals 
from the general population. 
We conducted GWAS to identify speci#c ge-
netic loci associated with a smaller CCS. One 
locus on chromosome 5 was signi#cantly as-
sociated with the CCS in the four discovery 
cohorts (Figure 17). Among the twelve highly 
correlated, signi#cantly associated variants, 
rs17076061 replicated (Figure 17; 
MAF=0.36; discovery: p=1.51&10-8; replica-
tion: one-sided p=9.91&10-3; meta-analysis: 
p=1.46&10-9). "e support for an association 

of this variant with the three individual com-
mon substrate regional volumes and the total 
gray matter volume was lower than for the 
CCS (pooled dataset; le$ AIC: p=7.00&10-8; 
right AIC: p=2.63&10-6; dACC: p=1.77&10-3; 
total gray matter: p=1.85&10-4). 
Several predicted, uncharacterized long in-
tergenic non-coding RNAs and two protein-
coding genes, BOD1 and STC2, map to the 
identi#ed locus (Figure 17C). "e SNP 
rs17076061 is signi#cantly associated with 
the expression of STC2 in pancreatic tissue 
(p=3.6&10-8) and, possibly, in the anterior 
cingulate cortex (p=0.06). "e gene STC2 
codes for a secreted glycoprotein putatively 
acting in an auto- or paracrine manner. It 
might have a neuroprotective function (Byun 
et al., 2010). BOD1 might be relevant for psy-
chiatric disorders (Esmaeeli-Nieh et al., 2016; 
Kim et al., 2014). 
In two independent gene-set analyses, the 
pathway “SEMA3A-Plexin repulsion signal-
ing by inhibiting Integrin adhesion” was ro-
bustly associated with the CCS. 
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Figure 17: CCS 
GWAS results. 
A: Manhattan plot of 
the discovery-stage 
GWAS. "e red line 
indicates signi#cance. 
B: Pairwise LD (1000 
Genomes population 
CEU) between the 12 
signi#cant variants. C: 
Regional association 
plot of the GWAS 
meta-analysis. D: For-
est plot for the SNP 
rs17076061 (T).  
PDisc., discovery-stage 
p-value; pRepl.(1s), repli-
cation-stage one-
sided p-value; Mbp, 
mega base pair; cM, 
centiMorgan. D.P., 

pooled discovery cohorts; Repl., replication cohort; Pool., pooled analysis of discovery and replication cohorts. 
 
SEMA3A codes for Semaphorin-3A, a chem-
orepellent receptor that mediates axon guid-
ance and acts as a chemoattractant for den-
drite growth. Plexins are its signal-transduc-
ing subunits. Semaphorin-3A and Plexin-A2 
are associated with psychiatric disorders like 
SCZ and their synaptic pathology (Eastwood 
et al., 2003; Wray et al., 2007). Semaphorin-
3A is expressed in MS lesions (Costa et al., 
2015) and may contribute to neurodegenera-
tion in Alzheimer’s disease (Good et al., 
2004) and neuronal regeneration a$er brain 
trauma (Mecollari et al., 2014). 
Next, we examined whether genetic variants 
associated with the CCS might directly con-
fer risk for psychiatric disorders. To this end, 
we #rst looked up the association of 
rs17076061 with psychiatric disorders in 
published GWAS. "e SNP was not associ-
ated with MDD, BD, or SCZ (PGC-SCZ, 
2014; Stahl et al., 2019; Wray et al., 2018) but 
showed very weak support for an association 
in a psychiatric cross-disorder GWAS 
(OR=1.035, one-sided p=0.048 (PGC-CDG 
et al., 2019)). 
Next, we extended these analyses to the ge-
nome-wide level (Franke et al., 2016). Using 
LD score regression, we found no evidence 

for a genetic correlation between the CCS 
GWAS and the four psychiatric GWAS 
(p*0.08). Similarly, rank-rank hypergeomet-
ric overlap tests showed no signi#cant over-
lap of SNPs ranked by their association 
strength between the studies (p*0.06; Figure 
18). In binomial sign tests, CCS-associated 
variants did not show the opposite e!ect di-
rection in the psychiatric disorder GWAS 
more o$en than expected by chance 
(p*0.50). We also calculated PGS using the 
four psychiatric GWAS as training data. 
None of them were signi#cantly associated 
with the CCS a$er correction for multiple 
testing (p*0.05).  
Finally, we generated PGS with the CCS 
GWAS as the training data in psychiatric 
case/control cohorts. We analyzed three co-
horts, BiDirect (n=582 MDD patients; n=311 
healthy controls), MPIP (n=385 MDD pa-
tients; n=197 healthy controls), and 
FOR2107 (n=769 MDD, n=127 BD, n=72 
SCZ, and n=43 schizoa!ective (SZA) pa-
tients; n=867 healthy controls). A$er correc-
tion for multiple testing, the CCS PGS was 
not signi#cantly lower in any case-control 
comparison (unadjusted p*0.02). 
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Figure 18: Rank-rank hypergeo-
metric overlap maps. 
Comparison of CCS-associated and psy-
chiatric disorder GWAS-associated vari-
ants. We analyzed whether the order of 
genetic variants ranked by their associa-
tion strength was random between stud-
ies using rank-rank hypergeometric over-
lap (RRHO) tests. For this analysis, vari-
ants were LD-pruned using the 1000 Ge-
nomes phase 3 EUR subset. 
"e respective RRHO overlaps with the 
CCS were:  
A: Psych. cross-disorder: 0.29 (p=0.53) 
B: Bipolar disorder: 0.21 (p=0.06) 
C: Major depression: 0.04 (p=0.18) 
D: Schizophrenia: 0.02 (p=0.15) 
 
 
 
 

Given these negative results, we used the 
same case/control cohorts to assess whether 
the CCS, an arti#cial construct derived from 
Goodkind’s meta-analysis, is smaller in psy-
chiatric patients. We observed striking di!er-
ences, with the CCS being signi#cantly 
smaller in a meta-analysis of our three MDD 
cohorts (p=1.3&10-7; Figure 19A). Moreover, 
the median CCS showed a stepwise decrease 
along the a!ective-psychosis axis in the 
transdiagnostic FOR2107 cohort (Figure 19; 
MDD: p=3.9&10-3; BD: p=2.8&10-5; SZA: 
p=2.6&10-8; SCZ: p=6.6&10-10), clearly repli-
cating the existence of a common neurobio-
logical substrate of psychiatric disorders. 
Nevertheless, we found no genetic overlap 
between the CCS and psychiatric disorders. 
Several reasons may clarify this negative re-
sult. SNP rs17076061 explained only a small 
fraction of the CCS variance (R2=1.2%). 
Moreover, diagnostic status explained only a 
small share of the CCS variance in our anal-
yses (MDD: R2=1.0%; SCZ: R2=4.2%). Simi-
larly, individual genetic variants explain only 
a small part of the observed disorder preva-
lence. We thus should expect any psychiatric 
risk mediated by this SNP to be very low.  
Also the genome-wide comparisons have in-
herent problems: If only some variants were 

associated with both brain volume and disor-
der risk or if di!erent loci exhibited mixed ef-
fect directions, genome-wide methods would 
likely fail to identify the overlap. Further-
more, none of the genome-wide methods 
used by us could adequately account for 
gene-by-gene or gene-by-environment ef-
fects. In particular gene-by-environment ef-
fects likely in%uence brain atrophy in the 
context of psychiatric disorders, which might 
have contributed to our negative results. Also 
environmental factors not documented in 
our datasets might have led to a decrease of 
common substrate regional volumes. For ex-
ample, salience network dysfunction and 
cortical gray matter loss have been docu-
mented in individuals who have experienced 
childhood maltreatment (Harmelen et al., 
2010; Tozzi et al., 2020; Werff et al., 2013). 
Interestingly, other studies also found only 
either a weak or no signi#cant relationship 
between the genetic architecture of MDD 
and SCZ and regional brain volumes (Franke 
et al., 2016; Reus et al., 2017; Satizabal et al., 
2019; Smeland et al., 2017; Wigmore et al., 
2017). So far, a robust correlation was merely 
identi#ed between the brainstem volume and 
ADHD but not for SCZ or BD (Satizabal et 
al., 2019). 
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Figure 19: Analysis of the CCS in psychiatric case/control cohorts. 
A: We observed a signi!cantly smaller CCS in psychiatric patients than healthy controls in three di"erent psychi-
atric case/control samples. B: #e CCS across di"erent diagnostic groups in the FOR2107 cohort.  
Abbreviations: BD NOS, not otherwise speci!ed BD; SZA, schizoa"ective disorder; SCZ, schizophrenia. 
 
Given this failure by us and others to robustly 
link genetic variants in$uencing brain vol-
umes to psychiatric risk leaves three possibil-
ities: First, given the complex and polygenic 
architecture of the studied traits and disor-
ders, all studies were underpowered to detect 
the small e"ects. Second, gray matter atrophy 
is predominantly a consequence of psychiat-
ric disorders and not a risk factor. #ird, the 
connection between both is indirect: Smaller 
brain volumes, e.g., in hub regions of the sa-
lience network, decrease the robustness of 
brain networks, moving them closer to the 
boundaries of their normal functional range. 
In combination with other genetic and, espe-
cially, environmental risk factors, this vulner-
ability may increase the risk of developing a 
psychiatric disorder. High-powered longitu-
dinal studies in well-characterized cohorts 
would be required to examine these options 
further. Also functional studies might be nec-
essary to uncover a link to disorder risk (Liu 
et al., 2021). In the absence of such studies, 
we hypothesized that smaller common sub-
strate regions might be a consequence of ac-
celerated aging in psychiatric patients. If ge-
netic variants in$uencing the CCS do not di-
rectly confer risk to psychiatric disorders, 
they might instead contribute to aging-

related processes relevant for psychiatric dis-
orders (Han et al., 2020). To examine this hy-
pothesis, we compared our CCS GWAS re-
sults with GWAS summary statistics for epi-
genetic accelerated aging (Lu et al., 2017) and 
longevity (Deelen et al., 2014),  using the bat-
tery of comparisons applied previously in the 
comparison to psychiatric comparisons. Af-
ter correction for multiple testing, neither an 
analysis of SNP rs17076061 nor any genome-
wide tests supported a signi!cant overlap. 
#e salience network is particularly involved 
in accelerated cognitive decline during aging 
(Corte et al., 2016). #erefore, we !nally ex-
amined a proxy of salience network dysfunc-
tion. #is network exhibits neurodegenera-
tion in behavioral frontotemporal dementia 
(bvFTD) (Seeley et al., 2009), a disorder lead-
ing to severe executive disturbances and per-
sonality changes. However, we found no sig-
ni!cant genetic overlap between the CCS and 
a bvFTD GWAS (Ferrari et al., 2014).  
Triple interaction analyses between genetic 
variants, disease status, and the CCS in large 
case/control cohorts would be required to re-
liably examine the relationship between ge-
netic variants associated with the CCS and 
accelerated aging in the salience network 
hubs in the context of psychiatric disorders.  
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Discussion and outlook 
Extraordinary progress has been made in 
characterizing the genetic risk landscape of 
various disorders a!ecting the CNS, includ-
ing MS, dyslexia, MDD, BD, and SCZ 
(Andlauer et al., 2016, 2019; Arloth et al., 
2020; Dankowski et al., 2015; Gialluisi et al., 
2019, 2020; IMSGC, 2019a; Kendall et al., 
2021; Kular et al., 2018; Levey et al., 2020; 
Mullins et al., 2020; PGC-CDG et al., 2019; 
PGC-SCZ et al., 2020; Wray et al., 2018).  
"ese studies also demonstrated the utility of 
polygenic scores (PGS). "e development of 
PGS holds the promise that risk predictions 
may eventually become feasible even for 
complex disorders (Andlauer and Nöthen, 
2020; Khera et al., 2018; Muse et al., 2017). 
Next to predicting disorder risk, PGS can also 
be employed to predict treatment e'cacy 
and thus guide personalized therapy. For ex-
ample, we have applied PGS to predict pa-
tients' risk of developing neutralizing anti-
drug antibodies, an important treatment 
complication (Andlauer et al., 2020). 
However, PGS are not only a promising in-
strument for risk strati#cation but also a 
powerful research tool. During the last years, 
we have used PGS to characterize the psychi-
atric risk burden of BD and MDD cases in 
multiplex families (Andlauer et al., 2019), as-
sessed how genetic variants in%uence psychi-
atric symptoms like suicidal ideation (Guz-
man-Parra et al., 2021), and examined 
whether genetic risk for psychiatric disorders 
correlates with a transdiagnostic CNS imag-
ing marker (Andlauer et al., 2021). 
PGS could be highly useful in characterizing 
known and latent disease subtypes and sup-
port the identi#cation of more homogenous 
patient subgroups. Such applications of PGS 
can increase our understanding of disease 
etiology and support targeting therapies to 
the optimal patient groups. We have recently 
applied unsupervised clustering of various 
baseline variables to identify #ve psychiatric 
patient groups clustered by symptom severity 
across traditional diagnostic boundaries and 

characterized them using PGS (Pelin et al., 
2021). "e age at disease onset (AAO) may 
also delineate patients su!ering from more 
severe disorder subtypes (Hagenaars et al., 
2020; Kalman et al., 2018; Power et al., 2017). 
We have characterized the AAO in 12,977 BD 
patients and found it to be signi#cantly lower 
in BD patients with high polygenic scores for 
autism spectrum disorder ((=-0.34 years, 
SE=0.08), MDD ((=-0.34 years, SE=0.08), 
SCZ ((=-0.39 years, SE=0.08), and educa-
tional attainment ((=-0.31 years, SE=0.08), 
but not BD (Kalman et al., 2021). "is #nding 
supports the hypothesis that BD patients 
with a younger AAO show a characteristic 
genetic risk #ngerprint. 
Despite all progress in understanding the ge-
netic risk landscape of complex disorders, it 
is currently unclear whether patients su!er-
ing from these disorders will directly bene#t 
from this improved knowledge in the short 
term. Here, the #rst challenge is to translate 
correlated genetic risk variants into function-
ally relevant information on causal disease 
pathways and mechanisms.  
Di!erent approaches have been developed to 
make such connections, many integrating 
GWAS #ndings with eQTL and other omics 
data (Jacobs et al., 2020; PGC SCZ et al., 
2020). We applied some of these innovative 
methods to functionally annotate GWAS re-
sults. For example, we used causal mediation 
analyses on expression and methylation data 
to map MS-associated variants to genes 
(Andlauer et al., 2016). Subsequently, we 
used a deep learning-based framework to 
identify functionally relevant units associ-
ated with MS, i.e., SNPs in the context of spe-
ci#c regulatory chromatin motifs, cell types, 
and treatments (Arloth et al., 2020).  
In a recent, still unpublished study, we con-
ducted a GWAS on circulating levels of the 
protein ,-Klotho (Ellidag et al., 2016) and 
linked genetically-mediated changes in 
Klotho levels to Crohn’s disease using Men-
delian randomization (Gergei et al., 
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submitted for publication). Note that Mende-
lian randomization and colocalization are 
highly useful methods for integrating genetic 
with tissue-speci#c gene expression and pro-
teomics data (Zheng et al., 2020). 
Moreover, multifactorial disorders are 
shaped by an intricate interplay of genetic 
and environmental in%uences. Analyzing ge-
netics alone will not be su'cient to unravel 
the etiology of complex disorders in full. 
"erefore, future studies will also have to ad-
dress how putative environmental risk fac-
tors, e.g., low sunlight exposure and vitamin 
D levels in the case of MS (Olsson et al., 2016; 
Ostkamp et al., 2021), interact with genetic 
risk factors. Likely, the integration of envi-
ronmental with genetic variation involves ep-
igenetic mechanisms like DNA methylation 
(Andlauer et al., 2016; Kular et al., 2018). 
Another challenge is that an understanding 
of the molecular risk factors for a disorder 
does not directly lead to the development of 
improved treatments: Patients su!er from the 
clinical manifestations and symptoms 
emerging a$er the underlying disorders have 
developed. However, genetic risk factors con-
tributing to the development of a disease do 
not necessarily shape these symptoms. 
For example, MS likely develops primarily in 
the peripheral immune system, involving, 
among others, genes regulating lymphocyte 
di!erentiation (IMSGC et al., 2011). Subse-
quently, in%ammation causes demyelination 
and neurodegeneration in the CNS, the ex-
tent of which shapes disease severity. Addi-
tional pathways not involving MS risk factors 
may contribute to these processes. For exam-
ple, the permeability of the blood-brain bar-
rier may in%uence disease severity, as indi-
cated by successful drugs like natalizumab or 
#ngolimod. Moreover, processes regulating 
myelin repair and neuron survival a!ect MS 
disease severity and progression (Dutta and 
Trapp, 2011; Lubetzki et al., 2020).  
"ese processes are presumably also a!ected 
by genetic variants that are not associated 
with MS susceptibility. It will thus likely be 
necessary to study genetic factors in%uencing 

the clinical progression and disability of CNS 
disorders to identify new treatment options. 
To this end, we started international e!orts to 
discover genetic variants associated with MS 
disease severity (e.g., using the MS severity 
score MSSS), the frequency of MS relapses 
(Vandebergh et al., 2021), MRI parameters 
like white-matter lesion volume (Mühlau et 
al., 2016), and severe symptoms like suicidal 
ideation in BD patients. We have also charac-
terized the genetics of other disease-associ-
ated traits like immunoglobulin antibody 
levels produced in the brain, which is an im-
munological hallmark of MS (Gasperi et al., 
2020). Over the next years, such projects will 
hopefully improve our knowledge on how ge-
netic factors in%uence the disease course. 
Furthermore, many complex disorders con-
stitute heterogeneous syndromic concepts, 
de#ned by symptoms rather than objectively 
quanti#able biomarkers. "us, it is necessary 
to conduct both transdiagnostic studies 
searching for genetic factors commonly un-
derlying related disorders (Andlauer et al., 
2021; PGC-CDG et al., 2019) and to cluster 
heterogeneous disorders into subtypes with 
possibly more homogeneous molecular etiol-
ogies (Pelin et al., 2021). For example, de-
pression is a symptom-based construct con-
sisting of di!erent subtypes with likely di!er-
ent molecular pathomechanisms (Schwabe et 
al., 2019). Studying these subtypes together 
reduces statistical power.  
Moreover, the generation of ever-larger 
GWAS dataset comes at a price: Instead of fo-
cusing on homogeneous subtypes, we inte-
grate heterogeneous datasets based on shal-
low phenotypic data, including diagnostic 
codes from electronic health records (EHR) 
and self-reports from direct-to-consumer 
testing companies (Cai et al., 2020; Kendall et 
al., 2021; Levey et al., 2020; Wray et al., 2018). 
Data assessed using di!erent phenotype def-
initions (e.g., structured interviews, ICD 
codes, or self-reports) does not necessarily 
re%ect the same, clearly circumscribed dis-
ease entity (Cai et al., 2020). Accordingly, un-
certainties in disease-related phenotypes and 
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cross-country di!erences in health systems 
may impede large, multicentric studies. In a 
recent study (Kalman et al., 2021), we found 
that when combining the age at disease onset 
of BD patients across continents or pheno-
typic de#nitions (e.g., assessed using struc-
tured interviews or de#ned by subjective im-
pairment), the estimated heritability ap-
proached zero. Given that the heritability is 
the proportion of the phenotypic variance 
explained by genetic variance, the heritability 
decreases when the phenotypic variance in-
creases (Fischbach and Niggeschmidt, 2019). 
Lack of internationally standardized pheno-
type de#nitions thus impairs the chances of 
successful genetic discoveries for severity-as-
sociated phenotypes in ever-larger studies. 
However, large biobanks and EHR datasets 
can also be employed to apply machine learn-
ing methods for the identi#cation of stable 
patient groups that exhibit similar disease 
characteristics or treatment responses (Paul 
et al., 2019). Accordingly, the analysis of 
EHRs holds great promise for identifying risk 
factors for disease (Hapfelmeier et al., 2019). 
Further heterogeneity is caused by psychiat-
ric diagnoses having di!use boundaries. Pos-
sibly, subtypes of related but distinct diagno-
ses might overlap in their molecular etiology 
(Andlauer et al., 2019; Coleman et al., 2019; 
PGC-CDG et al., 2019). For example, BD 
type II is genetically more closely correlated 
to depression than type-I BD is (Guzman-
Parra et al., 2021; Stahl et al., 2019). 
About 8-9% of unipolar depression patients 
convert to a bipolar diagnosis later in life, 
with a BD family history being the most im-
portant predictor of a conversion (Musliner 
and Østergaard, 2018). Such diagnostic un-
certainties hamper the optimal and timely 
treatment of patients. Most psychiatric treat-
ments have been discovered by serendipity, 
and their molecular mode of action is o$en 
still unclear. For example, lithium is a well-
established mood stabilizer used in BD, but it 
shows no or only a partial e!ect for 60% of 
patients (Hou et al., 2016). "e reasons for 
this variance in response are unclear, but 

genetic factors likely play an important role. 
In the future, genetic studies will help to 
identify patients showing di!erential disease 
courses and treatment responses and will 
drive the characterization of molecular fac-
tors responsible for these di!erences. 
Here, animal models will also remain essen-
tial. "e #rst identi#ed MDD risk gene codes 
for the presynaptic active zone sca!olding 
protein Piccolo (Sullivan et al., 2009; Wray et 
al., 2018). We have studied Piccolo’s role in 
synaptic plasticity in mouse models (Waites 
et al., 2011). Notably, even super#cially sim-
ple-appearing model systems like D. melano-
gaster are very well suited for characterizing 
the fundamental function of synaptic pro-
teins in learning and memory (Andlauer and 
Sigrist, 2012; Andlauer et al., 2014; Christi-
ansen et al., 2011; Fulterer et al., 2018). 
Although modeling psychiatric and neuro-
logical disorders in animal models is chal-
lenging, useful mouse models have been gen-
erated for studying MS (Ben-Nun et al., 2014; 
Glatigny and Bettelli, 2018). We have shown 
that such models can be used to analyze hu-
man genetic MS risk factors and, presumably, 
their interactions with the environment (Fa-
ber et al., 2020). Animal and in vitro models 
like induced pluripotent stem cells will re-
main crucial for assessing the safety of drug 
candidates. Future drug development pipe-
lines will have to #rmly incorporate genomic 
data not only to prioritize drug targets but 
also to identify patients likely to pro#t from a 
speci#c therapy or at risk for side e!ects and 
treatment failure (Andlauer et al., 2020). 
Currently, one of the biggest unaddressed is-
sues for both e'cient disorder risk models 
and the identi#cation of safer drug targets is 
the insu'cient inclusion of non-European 
ethnicities in genetic studies (Martin et al., 
2019; Wojcik et al., 2019). When including 
more diverse ancestries, harnessing massive 
datasets while harmonizing phenotype de#-
nitions, and applying the rapidly improving 
advanced statistical methods, the next wave 
of genetic discoveries may #nally deliver a 
noticeable bene#t to patients worldwide. 
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Es ist uns aufgetragen, am Werke zu arbeiten,  
aber es ist uns nicht gegeben, es zu vollenden. 

 

Lion Feuchtwanger, Die Geschwister Oppermann (Talmud) 
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We conducted a genome-wide association study (GWAS) on multiple sclerosis (MS) susceptibility in German cohorts
with 4888 cases and 10,395 controls. In addition to associations within the major histocompatibility complex (MHC)
region, 15 non-MHC loci reached genome-wide significance. Four of these loci are novel MS susceptibility loci. They
map to the genes L3MBTL3, MAZ, ERG, and SHMT1. The lead variant at SHMT1 was replicated in an independent
Sardinian cohort. Products of the genes L3MBTL3, MAZ, and ERG play important roles in immune cell regulation.
SHMT1 encodes a serine hydroxymethyltransferase catalyzing the transfer of a carbon unit to the folate cycle.
This reaction is required for regulation of methylation homeostasis, which is important for establishment and
maintenance of epigenetic signatures. Our GWAS approach in a defined population with limited genetic substructure
detected associations not found in larger, more heterogeneous cohorts, thus providing new clues regarding MS
pathogenesis.

INTRODUCTION

Multiple sclerosis (MS) is an autoimmune disease of the central ner-
vous system. Human leukocyte antigen (HLA) alleles, located within
the major histocompatibility complex (MHC) region, have been iden-
tified as major genetic determinants for the disease (1, 2). In addition,
more than 100 non-MHC MS susceptibility variants have been de-
scribed (3, 4). Many of the genes carrying known susceptibility variants
are involved in the regulation of either immune cell differentiation or
signaling (4–8). However, because the heritability of MS is limited (9),
environmental contributions to disease etiology are also important
(10). Environmental influences can alter gene expression via epigenetic
mechanisms (11). Epigenetic alterations, such as DNA methylation or
histone modifications, have been observed in tissues and cells of MS
patients (8, 12–14). Nevertheless, the impact of epigenetic regulation
in MS is not yet understood.The known genetic variants outside the
MHC region have predominantly been established in large international
collaborative studies. To achieve large sample sizes with the power to
detect associations, these studies have combined sample sets from
diverse ethnic populations (4–6). So far, the variants affecting MS
susceptibility identified in these studies account for only 25% of disease
heritability under an additive model of heritability (3), warranting for
additional studies to fully unravel the genetic contribution to disease
susceptibility. In contrast to the previously investigated large interna-

tional cohorts, we have strived to examine the genetic contribution to
MS susceptibility in a more homogeneous population, focusing entirely
on German cases and controls. The genetic substructure among
Germans is low (15). We therefore expected to have sufficient power
to detect novel associations with moderate effect sizes in a data set
showing little population stratification. Using a total of 4888 cases
and 10,395 controls, we had 80% power to detect genome-wide signif-
icant associations with an odds ratio (OR) of 1.2 involving common
variants with a minor allele frequency (MAF) of 21%. For rare single-
nucleotide polymorphisms (SNPs) (MAF, 1%), the power surpassed
80% for an OR of 1.9.

RESULTS

Genome-wide association analyses
We recruited patients with either MS or clinically isolated syndrome
(CIS) from MS centers throughout Germany and combined them
with controls from several German population–based cohorts (Table 1).
After quality control (QC), the data set DE1 consisted of 3934 cases
and 8455 controls (control/case ratio, 2.15; table S1). We also compiled
a second data set, called DE2, based on an independent group of
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German cases previously used in the IMSGC/WTCCC2 (International
Multiple Sclerosis Genetics Consortium/Wellcome Trust Case Control
Consortium 2) MS study (Table 1) (5), and additional German controls,
mostly from population-based cohorts. The data set DE2 contained
954 cases and 1940 controls after QC (control/case ratio, 2.03; table S2).
We observed only moderate population substructure within these data
sets (figs. S1 and S2), confirming previous genetic analyses of the
German population (15).

Both data sets were imputed separately to the 1000 Genomes Phase
1 reference panel using SHAPEIT2 and IMPUTE2 (16–18). The re-
sulting data sets contained more than 8 million high-quality variants
with MAFs of at least 1% each. We separately conducted genome-wide
association studies (GWAS) on both data sets using sex and the first
eight multidimensional scaling (MDS) components of the genetic simi-
larity matrix (GSM) as covariates, to control for any remaining popu-
lation substructure. After assuring that the median genomic inflation
of the two GWAS was in the expected range (table S3), results were
combined using a fixed-effects pooled analysis. In this pooled analysis,
the genomic inflation l1000,1000 outside the extended MHC region was
1.017 (table S3) (19).

Associations within the MHC region
The variant showing the strongest association in the pooled analysis of
DE1 and DE2, rs3104373 [OR, 2.90; confidence interval (CI), 2.72 to
3.09; P = 1.3 ! 10!234], lies within the MHC region between the
genes HLA-DRB1 and HLA-DQA1. This SNP is in strong linkage dis-
equilibrium (LD) with the HLA allele DRB1*15:01 (r2 = 0.99) and thus
corresponds to the established major MS risk locus (1, 2). To confirm

this finding, we imputed classical HLA alleles from our genotyping data
(20). After QC, we obtained high-quality imputed alleles for a total of
3966 cases and 8329 controls from DE1 and DE2 (median accuracy,
96.1%; median call rate, 97.4%). Using stepwise conditional logistic
regression (1, 2, 5), seven HLA alleles (Table 2) reached genome-wide
significance (that is, P < 5 ! 10!8). As expected, the most significantly
associated allele was DRB1*15:01 (OR, 2.85; CI, 2.66 to 3.06; P = 1.0 !
10!191). All seven alleles have been described as associated with MS in
a recent detailed analysis of the MHC region (2).

Previous analyses of the MHC region have also identified associa-
tions between HLA alleles and age at onset of the disease, mainly with
DRB1*15:01 (2, 5). We confirmed this finding in a subset of patients
from our data set DE1. Age at onset was known for 1519 patients; for
1196 of them, imputed HLA alleles were available. Because the age at
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Table 1. Clinical characteristics of German MS cases. PPMS, primary
progressive MS (as opposed to bout-onset MS).

Cohort DE1 Cohort DE2

Number of cases 3934 954

Age [mean (range)] 39 (13–79) 40 (17–82)

Female [n (%)] 2723 (69.2) 695 (72.9)

Male [n (%)] 1211 (30.8) 259 (27.1)

PPMS [n (%)] 105 (2.7) 63 (6.6)
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onset was not normally distributed, rank-based inverse normal trans-
formation was applied. The HLA allele most strongly associated with
transformed age at onset was DRB1*15:01 (effect size, !0.21; P = 7.6 !
10!6). When conducting a genome-wide analysis of transformed age
at onset in all 1519 patients, no variant passed the threshold for
genome-wide significance (fig. S3, A and B). The most strongly asso-
ciated SNP was rs4959027 (effect size, !0.20; P = 1.5 ! 10!7; fig. S3,
C and D), which is in LD with DRB1*15:01 (r2 = 0.72). After condi-
tioning for DRB1*15:01 in the subset of cases with both age at onset
and imputed HLA alleles available, the P value of rs4959027 was in-
creased from 1.1 ! 10!6 to 4.8 ! 10!2. We conclude that our findings
for the MHC region are very well in line with previous studies and con-
centrated further analyses on associations with case/control status
outside this region.

Associations outside the MHC region
Variants at 15 loci outside the MHC region showed genome-wide sig-
nificance (Fig. 1, figs. S4 and S5, Table 3, and table S4). Ten of these
loci have already been established in previous large MS GWAS (3, 4, 6).
One more locus, DLEU1 (deleted in lymphocytic leukemia 1), was
only recently confirmed to be associated with MS in a candidate gene
study (21). The remaining four signals are thus novel candidates for
MS susceptibility loci. The lead variants at all 15 non-MHC loci showed
P < 5 ! 10!6 in DE1 and lower P < 5 ! 10!8 in the pooled analysis of
DE1 and DE2 and have thus replicated in DE2. We could not detect
any significant interaction among the 15 top non-MHC variants or
between them and SNP rs3104373 within the MHC region.

For validation of our findings, we compared our results to the largest
study on MS genetic susceptibility published to date (Fig. 2) (4). Of the
108 non-MHC variants showing genome-wide significant or suggestive
associations with MS in the published study, 104 variants were present
in our data and could be analyzed. All of them showed the same direction
of effect (P = 5 ! 10!32, binomial sign test; CI, 0.97 to 1.00), 84 with
nominal (P < 0.05) and 10 with genome-wide significance (P < 5 ! 10!8).
Fifty-eight of the variants had lower ORs and 35 had higher ORs in
our data than in the published data set (4). It was expected to observe
more signals with lower ORs than previously reported due to regression
toward the mean.

Table 2. Genome-wide significant HLA alleles. Alleles are in order of stepwise logistic regression. For each row, alleles from the rows above have
been used as covariates in the model. AF (allele frequency of controls in %) is calculated from a joint set of DE1 and DE2. ORs and P values are from
a fixed-effects pooled analysis of DE1 and DE2.

HLA allele AF OR (95% CI) P HLA alleles in LD (r2 > 0.9)

DRB1*15:01 14.8 2.85 (2.66–3.06) 1.03 ! 10!191 DQB1*06:02

A*02:01 28.6 0.68 (0.64–0.73) 3.68 ! 10!29

B*38:01 2.0 0.36 (0.27–0.49) 2.09 ! 10!11

DRB1*13:03 1.5 1.96 (1.60–2.40) 6.42 ! 10!11

DPB1*03:01 10.3 1.33 (1.22–1.46) 4.35 ! 10!10

DRB1*03:01 12.2 1.29 (1.18–1.40) 1.85 ! 10!8 DQA1*05:01, DQB1*02:01

DRB1*08:01 3.0 1.63 (1.39–1.91) 2.36 ! 10!9 DQA1*04:01, DQB1*04:02
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rs4925166 T 0.85 SHMT1

Fig. 1. Genome-wide representation of MS associations in the pooled
analysis of German data sets. Manhattan plot showing strength of ev-
idence for association (P value). Each variant is shown as a dot, with alternating
shades of blue according to chromosome. Green dots represent established
MS-associated variants and their proxies, as listed by Sawcer et al. (3) (except
for rs2812197, which was not covered by that review). Top variants at the
15 non-MHC loci associated at the genome-wide significance threshold in
our study are shown as diamonds. Novel variants showing genome-wide
significance are plotted as red diamonds; their names are shown in bold
font. Variants in high LD (r2 " 0.7) with these novel variants are shown as
red dots. Variants replicating in the Sardinian cohort are shown in red font.
MA, minor allele. The OR is relative to the MA. Gene names for known
loci are indicated as listed by Sawcer et al. (3). The plot is truncated at
!log10p = 16 for better visibility; all truncated variants map to the MHC
region. The lowest P value (rs3104373, *) was 1.3 ! 10!234.
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Next, we examined the four novel loci and DLEU1 not found at
genome-wide significance in a GWAS before in more detail. We in-
vestigated whether the five lead variants at these loci are significantly
associated with MS in our German cohort only or whether they rep-
licate in Sardinians, a genetically distinct population with low genetic
heterogeneity. This independent Sardinian cohort consisted of 2903 cases
(69.2% female, 1.2% PPMS) and 3323 controls (control/case ratio, 1.15)
(22–24). Two of the variants (rs2812197 and rs4925166) replicated with
P < 0.01 in the Sardinian data set; two more (rs34286592 and rs2836425)
showed the same direction of effect but did not reach nominal signif-
icance (Table 3, table S4, and fig. S6).

SHMT1 as a novel MS susceptibility gene
The association of rs4925166 constituted the strongest signal among
the novel variants. It showed an OR of 0.85 (CI, 0.81 to 0.90) and a
P value of 2.7 ! 10!9 in the pooled analysis of German data sets (Table 3).
This variant replicated in the Sardinian cohort with a joint P value of
7.4 ! 10!12 (fig. S6D). SNP rs4925166 is located on chromosome 17 in
an intron of the gene TOP3A, coding for the DNA topoisomerase IIIa.
However, strongly associated SNPs in this genomic region spread over
several neighboring genes (Fig. 3A). We therefore conducted an expres-
sion quantitative trait locus (eQTL) analysis using a subset of 242 pa-
tients from data set DE1 to functionally link variants to nearby genes.
We examined transcripts within a cis window of 1 million base pairs
upstream and downstream of the lead variant for an association of
blood gene expression levels with allele configuration (table S5). The
variant rs4925166 and proxy SNPs (r2 > 0.7) were found to be part of

Table 3. Genome-wide significant loci outside the MHC region and the top variant within the MHC region. Bold font in the left half of the
table indicates novel loci, whereas bold font in the right half indicates variants that replicated in Sardinians. All P values shown are two-sided. Gene
names of known loci are as listed by Sawcer et al. (3). C, chromosome. For additional details, see table S4.

Variant C MA Gene MAF DE OR (CI) DE1 + DE2 P DE1 + DE2 P Sardinia OR (CI) DE + Sardinia P DE + Sardinia

rs10797431 1 T MMEL1 34.1 0.84 (0.80–0.89) 1.81 ! 10!10

rs6689470 1 A EVI5 14.2 1.24 (1.16–1.33) 3.93 ! 10!10

rs2300747 1 G CD58 12.4 0.75 (0.69–0.81) 1.74 ! 10!12

rs7535818 1 G RGS1 19.2 0.76 (0.71–0.82) 1.51 ! 10!15

rs2681424 3 C CD86 49.7 0.86 (0.82–0.90) 9.51 ! 10!10

rs6859219 5 A ANKRD55 22.2 0.84 (0.79–0.89) 8.06 ! 10!9

rs3104373 6 T HLA-DRB1 13.6 2.90 (2.72–3.09) 1.34 ! 10!234

rs4364506 6 A L3MBTL3 26.4 0.84 (0.80–0.89) 4.06 ! 10!9 0.83 0.89 (0.85–0.93) 1.99 ! 10!6

rs2182410 10 T IL2RA 38.1 0.84 (0.79–0.88) 1.15 ! 10!11

rs1891621 10 G Intergenic 46.7 0.87 (0.83–0.91) 2.94 ! 10!8

rs1800693 12 C TNFRSF1A 42.1 1.17 (1.11–1.23) 1.06 ! 10!9

rs2812197 13 T DLEU1 38.4 0.86 (0.82–0.91) 9.95 ! 10!9 6.86 ! 10!3 0.87 (0.83–0.91) 2.83 ! 10!10

rs6498168 16 T CLEC16A 35.5 1.23 (1.17–1.29) 1.98 ! 10!15

rs34286592 16 T MAZ 14.2 1.21 (1.13–1.30) 4.58 ! 10!8 0.44 1.16 (1.09–1.23) 4.79 ! 10-7

rs4925166 17 T SHMT1 34.5 0.85 (0.81–0.90) 2.69 ! 10!9 5.63 ! 10!4 0.86 (0.82–0.90) 7.40 ! 10!12

rs2836425 21 T ERG 12.7 1.22 (1.14–1.31) 2.84 ! 10!8 0.35 1.18 (1.11–1.25) 1.54 ! 10!7
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Fig. 2. Comparison of results from the pooled analysis of Germans to
associations found in an IMSGC study. One hundred and four of the
108 variants showing genome-wide significant or suggestive associations
with MS in the study published by the IMSGC in 2013 (4) were present in
the pooled results of DE1 and DE2. All 104 variants showed the same
direction of effect (P = 5 ! 10!32, binomial sign test). Fifty-eight variants had
lower ORs and 35 higher ORs compared to the published data set. P value–
based categories labeled with different dots represent exclusive bins that
add up to 104.
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a strong eQTLwith the gene SHMT1 inDE1 samples [false discovery rate
(FDR), 2.99 ! 10!10; Table 4 and fig. S7, A to C]. This eQTLwas replicated
in two independent control data sets [MaxPlanck Institute of Psychiatry
(MPIP) data (25) and Grady Trauma Project (GTP) (26–28)] and in the
publicly available GTEx eQTL database (29) (Table 4).

To investigate how rs4925166 influences the expression of SHMT1, we
conducted an association analysis of the SNP with DNA methylation
levels in blood. DNAmethylation is an important epigenetic mechanism
for regulation of gene expression. We tested the association between
rs4925166 and DNA methylation levels at CpG sites in the two non-
MS data sets MPIP and GTP. Methylation levels at 157 CpG sites that
mapped to SHMT1 were examined for an association with genotype.
We observed eight significant (FDR <0.05) methylation QTLs (mQTLs)
between rs4925166 andCpGs in SHMT1within theMPIPdata set. Three
of these associations could be replicated in the GTP data set (table S6
and fig. S7, D and E).

We wondered whether the CpG site showing the strongest associ-
ation with rs4925166 (cg26763362) could fully explain the observed
association between the SNP and SHMT1 expression (causal direction:
rs4925166!cg26763362!SHMT1 expression) using mediation anal-
ysis (Table 4, tables S7 and S8, Fig. 3) (30). We observed partial me-
diation of the effect of rs4925166 on SHMT1 expression by DNA
methylation status of CpG site cg26763362. The association pattern
indicates that an additional factor influences the relationship between
the SNP, the CpG, and the gene expression (see the Supplementary
Materials). Thus, we conclude that the genotype of rs4925166 affects
the expression of SHMT1 in a complex fashion, partially involving
rs4925166-dependent DNA methylation.

Additional novel candidate loci associated with MS
Three loci showed genome-wide significance in the pooled analysis of
German data sets DE1 and DE2 but not in Sardinians (Table 3). The
strongest association, SNP rs4364506, was found on chromosome 6
and is located in an intron of the gene coding for the transcriptional
regulator L3MBTL3 [Lethal(3)malignant brain tumor–like protein 3;
fig. S5G). SNP rs2836425 on chromosome 21 constituted the second
strongest signal identified in Germans only. This variant maps to an
intron of the gene ERG, coding for a transcription factor (fig. S5P). The
third SNP rs34286592 is located in an intron of the geneMAZ on chro-
mosome 16, coding for the transcription factor MYC-associated zinc
finger protein (fig. S5N). It maps to binding sites for transcription
factors (fig. S8G).

When conditioning for the lead variants at the four newly identi-
fied MS-associated loci, no evidence for secondary signals was found.
Thus, the lead variants also constitute the most likely causal variants.
These variants all map to introns of genes. This makes a functional link
between each variant and the gene it is located in probable. To further
explore the functional connections between SNPs and genes, we con-
ducted an eQTL analysis of the 15 loci showing genome-wide signif-
icant associations. We thereby identified four cis-eQTLs with FDR
<0.05 in MS cases (table S5). In addition to the eQTL of rs4925166
and SHMT1 already described above, three more significant eQTLs
involved variants at two previously known MS susceptibility loci
and three transcripts of the genes MMEL1 and ANKRD55.

Fine-mapping of DLEU1
Three variants located on chromosome 13 (rs806321, rs9596270, and
rs806349), all intronic within the gene for the long noncoding RNA
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Fig. 3. Fine-mapping analysis results of locus rs4925166. (A) Regional
plot for the rs4925166/SHMT1 locus. Color of dots indicates LD with the
lead variant (rs4925166; pink). Gray dots represent signals with missing
r2 values. cM, centimorgan. (B) Mediation analysis results in MPIP/GTP
controls. Mediation effect: rs4925166!CpG cg26763362!SHMT1 expres-
sion. Direct effect: rs4925166!SHMT1 expression. Data have been
calculated using the R package mediation (30), except for total effect
(*), which was calculated by linear regression. Results were obtained
using 1 million simulations. Effects and P values shown here differ from
Table 5, as a lower number of samples contained both expression and
methylation data than expression data alone. (C) Relationship between
cg26763362 methylation, SHMT1 expression, and rs4925166 genotype in
MPIP controls.
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DLEU1, have been described previously as associated with MS in three
large studies (4–6), yet the variants did not show genome-wide signif-
icance in any of them. The association of rs806349 has recently been
confirmed in a candidate-driven follow-up analysis of suggestive MS
associations (21). However, the variant rs806349 reached a P value of
only 2.7 ! 10!4 in our analysis (Table 5). Instead, a different SNP
(rs2812197) in weak LD with rs806349 (r2 = 0.4) showed genome-wide
significance in the pooled analysis of DE1 and DE2 and also replicated
in Sardinians (Tables 3 and 5, and fig. S5K). The association of previ-
ously described rs806349 is completely dependent on the more strongly
associated rs2812197 (Table 5). Thus, it is unlikely that rs806349 is the
causal SNP at this locus. The same is true for rs806321 (5), which is not
independent of rs2812197 either (Table 5).

The DLEU1 locus contains evidence for a second signal, rs9591325
(Table 5 and fig. S5L), in poor LD with rs2812197, but in high LD
with rs9596270, which was identified by Patsopoulos et al. (6) as a sug-
gestive MS-associated variant. The two signals were partially independent
of each other (Table 5). SNP rs9591325 is located in a clearly function-
al region with binding sites for many transcription factors, which is not
the case for the other four variants (fig. S8, B to F). Although rs2812197
shows the overall strongest association at DLEU1, the functional data
indicate that rs9591325 might be either the actual or a second causal

variant. Additional studies with larger sample sizes are required to fully
answer this question.

DISCUSSION

The present study constitutes the largest GWAS onMS conducted in a
single population to date. By pooled analysis of 3934 cases in data set
DE1 and 954 cases in data set DE2, we identified strong associations in
the MHC region with a P value of up to 1.3 ! 10!234. In addition, 15
loci outside the MHC region were associated at a genome-wide signif-
icant level (Fig. 1 and Table 3). Associations in the MHC region were
examinedusing imputedHLA alleles. Stepwise conditional logistic regres-
sion identifiedDRB1*15:01 and six more associatedHLA alleles (Table 2),
in line with results from previous studies (2). All genome-wide significant
and suggestive non-MHC MS susceptibility variants published by the
IMSGC in 2013 (4) and present in our data (n = 104) were replicated
regarding direction of effects in our samples (P = 5 ! 10!32; Fig. 2).

Four of the 15 non-MHC loci have not been found to be associated
with MS in previous studies. One more locus, DLEU1, did not reach
genome-wide significance in previous GWAS but has recently been
confirmed as MS-associated in a candidate SNP study (21). The lead
variants at DLEU1 and at the novel locus SHMT1 replicated in an
independent Sardinian cohort containing 2903 cases (Table 3 and
fig. S6). Variants at the other three novel loci did not reach nominal
significance in Sardinians, yet two of them showed the same direction
of effect. Because of their consistency and replication within the German
cohorts, these three associations can nevertheless be considered as
plausible. As the Sardinian population is genetically distinct from
Germans, future studies are required to replicate these findings in
other cohorts.

Previous genetic analyses of MS susceptibility have indicated im-
mune system–related processes as relevant for the development of
MS (4). Functions of known MS susceptibility genes have been
mapped to KEGG (Kyoto Encyclopedia of Genes and Genomes)
pathways Janus kinase/signal transducers and activators of transcrip-
tion (JAK/STAT) signaling, acute myeloid leukemia (AML), and T cell
receptor signaling (7). Accordingly, MS-associated genes are predom-
inantly expressed in immune cells (7, 8). The five genes examined in
detail in our study (L3MBTL3, DLEU1, MAZ, ERG, and SHMT1) are
associated with regulatory mechanisms in immune cells as well.

The gene L3MBTL3 encodes a Polycomb group protein that main-
tains the transcriptionally repressive state of genes (31) and is frequently
deleted in several forms of acute leukemia, including AML (32). Genes

Table 4. eQTL and mQTL analysis for rs4925166. Direction of effect is
relative to the minor allele T. Note that the effect sizes cannot be directly
compared because normalization methods and covariates partly differ be-
tween studies. Additional eQTLs and mQTLs are described in the Supple-
mentary Materials. Because only the single eQTL rs4925166/SHMT1 was
examined in GTEx data, no FDR is indicated here. NA, not applicable.

Expression

Data set Transcript Effect P FDR

DE1 SHMT1 0.36 4.42 ! 10!13 2.99 ! 10!10

MPIP SHMT1 0.19 4.26 ! 10!12 1.28 ! 10!11

GTP SHMT1 0.11 3.12 ! 10!4 1.25 ! 10!3

GTEx SHMT1 0.56 09.2 ! 10!28 NA

Methylation

Data set CpG Effect P FDR

MPIP cg26763362 !0.03 3.21 ! 10!20 5.04 ! 10!18

GTP cg26763362 !0.03 1.98 ! 10!14 1.58 ! 10!13

Table 5. Fine-mapping of the DLEU1 locus. MAF (controls in%) and r2 (with rs2812197) are calculated from a joint set of DE1 and DE2, ORs and P values
from the pooled analysis of DE1 and DE2. Second and third P value columns are from conditional analysis.

Variant MAF OR (CI) P P (rs2812197) P (rs9591325) r2 Reference

rs2812197 38.4 0.86 (0.82–0.91) 9.95 ! 10!9 4.79 ! 10!5 1.00

rs806321 48.5 0.89 (0.85–0.94) 6.36 ! 10!6 0.81 2.02 ! 10!3 0.66 (5)

rs806349 46.0 1.10 (1.04–1.15) 2.73 ! 10!4 0.99 0.019 0.41 (4, 21)

rs9591325 8.1 0.78 (0.70–0.85) 2.26 ! 10!7 9.13 ! 10!4 0.14

rs9596270 8.1 0.78 (0.71–0.86) 4.45 ! 10!7 1.49 ! 10!3 0.27 0.14 (0.99*) (6)

*r2 with rs9591325.
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associated with AML constitute one of the most significant pathway
categories linked to MS susceptibility variants (7). The murine ortholog
of L3MBTL3,MBT-1, has been found to regulate maturation of myeloid
progenitor cells (33). The regulatory long noncoding RNA DLEU1 is
often deleted in cases of B cell chronic lymphocytic leukemia and mantle
cell leukemia (34). This locus regulates the expression of NF-kB (35), a
transcription factor implicated in MS pathology (4, 36, 37). MAZ is
an inflammation-responsive transcription factor (38) up-regulated during
chronic myeloid leukemia (39). It binds to the promoter of the gene
MYC, which is associated with MS (5). The transcription factor ERG
is important for hematopoiesis (40), and the expression of this onco-
gene is associated with both AML and acute T cell lymphoblastic
leukemia (41). ERG regulates the expression of MS-associated NF-kB
(42), as DLEU1 does. Finally, SHMT1 is a serine hydroxymethyltrans-
ferase acting in the folate cycle. It catalyzes the transfer of a carbon unit
subsequently used for synthesis of both nucleotides and methionine.
SHMT1 is thus an essential component in the metabolism of the sub-
strate S-adenosylmethionine (SAM), the major methyl group donor
during both protein and DNA methylation (43, 44). By this effect
on regulation of gene expression, one-carbon metabolism plays an
important role in oncogenesis. Lack of SHMT1 function is, among
other effects, associated with acute lymphocytic leukemia (44–46).
Thus, each of the five genes is involved in regulatory processes of the
immune system.

Although a clearer picture has already emerged regarding the cell
types and broad pathways relevant for the etiology of MS (3, 7), little is
still known about the mechanisms by which risk genes act. Analysis of
the known functions of the five genes examined in this study revealed
that four of them regulate transcription, especially of immune-related
genes. Moreover, indirect evidence suggests that they could all be
linked either directly or indirectly to epigenetic regulatory mechanisms:
L3MBTL3 recognizes epigenetic histone lysine methylation (31) and
ERG interacts with ESET, a histone H3–specific methyltransferase (47).
The best known regulatory target of the transcription factor MAZ is
MYC (48), a regulator of epigenetic chromatin state that is associated
with MS (5, 49). DLEU1 is strictly regulated by DNA methylation at
its promoter region (35). Finally, SHMT1 is essential for maintaining
methylation homeostasis in the cell by catalyzing an important reaction
in the generation of the methyl donor substrate SAM. Accordingly,
the establishment of SHMT1 as an MS risk factor further puts epige-
netic regulation by methylation in the focus of MS susceptibility.

In recent years, several studies have addressed the role of DNA
methylation in the etiology and progression of MS. Methylation dif-
ferences between MS cases and healthy controls have been analyzed in
small, cross-sectional studies. Despite negative results in CD4+ cells
(12, 50), Bos and colleagues (12) recently observed significant differ-
ences in overall DNA methylation levels in CD8+ T cells. Another
study demonstrated differentially methylated and expressed genes in
brain tissue of MS patients compared to controls (14). Furthermore,
differential methylation of the major risk locus HLA-DRB1 was ob-
served in MS patients (51). Several groups have found either hyper-
methylation or hypomethylation of specific genes to be associated with
inflammation or demyelination in MS patients (11).

In summary, these studies argue in favor of DNA methylation being
relevant for the development of MS. By finding novel risk genes with
potential roles in epigenetic regulation, our study adds further indica-
tion that epigenetic mechanisms might be important for MS suscep-
tibility. A disturbed homeostasis of methyl donors, caused by an altered

expression of SHMT1, is likely to have an impact on the disease. As
epigenetic mechanisms constitute a major route for environmental risk
factors to influence expression of disease-associated genes (11), regu-
lation of DNA and protein methylation is an interface where genetic
and environmental risk factors for MS might intersect. Detailed analy-
ses of DNA methylation patterns and their interaction with MS sus-
ceptibility genes in larger cohorts and among different cell populations
and tissues are now required to better understand the role of epige-
netic mechanisms in MS.

MATERIALS AND METHODS

Study samples
Two cohorts of cases, referred to as DE1 and DE2, were analyzed.
Both data sets included patients with CIS, bout-onset MS, and PPMS.
For cohort DE1, 4503 cases were recruited across multiple sites in
Germany (for details, see the Supplementary Materials). For cohort
DE2, 1002 cases were recruited across multiple sites in Germany
(see the Supplementary Materials). The latter cohort was used in a
previous publication (5). Controls for these cohorts were obtained
from several population-based cohorts across Germany to match the
different geographical regions where cases were recruited: KORA from
the southeastern Germany region of Augsburg (52, 53), HNR from
central western Germany (54), SHIP from the northeastern region of
West Pomerania (55), DOGS from Dortmund in central western
Germany (56), and FoCus (57) and PopGen (58) from Kiel, northern
Germany. In addition, controls from two studies on depression con-
ducted in southeastern Germany were included (59, 60). For a more
detailed description of control cohorts, see the Supplementary Materials.
All responsible ethics committees provided positive votes for the indi-
vidual studies. All study participants gave written informed consent. In
case of minors, parental informed consent was obtained.

Genotyping and QC
Samples of cohort DE1 were genotyped using the Illumina Human-
OmniExpress-24 v1.0 or v1.1 BeadChips. Samples of cohort DE2 were
genotyped using the Illumina Human 660-Quad platform. For both
cohorts, identical, stringent QC was conducted on samples and var-
iants. QC steps on samples included removal of individuals with
genotyping rate <2%, cryptic relatives (relatedness"1/16), and genetic
population outliers. QC steps on variants included removal of variants
with call rate <2% and MAF <1%. For a full description of QC, see the
Supplementary Materials. Each set of cohorts was combined with
controls genotyped on similar arrays, producing case/control data sets
DE1 and DE2. QC was repeated on the merged data sets, leading to
final figures of 3934 cases and 8455 controls for DE1 (table S1), as well
as 954 cases and 1940 controls for DE2 (table S2).

Imputation
Prephasing (haplotype estimation) of genotype data was conducted
using SHAPEIT2, followed by imputation using IMPUTE2 in
5–megabase pair (Mbp) chunks (16–18). The 1000 Genomes Phase
1 June 2014 release was used as a reference panel. Imputed variants
were filtered for MAF ("1%), INFOmetric ("0.8), and HWE (P" 10!6).
For additional details, see the Supplementary Materials.

HLA alleles were separately imputed from genotyping data for DE1
and DE2 using HIBAG v1.6.0 (20). Alleles with a posterior probability
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>0.5 were converted to hard calls. Results were validated usingHLA
typing of 442 patients from DE1 (see the Supplementary Materials).

Statistical analyses of genotype data
GWAS was conducted on data sets DE1 and DE2 using PLINK2
v1.90b3s (61). Sex and the first eight MDS components were used
as covariates in logistic regression. Data sets were combined using a
fixed-effects model in METASOFT (62). For maximum precision,
logistic regression and meta-analysis of lead SNPs were repeated in
R v3.2.3 using package meta v4.3.2. All follow-up analyses (for example,
conditional and interaction analyses) were conducted in R. Locus-
specific Manhattan plots were generated using LocusZoom with
European samples of the 1000 Genomes March 2012 reference panel
on the hg19 build (63). For analysis of HLA alleles, stepwise logistic
regression was conducted in R as previously described (1, 2, 5).

Gene expression and methylation data
For a subset of 242, mostly treatment-naïve patients from data set DE1
(73 male and 169 female) whole-blood RNA was collected using Tem-
pus Blood RNA Tubes (Applied Biosystems). RNA was hybridized to
Illumina HT-12 v4 Expression BeadChips (Illumina) and further
processed as described in the Supplementary Materials. In summary,
QC was conducted in R 3.2.1 using the packages beadarray and lumi
(64, 65). Probes were transformed and normalized through variance
stabilization and normalization (66). Probes, which showed a detection
P < 0.05 inmore than 10% of the samples, which could not bemapped to
a known transcript, or which were identified as cross-hybridizing by
the Re-Annotator pipeline (67), were removed. This left 20,302 tran-
scripts from 242 samples. Technical batch effects were identified by in-
specting the associationof the first twoprincipal components of expression
levels with amplification round, amplification plate, and amplification
plate column and row, as well as expression chip. The data were then
adjusted using ComBat (68). Gene expression andmethylation data of the
two control cohorts MPIP and GTP were published and described previ-
ously and are summarized in the Supplementary Materials (25–28).

Statistical analysis of gene expression and methylation data
For each of the 15 genome-wide significant loci, all 429 transcripts
beginning or ending within 1 Mbp upstream or downstream of a lead
variant were determined. Associations between genotype and expres-
sion levels were examined in data set DE1 by linear regression using sex,
age, and three MDS components as covariates. To account for multiple
testing, P values were first corrected for the number of transcripts per
cis window, followed by calculation of the FDR for the total number of
variants tested. Replication of eQTLs with an FDR <0.05 in data set DE1
was conducted in control cohorts MPIP and GTP. For MPIP, the covari-
ates sex, age, body mass index (BMI), disease status, and three MDS com-
ponents were used in linear regression. For GTP, covariates were sex, age,
and four MDS components. eQTLs were also looked up in the GTEx
database (29). Here, only associations in whole blood were considered.

For analysis of the association of rs4925166 with DNAmethylation
at SHMT1, 210 CpG probes were identified in data set MPIP that
mapped to SHMT1. After removing the quartile of probes showing
the lowest variation in methylation status, 157 CpGs remained. As-
sociation of DNA methylation with imputed genotype was assessed
by linear regression using sex, age, BMI, disease status, three MDS
components, and estimated cell counts as covariates. The eight CpG
probes showing an FDR <0.05 were replicated in data set GTP, using

sex, age, four MDS components, and estimated cell counts as covariates.
Mediation analysis was conducted as outlined in the Supplementary
Materials, including nonparametric bootstrap for estimation of CIs
and P values (30).

Replication of the results in a Sardinian cohort
The replication case group consisted of 2903 unrelated Sardinian MS
patients that were diagnosed and selected using the McDonald criteria
(22–24). Only 35 of these patients were diagnosed with PPMS (1.2%).
Two thousand ten (69.2%) cases were female, and 893 (30.8%) were
male; the average age at onset was 32 years. The matching control
group of healthy individuals is composed of 2880 unrelated adult
volunteer blood donors from the same locations where the cases
were collected, as well as 443 Affected Family BAsed pseudo-Controls
(AFBACs) derived from 242 MS and 201 type 1 diabetes family trios
(23). AFBAC allele and haplotype frequencies were constructed using
the two alleles in each trio that are not transmitted from the parents to
the affected child. These familial pseudo-controls are matched to the
cases for ethnic origin and are thus robust to population stratification.

All individuals were genotyped using the Illumina ImmunoChip
array. In addition, 2040 (962 cases and 1078 controls) were genotyped
with the Illumina HumanOmniExpress array and 3917 (2111 cases and
1806 controls) with the Affymetrix 6.0 array. One hundred seventy-four
individuals (170 case and 4 controls) were genotyped using both
HumanOmniExpress and Affymetrix 6.0 (22). After QC, we used
883,557 SNPs as baseline for imputation (17) of 20.1 million untyped
SNPsusing a Sardinian-specific referencepanel, including 3514 Sardinian
individuals sequenced to an average coverage of 4.16-fold (69).

SUPPLEMENTARY MATERIALS
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content/full/2/6/1501678/DC1
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Recent genome-wide association studies have identified over 230 genetic risk loci for

multiple sclerosis. Current experimental autoimmune encephalomyelitis (EAE) models

requiring active induction of disease may not be optimally suited for the characterization

of the function of these genes. We have thus used gene expression profiling to study

whether spontaneous opticospinal EAE (OSE) or MOG-induced EAE mirrors the genetic

contribution to the pathogenesis of multiple sclerosis more faithfully. To this end, we

compared gene expression in OSE and MOG EAE models and analyzed the relationship

of both models to human multiple sclerosis risk genes and T helper cell biology. We

observed stronger gene expression changes and an involvement of more pathways of

the adaptive immune system in OSE than MOG EAE. Furthermore, we demonstrated

a more extensive enrichment of human MS risk genes among transcripts differentially

expressed in OSE than was the case for MOG EAE. Transcripts differentially expressed

only in diseased OSE mice but not in MOG EAE were significantly enriched for T helper

cell-specific transcripts. These transcripts are part of immune-regulatory pathways. The

activation of the adaptive immune system and the enrichment of both human multiple

sclerosis risk genes and T helper cell-specific transcripts were also observed in OSEmice

showing only mild disease signs. These expression changes may, therefore, be indicative

of processes at disease onset. In summary, more human multiple sclerosis risk genes

were differentially expressed in OSE than was observed for MOG EAE, especially in TH1

cells. When studying the functional role of multiple sclerosis risk genes and pathways

during disease onset and their interactions with the environment, spontaneous OSE may

thus show advantages over MOG-induced EAE.

Keywords: experimental autoimmune encephalomyelitis (EAE), myelin oligodendrocyte glycoprotein (MOG), T

helper cell (Th), multiple sclerosis, risk genes, gene expression

INTRODUCTION

Although animal models are widely used in human research, it is still discussed whether they
can adequately mirror diseases like multiple sclerosis (MS) that only exist in humans. MS is a
chronic inflammatory disease of the central nervous system (CNS), with both environmental and
genetic risk factors contributing to disease susceptibility. The recent identification of more than 230
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genetic risk loci for MS (1, 2) requires a reassessment of
the widely used experimental autoimmune encephalomyelitis
(EAE) animal models. To support analyses of the primary cause
and etiology of MS, animal models should ideally replicate
mechanisms taking place during MS disease induction.

Most EAE models are actively induced by injection of myelin-
derived antigens in conjunction with potent adjuvants (3). One
such antigen is myelin oligodendrocyte glycoprotein (MOG), a
component of the outer surface of myelin (4). Injection of the
MOG35!55 peptide into C57BL/6 mice leads to chronic EAE (5)
and thus serves as a popular animal model to date. A related
model, passively-transferred EAE, is caused by bulk transfer of
in vitro-activated myelin-specific T cells (6).

By contrast, transgenic models such as opticospinal EAE
(OSE) spontaneously develop autoimmune disease and may,
therefore, be better suited to study disease onset than induced
EAE is. Spontaneous models can be used for identifying
environmental triggers of MS (7, 8) and might support analyses
of genetic risk factors for human MS. They circumvent problems
specific to induced ones, such as adjuvant inoculation, with
its partially unknown e!ects. In OSE, "50% of the animals
develop a spontaneous inflammatory demyelinating CNS disease,
predominantly a!ecting optic nerves and the lumbar part of the
spinal cord (9). These mice carry two transgenic modifications:
they express a T cell receptor (TCR) recognizing the MOG35!55

peptide and B cells with MOG-specific receptors. In OSE, MOG-
specific B cells function as antigen-presenting cells to trigger
disease onset by activating MOG-specific T cells (10). Notably,
B cell-depleting treatments for MS appear to target primarily
cellular and not humoral B cell responses, and, thus, result in a
reduced T cell activation (11).

For a long time, TH1 cells were considered as the predominant
drivers of EAE and MS (4). This hypothesis was challenged by
emerging evidence for a substantial role of TH17 cells in the
disease etiology, including the discovery that the transfer of TH17
cells can induce EAE. In fact, both TH cell types can induce EAE,
albeit with distinct pathologies (12). In humans, genome-wide
association studies (GWAS) have identified many MS risk loci
that support a central role of TH cells and TH cell di!erentiation
in the pathophysiology of MS (1, 2, 13).

Despite their valuable contributions to our understanding
of MS pathophysiology and drug development, the relationship
of EAE to human MS remains controversial (14). All available
EAE models are, to some degree, artificial. Therefore, knowledge
of whether gene expression changes in diseased mice involve
MS risk genes can support the choice of an EAE model
for specific research projects. The present study had three
aims: First, to characterize gene expression di!erences in
diseased OSE and MOG35!55 EAE mice, two widely used
EAE models with markedly di!erent forms of induction.
Second, to explore which of OSE or MOG-induced EAE
resembles human MS more closely. To this end, we examined
to which degree genes di!erentially expressed in spinal
cord samples of OSE and MOG EAE showed significant
enrichment of human MS risk genes. Third, to analyze
expression di!erences of TH cell-specific transcripts in both
EAE models.

MATERIALS AND METHODS

Mice, Animal Handling, and Scoring
All mice used in this study had a C57BL/6 background and
were bred in the animal facilities of the Max Planck Institute of
Biochemistry and Neurobiology, Martinsried, Germany. For the
OSE model, double-transgenic 2D2 (TCRMOG)# IgHMOG (OSE)
mice were used (9). For MOG EAE, wildtype C57BL/6 mice
were immunized subcutaneously with 200 µg of a MOG peptide
consisting of the amino acids 35–55, emulsified in complete
Freund’s adjuvant supplemented with 5 mg/ml Mycobacterium
tuberculosis (strain H37Ra, Thermo Fischer Scientific BD Difco),
as described previously (9). Pertussis toxin (400 ng, List
Biological Laboratories) was injected intraperitoneally on the day
of immunization and 48 h later. Control mice (CFA) received the
same treatment but without the MOG peptide. For the analysis
of EAE models, only female mice were used. For the TH cell
analyses, OSE mice of mixed gender were used (15).

Scores for clinical signs of EAE were assessed daily according
to the standard 5-point scale (9, 16): 0: healthy animal; 1:
animal with a flaccid tail; 2: animal with impaired righting
reflex and/or gait; 3: animal with one paralyzed hind leg; 4:
animal with both hind legs paralyzed; 5: moribund animal
or death of the animal after preceding clinical disease. See
Supplementary Figure 1 for the disease course of MOG EAE
compared to control mice. Following our ethically approved
protocol, the mice were sacrificed when they reached a
score of 4. The animal welfare committee of the government
of Upper Bavaria (Tierschutzkommission der Regierung von
Oberbayern, Munich, Germany) approved the protocol. The
animal procedures were in strict accordance with the guidelines
set down by the animal welfare committee of the government of
Upper Bavaria.

In vitro CD4+ T Cell Differentiation
T cells derived from the spleen of a mixed-gender pool of four
OSE mice were used to polarize pathogenic e!ector TH1 and
TH17 cells, as described previously (15). In brief, four separate
batches of four mice each were used for this experiment. To
generate TH1 cells, total erythrocyte-lysed spleen cells from OSE
mice were cultured in the presence of a MOG peptide (amino
acids 1–125), IL-12, IL-18, and anti-IL-4. After 3 days, IL-2 was
added to the culture. To generate TH17 cells, total erythrocyte-
lysed spleen cells from OSE mice were cultured in the presence
of a MOG peptide (amino acids 1–125), TGF-!1, IL-6, IL-23,
anti-IL-4, and anti-IFN-". After 3 days, IL-23 was added to
the culture. In both cases, cells were re-stimulated after 6 days
and harvested after 9 and, once more, after 12 days. Naïve TH0
cells were harvested on day 0. The success of polarization was
evaluated by flow cytometry, ELISA, and quantitative real-time
PCR (Supplementary Figure 2 and Supplementary Methods).

Microarrays
Two separate microarray experiments were performed on the
Illumina gene expression profiling platform: The first comprised
RNA isolated from total spinal cord preparations of healthy
and diseased EAE mice. The second experiment analyzed gene
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expression profiles of naïve TH0 cells and in vitro polarized TH1
and TH17 cells. For the analysis of EAE models, the Sentrix
BeadChip ArrayMouseWG-6 v2 (Illumina, San Diego, USA) was
used; for the TH cell microarray, the Sentrix BeadChip Array
MouseWG-6 v1.1 (Illumina, San Diego, USA). Four chips (24
samples, four per experimental group) were hybridized in the
EAE experiment, three chips (18 samples from four separate
experiments: 4 # TH0, 7 # TH1, 7 # TH17) were used for the
TH cell analysis. In each experiment, all samples and chips were
processed in parallel. RNA processing, array hybridization, and
quantification followed the same protocols in both experiments:
First, concentration and purity of total RNA were assessed
by 260 nm UV absorption and by 260/280 ratios, respectively
(Nanophotometer, Implen, Munich, Germany). Second, RNA
integrity was evaluated using a chip-based electrophoretic assay
(Agilent RNA 6000 Nano Kit used in conjunction with the
Agilent 2100 bioanalyzer, Agilent Technologies, Waldbronn,
Germany). Mean RNA integrity numbers were 8.4 (SD = 0.5)
for the EAE and 9.0 (SD = 0.5) for the TH cell experiment.
Third, RNA was amplified and labeled using the Illumina
TotalPrep RNA Amplification Kit (Ambion, Houston, TX, USA)
and hybridized onto Illumina gene expression arrays following
the manufacturer’s instructions. Fourth, fluorescence signals
were scanned on an Illumina BeadStation and analyzed by in-
house software routines. The manufacturer’s built-in controls
were analyzed, including hybridization controls and sample-
dependent parameters. All microarrays fulfilled Illumina’s
recommendations for quality control (QC).

Quality Control of Microarrays
Raw probe intensities were exported as summary data using
Illumina’s GenomeStudio, and further statistical processing was
carried out using R v3.3.2 (17). For the analysis of EAE
models, summary data was loaded using the Bioconductor
package beadarray (18), and QC was conducted with lumi (19)
and vsn (20). Each probe was transformed and normalized
through variance stabilization and normalization. Probes were
removed if they showed a detection p-value < 0.05 in
>10% of the samples or had a “no match” or “bad” probe
quality in the illuminaMousev2.db package. This procedure
left 21,483 transcripts from 24 samples. For the TH cell
experiment, summary data was loaded using limma (21)
and QC was conducted with limma and vsn. Probes were
transformed, normalized, and filtered as described above, based
on the illuminaMousev1p1.db package. This pipeline left 17,858
transcripts. Technical batch e!ects were examined by inspecting
the association of the first ten principal components of expression
levels with expression chip and position on the chip.

Analysis of Differential Expression
Principal component analysis (PCA) was conducted in R using
the function prcomp without scaling of variables; PCs were
scaled for display. K-means clustering was performed using
kmeans with k = 4; the analysis was repeated 100 times and
the most stable clustering solution was selected. Di!erential
expression was assessed with limma. For the analysis of
di!erential expression across the EAE models, six mouse types

were examined (with four mice each): wild-type (WT); healthy
OSE controls (OSE0); OSE with disease score 1 (OSE1); OSE
score 4 (OSE4); as a MOG EAE control, healthy control mice
injected with complete Freund’s adjuvant but not with a MOG
peptide (CFA); as MOG35!55 EAE, C57BL/6 wildtype mice
injected with adjuvant and MOG35!55 peptide, rated score 4
(MOG4). The design matrix was constructed from the six mouse
types. Each expression chip contained one sample per mouse
type. The four chips were added to the model as random e!ects
via the duplicateCorrelation function. The five contrasts MOG4-
CFA, CFA-WT, OSE4-OSE0, OSE1-OSE0, and OSE4-WT were
computed on the fitted linear model and moderated t-tests were
calculated using the eBayes function. For the TH cell experiment,
the design matrix was constructed from the three cell types
(naïve TH0, TH1, TH17), with the four mouse pools treated
as random e!ects. Only TH1 and TH17 cells harvested on day
9 were analyzed. The two contrasts TH1-TH0 and TH17-TH0
were examined.

Overrepresentation Analyses
Overrepresentation analyses (ORA) were conducted using
WebGestalt v2019 (22) in R, based on the gene ontology
(GO) biological process database. Genes were submitted as
unique Entrez IDs, and the reference was genome protein-coding.
The significance level was determined using a hypergeometric
test, followed by calculation of the Benjamini-Hochberg false
discovery rate (FDR) (23).

Enrichment Tests
The enrichment of genes was calculated using a permutation test
in R. For this test, the unique Entrez IDs of genes were used.
First, the amount of unique di!erentially expressed genes was
determined, and the same number of random genes was selected.
Second, the number of these random genes overlapping with the
test set of genes (e.g., MS susceptibility genes) was determined.
These two steps were repeated 100,000 times. Third, to calculate
a p-value, the number of observations where the overlap between
random genes and test genes was equal to or larger than the
overlap between di!erentially expressed genes and test genes was
counted and divided by the number of permutations.

For the enrichment analysis with MS susceptibility genes, the
558 genes outside the major histocompatibility complex (MHC)
region listed in Supplementary Table 18 of the MS genomic map
published in 2019 by the IMSGC were used (2). From this list,
CTB-50L17.10, RP11-345J4.5, JAZF1-AS1, ZEB1-AS1, GATA3-
AS1, SSTR5-AS1, and RPL34-AS1 were excluded to generate the
list of 551 prioritized putative MS susceptibility genes described
in the IMSGC publication.

RESULTS

We compared gene expression profiles of total spinal cord
preparations derived from two EAE models, OSE and
MOG35!55 EAE. Double-transgenic OSE mice developed
CNS autoimmunity spontaneously, predominantly a!ecting
the lumbar part of the spinal cord. In the MOG35!55 EAE
model, the disease was induced in C57BL/6 wildtype (WT)
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FIGURE 1 | Differential expression analysis of OSE and MOG EAE models. (A) Principal component analysis (PCA) of gene expression profiles grouped by k-means

clustering. The cluster solution displayed here was the most frequent (34 of 100). In 97 of 100 analyses, all WT, OSE0, and CFA mice were placed into separate

clusters than OSE1, OSE4, and MOG4 mice (Supplementary Table 1). Because of the spontaneous nature of disease development in OSE mice, gene expression in

diseased OSE4 animals showed more variance than was, e.g., observed in MOG4 mice, which exhibit a more stereotypic disease course (9). PC, principal

component; SD, standard deviations. (B) Venn diagram highlighting the number of transcripts differentially expressed in the analyzed contrasts. For this plot, up- and

downregulated transcripts were analyzed separately, and transcripts differentially expressed in opposing directions are therefore included in the counts. (C,D) OSE4

mice showed greater fold changes of expression levels than (C) OSE1 and (D) MOG4 mice, each compared to its control condition (OSE0 and CFA, respectively)

(Supplementary Table 3). For each group, the ten most differentially expressed genes (with Entrez IDs) are labeled. If two probes per gene were present among the

top differentially expressed transcripts, the gene was counted only once, but both probes are plotted. The groups are: differentially expressed in OSE1 only (light

magenta), differentially expressed in OSE4 only (dark magenta), differentially expressed in MOG4 only (red), differentially expressed in (C) both OSE1 and OSE4 or (D)

both MOG4 and OSE4 (brown; with higher expression levels observed for OSE4).

mice by immunization with a MOG35!55 peptide. PCA of gene
expression profiles separated healthy (OSE0, CFA, andWT) from
diseased [OSE score 1 (OSE1), OSE score 4 (OSE4), and MOG

score 4 (MOG4)] animals along the first component (Figure 1A).
Most variance in gene expression was thus observed between
healthy and diseased mice and not between EAEmodels. Because
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of the spontaneous nature of disease development in OSE mice,
gene expression in diseased OSE4 animals showed more variance
than was, e.g., observed in MOG4 mice, which exhibit a more
stereotypic disease course (9).

Unsupervised k-means clustering on PCs further supported
this finding, which consistently (in 97 of 100 replications) placed
healthy and diseased animals into separate clusters (Figure 1A,
Supplementary Table 1). The most frequent cluster solution
(34/100) placed all healthy mice together in cluster 1; additional
clusters were OSE1 only (cluster 2), OSE4 only (cluster 3), and a
mixed cluster of the remaining diseased animals (cluster 4). We
could thus successfully detect disease-relevant gene expression
changes in the animals.

Stronger Gene Expression Changes in the
OSE Model
Next, we analyzed gene expression changes in OSE and
MOG EAE mice. We examined di!erential expression for
five contrasts: OSE1-OSE0, OSE4-OSE0, MOG4-CFA, and the
two control contrasts CFA-WT and OSE0-WT (Figure 1B,
Supplementary Table 2). In the control contrast CFA-WT, no
transcript was di!erentially regulated. A single transcript was
upregulated in OSE0-WT, T cell receptor alpha chain (Tcra),
which was also upregulated in all other contrasts except CFA-
WT. The number of significantly up- and downregulated
transcripts was higher for OSE4-OSE0 (n = 5,555) than
for MOG4-CFA (n = 3,182). In total, the expression of
864 transcripts di!ered significantly between MOG4 and
OSE4 mice (Supplementary Table 2). Interestingly, 4.88# more
transcripts were di!erentially expressed specifically only in
OSE4-OSE0 than only in MOG4-CFA (Figure 1B). Moreover,
fold changes were higher in OSE4-OSE0 than in either OSE1-
OSE0 (binomial test: p = 1.4 # 10!65 for all transcripts,
p = 9.9 # 10!119 for transcripts di!erentially expressed
in both contrasts, Figure 1C) or MOG4-CFA (p = 5.8 #

10!3 for all, p = 2.7 # 10!221 for di!erentially expressed
transcripts, Figure 1D; Supplementary Table 3). Stronger global
gene expression changes were thus triggered in OSE than in
MOG EAE.

Overrepresentation of Immune System
Processes Especially for OSE
To characterize the expression changes in the di!erent EAE
models further, we conducted ORA analyses of the analyzed
contrasts (Supplementary Table 4, Supplementary Figure 3)
and of di!erentially expressed transcripts for three groups
(Supplementary Figure 4): First, common disease transcripts
(CDT), di!erentially expressed for both contrasts OSE4-
OSE0 and MOG4-CFA but not in the two control contrasts
OSE0-WT or CFA-WT. Second, OSE4-specific transcripts
(OSE4sp), di!erentially expressed for the contrast OSE4-
OSE0 but not for MOG4-CFA or the control contrasts.
Third, MOG4-specific transcripts (MOG4sp), di!erentially
expressed for MOG4-CFA but not for OSE4-OSE0 or the
control contrasts. When examining CDT, 1,379 redundant
GO biological processes remained significant after correction

for multiple testing (Supplementary Table 4). Together
with other immune-related gene sets, immune response,
regulation of immune system process, and T cell activation
were among the top-associated terms (adjusted p < 2
# 10!16). These and other immune-associated processes
remained significant in OSE4sp (adjusted p $ 3.5 # 10!2,
Supplementary Figure 4). By contrast, no immune system-
specific process was significant for MOG4sp. More expression
changes in the immune system were, therefore, triggered in OSE
than in MOG EAE.

Activation of the Adaptive Immune System
in OSE1 Mice
While MOG EAE develops rapidly in a highly stereotypical
manner, the clinical course of OSE is usually slower and
shows more inter-individual variability (24). OSE thus allows
for studying disease at di!erent stages, and we analyzed mice
showing a mild disease score of 1 (OSE1). Compared to
OSE0, 34 transcripts were di!erentially expressed specifically
in OSE1 animals and not in any other contrast [OSE1-specific
transcripts (OSE1sp), Supplementary Table 5]. These transcripts
are potentially indicative of changes during mild or early disease.
However, no significant GO biological processes were identified
for them. Transcripts di!erentially regulated in both OSE1 and
OSE4 consistently showed the same direction of regulation
compared to OSE0 [binomial test p = 4.36 # 10!252, 95%
confidence interval (CI) 0.995–1.0, Supplementary Table 3].
When analyzing all transcripts di!erentially expressed in
OSE1-OSE0 but not in control contrasts [OSE1-expressed
transcripts (OSE1ex), Supplementary Table 5], 805 processes
were significant after correction for multiple gene sets. Among
them were the three previously highlighted GO terms (adjusted p
< 2# 10!16, Supplementary Table 4, Supplementary Figure 4).
Furthermore, the gene sets B cell mediated immunity and antigen
processing and presentation were significantly overrepresented
not only in the analysis of CDT but also for the OSE1ex
transcripts, indicating a potential role of B cells also in mildly
a!ected OSE mice.

Enrichment of MS Susceptibility Genes
Among Transcripts Expressed in OSE
Over 230 independent genetic loci associated with MS
susceptibility in humans have been identified (1, 2). Based
on these GWAS loci, 551 human MS susceptibility candidate
genes have been proposed (2), for which expression data of
499 transcripts were available in our dataset. We conducted
a PCA on these transcripts (265 genes) to analyze whether
the expression of MS risk genes was increased in the EAE
models. The first component, explaining 75.7% of the variance
in expression of these transcripts, was significantly higher in
all disease groups than in controls, indicating high expression
levels of MS-associated genes in EAE, with the highest levels
observed for OSE4 (Figure 2A, Supplementary Table 6). Also
individual MS risk genes, e.g., H2-Ab1, Cd52, and Cd86 (1, 2),
as well as further putative MS-associated genes like Cd74, were
among the transcripts showing the lowest di!erential expression
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FIGURE 2 | MS risk genes show a higher expression in diseased EAE animals. (A) Principal component analysis (PCA) of gene expression profiles of putative MS risk

genes. Diseased mice showed higher MS risk gene expression levels (Supplementary Table 6). PC, principal component; y-axis unit, standard deviations. (B–D)

Examples of expression levels of three putative MS risk genes, H2-Ab1, Cd52, and Cd86 (Supplementary Table 2). In all three cases, diseased mice showed

significantly higher expression levels, with the highest expression observed for OSE4 mice. Significance levels: *** adjusted p < 0.001.

TABLE 1 | Enrichment of MS susceptibility genes.

DE transcript group DE genes Overlapping genes p-value Adjusted p-value

CDT 2,014 68 <1 ! 10"5
<4 ! 10"5

OSE4sp 2,362 68 4.4 ! 10"4 8.8 ! 10"4

MOG4sp 469 11 3.2 # 10!1 3.2 # 10!1

OSE1ex 693 34 1.0 ! 10"5 4.0 ! 10"5

Of 551 genes considered, 265 were present in our data. P-values were computed using 100,000 permutations. Enrichments significant after Holm-Bonferroni correction for multiple

testing (four tests) are highlighted in bold font (adjusted p-value < 0.05). DE, differentially expressed; WT, wildtype; CDT, common disease transcripts (differentially expressed for both

contrasts OSE4-OSE0 and MOG4-CFA but not in the two control contrasts OSE0-WT or CFA-WT); OSE4sp, OSE4-specific transcripts (differentially expressed for the contrast OSE4-

OSE0 but not in MOG4-CFA, OSE0-WT, or CFA-WT); MOG4sp, MOG4-specific transcripts (differentially expressed for the contrast MOG4-CFA but not in OSE4-OSE0, OSE0-WT, or

CFA-WT); OSE1ex, OSE1-expressed transcripts (differentially expressed in OSE1-OSE0 but not in OSE0-WT or CFA-WT).

p-values. They were significantly upregulated in all three diseased
mouse types (Figures 1C,D, 2B–D, Supplementary Figure 5,
Supplementary Table 2). Furthermore, di!erentially expressed
genes from the analysis sets CDT, OSE4sp, and OSE1ex

were significantly enriched for MS risk genes, while the
MOG4sp genes were not (Table 1). OSE might thus be
more closely connected to the etiology of human MS than
MOG35!55 EAE is.

Frontiers in Immunology | www.frontiersin.org 6 September 2020 | Volume 11 | Article 2165

https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org
https://www.frontiersin.org/journals/immunology%23articles


Faber et al. EAE and MS Risk Genes

FIGURE 3 | Genes differentially expressed in TH cells show a higher expression in diseased EAE animals, especially in OSE4. (A) Venn diagram highlighting the

number of transcripts differentially expressed in TH cells. For this plot, up- and downregulated transcripts were analyzed separately, and transcripts differentially

expressed in opposing directions are therefore included in the counts. (B,C) Principal component analysis (PCA) of gene expression profiles of transcripts differentially

expressed in (B) TH1 and (C) TH17 cells. Diseased mice showed higher TH cell-specific expression levels (Supplementary Table 7). PC, principal component; y-axis

unit: standard deviations. (D,E) Examples of expression levels of the TH1 signature molecule (D) Tbx21 and the TH17 signature molecule (E) Il17f. Diseased mice

showed significantly higher expression levels of Tbx21, yet only OSE4 mice showed an increased expression of Il17f. Furthermore, the TH1 signature molecule Ifng

was expressed significantly higher only in OSE4; the TH17 signature molecules Rorc and Il17a were not differentially expressed in any contrast

(Supplementary Table 8). Significance levels: n.s.: p % 0.05, * adjusted p < 0.05, *** adjusted p < 0.001.
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Gene Expression in OSE Overlaps With TH

Cell-Specific Transcripts
TH cell di!erentiation was identified as a key pathway in the
etiology of MS (13). We, therefore, analyzed whether gene
expression changes in EAE models were related to TH cell
di!erentiation. To this end, gene expression profiling of in vitro
polarized TH1 and TH17 cells was conducted, derived from OSE
mice. Compared to naïve TH0 cells, 8# more transcripts were
di!erentially expressed specifically in TH1 than in TH17 cells
(Figure 3A). None of the transcripts di!erentially expressed in
both TH1 and TH17 were regulated in opposite directions.

We examined via PCA whether the expression of TH1- and
TH17-specific, di!erentially expressed probes was higher in EAE
models than controls. The first component of TH1-and TH17-
specific gene expression explained 49.6 and 68.6% of the variance,
respectively. For both TH cell types, the first component of cell-
specific transcripts was significantly higher in all disease groups
than in controls, with the highest levels for OSE4 (Figures 3B,C,
Supplementary Table 7). Among signature molecules for TH1
cells, Tbx21 (T-bet) was significantly upregulated in all diseased
mice, Ifng only in OSE4 (Figure 3D, Supplementary Table 8). Of
the examined TH17markers, only Il17f was upregulated in OSE4,
neither Rorc nor Il17a were di!erentially expressed (Figure 3E,
Supplementary Table 8).

After correction for multiple testing, the CDT, OSE4sp, and
OSE1ex analysis sets were significantly enriched for TH1- and
TH17-specific transcripts (Table 2). In the case of MOG4sp
transcripts, the overlap was lower and only significant for TH1-
specific probes. These experiments indicate a stronger overlap of
knownMS-associated immune responses involving TH cells with
OSE than with MOG EAE.

Finally, we analyzed whether EAE-associated genes
di!erentially expressed in TH1 or TH17 cells were more
closely connected to human MS. To this end, we intersected
the lists of EAE-specific and TH-specific transcripts. Immune-
related biological processes were overrepresented for CDT,
OSE4sp, and OSE1ex genes intersected with TH1-specific genes.
(Supplementary Table 9, Supplementary Figure 6). No terms

were significantly overrepresented for any TH17-specific or
MOG4sp genes.

CDT and OSE1ex genes di!erentially expressed in TH1 cells
were significantly enriched for the IMSGC MS risk genes (p
< 7 # 10!4, Table 3). The enrichment for OSE4sp did not
withstand correction for multiple testing. Neither any of the
TH17-specific gene sets nor the genes from the MOG4sp group
were enriched for these risk genes. Thus, we conclude that OSE
entails gene expression changes involving human MS gene risk
genes, especially in TH1 cells, which were not observed to the
same degree for MOG EAE.

DISCUSSION

With the identification of over 230MS risk loci in recent GWAS,
we move closer to understanding the etiology of MS. Further
research relies on adequate animal models that have to be
reassessed in the context of GWAS data. Given the interplay
of genetics and environment in human MS, spontaneous EAE
models like OSE might be more apt for studying the genetic risk
component of MS than induced EAE models that require active
experimental manipulation. In the present study, we performed
spinal cord gene expression profiling to, first, characterize
di!erences between spontaneous OSE and MOG-induced EAE
and, second, to analyze the relationship of both models to human
MS risk genes and TH cell biology.

OSE May Reflect the Etiology of MS Better
Than MOG EAE Does
In comparison to MOG EAE, gene expression changes in OSE
were stronger and more closely linked to immune pathways.
This might reflect a more complex mode of disease induction
in OSE than is the case for MOG EAE. OSE features active
B and T cell cooperation, a mechanism highly relevant for
the pathophysiology of human MS, as demonstrated by the
e!ectivity of B cell-depleting treatments (10, 11). More than
MOG EAE, OSE-specific transcripts were enriched for both
humanMS risk genes and TH cell-specific transcripts and showed

TABLE 2 | Enrichment of TH-specific transcripts.

DE transcript group DE genes Cell type Overlapping genes p-value Adjusted p-value

CDT 2,014 TH1 150 <1 ! 10"5
<8 ! 10"5

TH17 28 2.0 ! 10"2 4.0 ! 10"2

OSE4sp 2,362 TH1 195 <1 ! 10"5
<8 ! 10"5

TH17 36 2.0 ! 10"3 8.0 ! 10"3

MOG4sp 469 TH1 35 1.1 ! 10"2 3.3 ! 10"2

TH17 7 9.8 # 10!2 9.8 # 10!2

OSE1ex 693 TH1 61 2.0 ! 10"5 1.2 ! 10"4

TH17 16 1.0 ! 10"3 5.0 ! 10"3

1,080 TH1- and 145 TH17-specific transcripts were examined. P-values were computed using 100,000 permutations. Enrichments significant after Holm-Bonferroni correction for

multiple testing (eight tests) are highlighted in bold font (adjusted p-value < 0.05). DE, differentially expressed; WT, wildtype; CDT, common disease transcripts (differentially expressed

for both contrasts OSE4-OSE0 and MOG4-CFA but not in the two control contrasts OSE0-WT or CFA-WT); OSE4sp, OSE4-specific transcripts (differentially expressed for the contrast

OSE4-OSE0 but not in MOG4-CFA, OSE0-WT, or CFA-WT); MOG4sp, MOG4-specific transcripts (differentially expressed for the contrast MOG4-CFA but not in OSE4-OSE0, OSE0-WT,

or CFA-WT); OSE1ex, OSE1-expressed transcripts (differentially expressed in OSE1-OSE0 but not in OSE0-WT or CFA-WT).
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TABLE 3 | Enrichment of MS susceptibility genes among TH-specific transcripts.

DE transcript group Cell type EAE TH cell list size Overlapping genes p-value Adjusted p-value

CDT TH1 150 10 6.5 ! 10"4 5.2 ! 10"3

TH17 30 3 2.1 # 10!2 1.1 # 10!1

OSE4sp TH1 215 10 9.7 # 10!3 5.8 # 10!2

TH17 41 3 4.7 # 10!2 1.6 # 10!1

MOG4sp TH1 37 1 5.1 # 10!1 5.1 # 10!1

TH17 7 1 1.3 # 10!1 2.6 # 10!1

OSE1ex TH1 60 6 1.1 ! 10"3 7.7 ! 10"3

TH17 16 2 3.9 # 10!2 1.6 # 10!1

The p-values were computed using 100,000 permutations. Enrichments significant after Holm-Bonferroni correction for multiple testing (eight tests) are highlighted in bold font (adjusted

p-value <0.05). DE, differentially expressed; WT, wildtype; CDT, common disease transcripts (differentially expressed for both contrasts OSE4-OSE0 and MOG4-CFA but not in the

two control contrasts OSE0-WT or CFA-WT); OSE4sp, OSE4-specific transcripts (differentially expressed for the contrast OSE4-OSE0 but not in MOG4-CFA, OSE0-WT, or CFA-WT);

MOG4sp, MOG4 -specific transcripts (differentially expressed for the contrast MOG4-CFA but not in OSE4-OSE0, OSE0-WT, or CFA-WT); OSE1ex, OSE1-specific transcripts (differentially

expressed in OSE1-OSE0 but not in OSE0-WT or CFA-WT).

an overrepresentation of immune-specific gene sets. We thus
hypothesize that OSE shows advantages over MOG EAE in
studying the functional role of human MS risk genes and their
associated immune pathways.

Nevertheless, many of the di!erentially expressed genes
indicate that both EAE models faithfully recapitulate
critical functional pathways of MS, especially regarding
the role of antigen presentation and CD4+ T cells in MS
immunopathogenesis (25, 26). Transcripts for the HLA genes
H2-Eb1 and H2-Ab1, homologous to HLA-DRB5 and HLA-
DQB1, were among the most di!erentially expressed probes. The
alleles HLA-DRB5&01:01 and HLA-DQB1&06:02 are part of the
DR15-DQ6 haplotype and are, most likely because of linkage
disequilibrium with HLA-DRB1&15:01, strongly associated with
MS risk (27). In MS, memory B cells mediate autoproliferation
of brain-homing TH1 cells in a HLA-DRB1&15:01-dependent
manner (28). Interestingly, the antigen-presenting function of
MOG-specific B cells is, in cooperation with T cells, important
for the development of OSE (10). Among putative non-MHC
MS risk genes (1, 2), Cd86, Cd52, and Cd74 showed very robust
support for di!erential expression.

We could thus show that EAE, and in particular OSE,
constitutes a valuable model for studying the role of human MS
risk genes. Several previous studies support this finding: First,
humanized EAE models successfully replicated HLA-related
risk variants, including HLA-DRB&15:01 (29). Second, knockout
mice lacking the MS-associated Il7r are resistant to EAE (30).
Third, shared human and EAE risk loci exist that are linked to
TH cell di!erentiation (31). Fourth, an overlap of upregulated
genes between myelin-reactive T cells from MS patients and
encephalitogenic CD4+ T cells isolated from EAE was described
(32). Fifth, in a passive-transfer EAE study, several MS risk genes
were suggested to be implicated in the transition from in vitro-
generated MOG-specific TH17 cells to encephalitogenic CD4+ T
cells (33).

Functional pathways involving MS risk genes interact with
environmental factors to trigger an autoimmune response, as
demonstrated by the role of epigenetic factors for MS risk (1, 34).
Spontaneous EAE models might resemble gene-environment

interactions more faithfully than MOG EAE does. For instance,
in a spontaneous EAEmodel, disease onset could be prevented in
mice kept under germ-free conditions (7). In this model, a higher
incidence of EAE was observed following the transfer of the
human gut microbiome fromMS patients than when transferring
the microbiome from the patient’s healthy twin (8).

TH1-Specific Transcripts Are Enriched for
MS Risk Genes
Our gene set analyses point at a central role of lymphocyte
activation in EAE induction and shed light on the ongoing
controversy regarding the relative importance of TH1 and TH17
cells in mediating CNS autoimmunity (35). In accordance with
previous studies (9), we observed a higher di!erential expression
of selected TH1- than of TH17-specific transcripts in diseased
mice. Interestingly, a high TH1/TH17 ratio is indicative of a
lesion distribution pattern characterized by prominent spinal
cord involvement, as is the case for both EAEmodels investigated
in our study (12, 15, 36).

CDT and OSE1ex transcripts di!erentially expressed in TH1
cells were significantly enriched for MS risk genes (Table 3). We
did not observe such an enrichment for transcripts di!erentially
expressed in TH17 cells. Albeit also OSE4sp genes were only
enriched for risk genes in TH1 cells at nominal significance
(unadjusted p = 0.0097), TH1-expressed MOG4sp transcripts
showed no trend for the enrichment of MS risk genes at
all (unadjusted p = 0.51). In GO overrepresentation analyses,
immune-related biological processes like positive regulation of T
cell proliferation were significant for OSE4sp-genes di!erentially
expressed in TH1 cells, but no GO gene sets at all were
overrepresented in TH1-specific MOG4sp genes. In the context
of TH1-driven immune responses, the OSE model might thus be
linked more closely to human MS risk genes than MOG35!55

EAE is. However, TH17 cells can shift toward a TH1 phenotype
in EAE (37, 38). The TH1 markers analyzed in the EAE models
may, accordingly, reflect expression in a significant proportion of
former TH17 cells. Therefore, our findings do not argue against a
relevant impact of TH17 cells in either EAE model.
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Expression Patterns Across Different
Disease Stages Can Be Studied Using OSE
Most genes di!erentially expressed in OSE1 mice were also
recapitulated in severely a!ected OSE4 mice and showed the
same direction of regulation in both disease stages. Many factors
active in severe EAE thus also influence EAE during a mild
or, potentially, early disease course. E!ective immunotherapy is
facilitated if the same biological pathways are continuously active
throughout the entire disease. For example, the gene set response
to interferon-beta was highly overrepresented in both OSE1ex
and CDT and Cd52 was di!erentially expressed in all diseased
mice. Studying mild OSE cases might, therefore, constitute an
interesting model for defining the initial triggers of MS and the
identification of novel therapeutic options.

LIMITATIONS

Our gene expression analysis of two EAE models had several
limitations: First, the microarrays used covered only part of the
murine transcriptome and thus, some MS risk genes could not
be analyzed. Second, the statistical power of our analyses was
restricted by the sample size. Third, the initial phases of EAE are
hard to define since the disease develops over a short period. We
thus analyzed mild OSE cases as a proxy for early disease. It is,
however, unknown whether these animals would have developed
more severe EAE later.

CONCLUSIONS

Although hundreds of genetic MS risk loci have been identified,
their functional role in the etiology of the disease still has
to be resolved. Ideally, suitable animal models recapitulate
molecular and functional pathways involving these genes.
They may thus move research closer to the primary cause
and etiology of MS, thereby supporting the identification of
e!ective immunotherapies. No animal model fully reflects a
heterogeneous human disease like MS and each EAE model
available today only replicates a part of the human disease.
Researchers will thus continue to study di!erent aspects of
MS using a variety of EAE models. Our results indicate that
OSE, with its closer link to MS risk genes and TH cell
biology, may be better suited for studying the etiology of
MS and for defining specific therapeutic targets than MOG-
induced EAE is. Future studies will show whether OSE can
fulfill this promise to model the human MS genetic risk
landscape faithfully.
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Supplementary Figure 1 | Disease course of MOG EAE in C57BL/6 mice. MOG

EAE was induced in C57BL/6 mice as described in the Methods. The plot shows

mean clinical scores (n = 4) and the standard error of the mean. The disease

score of MOG EAE mice began to increase on day ten. The mice were sacrificed

when they reached a score of 4. Control mice (CFA) consistently remained at a

disease score of 0.

Supplementary Figure 2 | Efficiency of TH1 and TH17 differentiation. (A) T cells

from OSE mice were activated under TH1- and TH17-polarizing conditions and

analyzed for intracellular IL-17 and IFN-" cytokine expression by flow cytometry.

The data represent the percentage of cytokine-producing cells in the gated CD4+

populations of naïve (TH0), TH1, and TH17 cells. (B) Quantification of IL-17 and

IFN-" in the culture supernatants of TH1 and TH17 cells by ELISA. The plots show

the mean and the standard error of the mean (SEM). (C) IL-17 and IFN-" mRNA

expression of naïve (TH0), TH1-, and TH17-polarized cells quantified by real-time

PCR. The data are representative of three independent experiments. The plots

show the mean and SEM.

Supplementary Figure 3 | Overrepresented immune system pathways in OSE

and MOG EAE contrasts. The plots show overrepresented GO terms that are

descendants of the term Immune System Process (Supplementary Table 4) for

the contrasts (A) OSE1-OSE0, (B) OSE4-OSE0, (C) MOG4-CFA, and (D)

MOG4-OSE4. The -log10(FDR) from hypergeometric tests is shown on the x-axis

and used for coloring the plots (darker colors represent lower FDRs).

Supplementary Figure 4 | The top 40 overrepresented immune system

pathways in the differentially expressed transcripts groups. The plots show the top
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40 overrepresented GO terms that are descendants of the term Immune System

Process (Supplementary Table 4) for the transcript groups (A) CDT, common

disease transcripts (differentially expressed for both contrasts OSE4-OSE0 and

MOG4-CFA but not in the two control contrasts OSE0-WT or CFA-WT), (B)

OSE4sp, OSE4-specific transcripts (differentially expressed for the contrast

OSE4-OSE0 but not in MOG4-CFA, OSE0-WT, or CFA-WT), (C) OSE1ex,

OSE1-expressed transcripts (differentially expressed in OSE1-OSE0 but not in

OSE0-WT or CFA-WT). Note that no GO terms that are descendants of the term

Immune System Process were significantly overrepresented for the group

MOG4sp, MOG4-specific transcripts (differentially expressed for the contrast

MOG4-CFA but not in OSE4-OSE0, OSE0-WT, or CFA-WT). The -log10(FDR) from

hypergeometric tests is shown on the x-axis and used for coloring the plots

(darker colors represent lower FDRs).

Supplementary Figure 5 | Expression levels of Cd74 and Icam1. Diseased mice

showed an increased expression of (A) Cd74 and (B) Icam1

(Supplementary Table 2). Significance levels: & adjusted p < 0.05, && adjusted p

< 0.01, &&& adjusted p < 0.001.

Supplementary Figure 6 | The top 40 overrepresented immune system

pathways in the differentially expressed transcripts groups intersected with

TH1-specific genes. The plots show the top 40 overrepresented GO terms that are

descendants of the term Immune System Process (Supplementary Table 9) for

the transcript groups (A) CDT (common disease transcripts) intersected with

TH1-specific genes, (B) OSE4sp (OSE4-specific transcripts) intersected with

TH1-specific genes, (C) OSE1ex (OSE1-expressed transcripts) intersected with

TH1-specific genes. Note that no GO terms were significantly overrepresented for

any TH17-specific or MOG4sp genes. The -log10(FDR) from hypergeometric tests

is shown on the x-axis and used for coloring the plots (darker colors represent

lower FDRs).

Supplementary Table 1 | Results from k-means clustering (Figure 1A).

Supplementary Table 2 | Differential expression results for all analyzed contrasts.

FC, fold change; CI, 95% confidence interval.

Supplementary Table 3 | Comparison of fold changes in expression levels

between contrasts (Figures 1C,D). CI, 95% confidence interval.

Supplementary Table 4 | Results from WebGestalt gene ontology (GO)

over-representation analyses (ORA) for the analysis groups CDT, OSE4sp,

MOG4sp, and OSE1ex (see the legend of Table 1 and Supplementary Figure 5)

as well as the contrasts OSE1-OSE0, OSE4-OSE0, MOG4-CFA, and MOG4-OSE4

(Supplementary Figure 4). FDR, 5% false discovery rate. Gene sets that are

labeled in bold if they are descendants of the GO term “Immune System Process”.

Supplementary Table 5 | Differential expression results for the analysis groups

(see the legend of Table 1) CDT, CDT, OSE4sp, MOG4sp, OSE1ex, and OSE1sp.

OSE1sp transcripts were differentially expressed in OSE1-OSE0 but not in any

other contrast. FC, fold change, CI, 95% confidence interval. For CDT transcripts,

separate coefficients are provided for the two contrasts MOG4-CFA and

OSE4-OSE0.

Supplementary Table 6 | Results from the principal component analysis (PCA) of

gene expression profiles of putative MS risk genes (Figure 2A). FC, fold change,

CI, 95% confidence interval. P-values were adjusted for multiple testing using

Holm-Bonferroni correction.

Supplementary Table 7 | Results from the principal component analysis (PCA) of

gene expression profiles of TH cell-specific transcripts (Figures 3B,C). FC, fold

change; CI, 95% confidence interval. P-values were adjusted for multiple testing

using Holm-Bonferroni correction.

Supplementary Table 8 | Differential expression results for selected TH1 and

TH17 signature molecules (Figures 3D,E). DE, differentially expressed.

Supplementary Table 9 | Results from Webgestalt gene ontology (GO)

over-representation analyses (ORA) for the analysis groups CDT, OSE4sp, and

OSE1ex (see the legend of Table 1) among TH1-specific transcripts

(Supplementary Figure 6). For MOG4sp or TH17-specific transcripts, no

significant gene sets were found. FDR, 5% false discovery rate. Gene sets that are

labeled in bold if they are descendants of the GO term “Immune System Process”.
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Abstract

Background: Upon treatment with biopharmaceuticals, the immune system may produce anti-drug antibodies
(ADA) that inhibit the therapy. Up to 40% of multiple sclerosis patients treated with interferon ! (IFN!) develop
ADA, for which a genetic predisposition exists. Here, we present a genome-wide association study on ADA and
predict the occurrence of antibodies in multiple sclerosis patients treated with different interferon ! preparations.

Methods: We analyzed a large sample of 2757 genotyped and imputed patients from two cohorts (Sweden and
Germany), split between a discovery and a replication dataset. Binding ADA (bADA) levels were measured by
capture-ELISA, neutralizing ADA (nADA) titers using a bioassay. Genome-wide association analyses were conducted
stratified by cohort and treatment preparation, followed by fixed-effects meta-analysis.

Results: Binding ADA levels and nADA titers were correlated and showed a significant heritability (47% and 50%,
respectively). The risk factors differed strongly by treatment preparation: The top-associated and replicated variants
for nADA presence were the HLA-associated variants rs77278603 in IFN!-1a s.c.- (odds ratio (OR) = 3.55 (95%
confidence interval = 2.81–4.48), p = 2.1 ! 10!26) and rs28366299 in IFN!-1b s.c.-treated patients (OR = 3.56 (2.69–
4.72), p = 6.6 ! 10!19). The rs77278603-correlated HLA haplotype DR15-DQ6 conferred risk specifically for IFN!-1a s.c.
(OR = 2.88 (2.29–3.61), p = 7.4 ! 10!20) while DR3-DQ2 was protective (OR = 0.37 (0.27–0.52), p = 3.7 ! 10!09). The
haplotype DR4-DQ3 was the major risk haplotype for IFN!-1b s.c. (OR = 7.35 (4.33–12.47), p = 1.5 ! 10!13). These
haplotypes exhibit large population-specific frequency differences. The best prediction models were achieved for
ADA in IFN!-1a s.c.-treated patients. Here, the prediction in the Swedish cohort showed AUC = 0.91 (0.85–0.95),
sensitivity = 0.78, and specificity = 0.90; patients with the top 30% of genetic risk had, compared to patients in the
bottom 30%, an OR = 73.9 (11.8–463.6, p = 4.4 ! 10!6) of developing nADA. In the German cohort, the AUC of the
same model was 0.83 (0.71–0.92), sensitivity = 0.80, specificity = 0.76, with an OR = 13.8 (3.0–63.3, p = 7.5 ! 10!4).
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Conclusions: We identified several HLA-associated genetic risk factors for ADA against interferon !, which were
specific for treatment preparations and population backgrounds. Genetic prediction models could robustly identify
patients at risk for developing ADA and might be used for personalized therapy recommendations and stratified
ADA screening in clinical practice. These analyses serve as a roadmap for genetic characterizations of ADA against
other biopharmaceutical compounds.

Keywords: Multiple sclerosis, Interferon beta, Anti-drug antibodies, Human leukocyte antigen (HLA) system,
Genetics, Genome-wide association study, Prediction

Background
Interferon ! (IFN!) preparations are a treatment option
for multiple sclerosis (MS). IFN!-1a is produced in
Chinese hamster ovary cells and administered either via
intramuscular (i.m.) or subcutaneous (s.c.) injection.
IFN!-1b is raised using Escherichia coli and injected
subcutaneously. The amino acid sequence of IFN!-1b
differs at two positions from the mammalian protein [1].
Moreover, IFN!-1b is not glycosylated, which may affect
its immunogenicity, e.g., by promoting the formation of
protein aggregates [1, 2]. Posttranslational modifications
like deamidation, oxidation, and glycation can also occur
spontaneously, depending on the manufacturing and
processing of biopharmaceuticals [3]. Therefore, also
sequence-identical compounds like IFN!-1a s.c. and i.m.
can differ in their immunogenicity [1, 4].
Up to 40% of patients treated with IFN! develop anti-

drug antibodies (ADA) that bind IFN! (binding ADA,
bADA) [1, 5–7]. A subset of bADA inhibits the interaction
of IFN! with its receptor and thus neutralizes the drug’s
biological activity (neutralizing ADA, nADA) [8, 9]. Previ-
ous studies have already identified genetic factors influen-
cing the development of ADA but could not establish a
consensus on the human leukocyte antigen (HLA) alleles
[10–17] and single nucleotide polymorphisms (SNPs) [14,
15] contributing to ADA development.
The primary aim of the present, retrospective study was

to characterize the contribution of genetic risk to ADA
development by analyzing a large, cross-sectional sample
from two different sites: the Karolinska Institutet
Stockholm, Sweden (KI), and the Technical University of
Munich, Germany (TUM). In these analyses, it was an ob-
jective to establish a consensus on the heterogeneous find-
ings from previous studies, especially regarding the
associations of HLA alleles. Both bADA levels and nADA
titers were determined in the same patients, allowing for
systematic comparisons between the two antibody types.
Genome-wide association studies (GWAS) on bADA
levels, nADA titers, and nADA presence, as well as ana-
lyses of the association of imputed HLA alleles with ADA,
were conducted. As primary analyses, results were pooled
across treatments; as secondary analyses, treatment-
specific results were evaluated. The secondary aim of the

study was to use these genetic factors for the prediction of
ADA development.

Methods
Sample inclusion criteria
Patient inclusion criteria of this retrospective study were
as follows: diagnosis of either clinically isolated syn-
drome (CIS) or multiple sclerosis (MS), age at first treat-
ment with IFN! ! 18 years, availability of genotype data,
and a serum sample fulfilling the sample inclusion cri-
teria. Patients were diagnosed using the current McDo-
nald criteria at the time of diagnosis. The sample
inclusion criteria for bADA-/nADA-negative samples
were as follows: ! 12months of treatment with IFN!; if
more than one sample was eligible, the first sample
available at least 12 months after initiation of treatment
with IFN! was selected; and no previous positive screen-
ing for bADA or nADA. The sample inclusion criteria
for previously bADA-/nADA-positive samples were as
follows: ! 6 months of treatment with IFN!; if previously
treated with an IFN! product, not having been ADA-
positive during a previous IFN! treatment period; and if
more than one sample was eligible, the first sample
available at least 6 months after initiation of treatment
with IFN! was selected. Based on these criteria, 1810 pa-
tients were eligible at KI and 1488 at TUM. The respect-
ive local ethics committees approved the study, and all
participants provided written informed consent.

Power calculation
In a previous ADA GWAS, Weber et al. identified a
genome-wide significant SNP explaining 2.5% of the
variance of bADA levels [14]. To have sufficient power
for identification of additional associated variants, 2000
patients were assigned to the discovery-stage analyses. In
this dataset, 80% of statistical power can be reached for
a variant explaining 1.96% of the variance at a p value of
5 ! 10"8 (calculated using the R package pwr). Effect
sizes in the replication stage are expected to be smaller
than in the discovery stage [18]. We thus estimated that
at least 682 patients are necessary for replicating up to
ten linkage disequilibrium (LD)-independent signals with
80% power, explaining 1.7% of the variance using a one-
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sided hypothesis. Because of an expected reduction in
power due to heterogeneity and an expected decrease in
the number of available samples after titration and qual-
ity control (QC), we initially selected 800 patients for
the replication stage.

Selection of patients
To select approximately 2800 patients for ADA screen-
ing and titration, all available previously bADA-/nADA-
positive samples (n = 984) were combined with previ-
ously ADA-negative samples (n = 2314) best-matching
ADA-positive ones (Additional file 1). Propensity score
matching was conducted using the R package optmatch
[19], based on recruitment site, gender, the age at the
blood draw, the IFN! treatment preparation, the total
duration of IFN! treatment, and eight multi-dimensional
scaling (MDS) ancestry components of the genetic
identity-by-state (IBS) matrix, calculated from the geno-
type data to account for population stratification (Add-
itional file 2). From the selected patients, new bADA
levels and nADA titers (see below) could be determined
for 938 previously bADA-/nADA-positive and 1819 pre-
viously ADA-negative samples (Table 1 and Add-
itional file 3). These patients were randomized into a
discovery (n = 2000), and a replication (n = 757) set,
using adaptive randomization to minimize differences
regarding recruitment site, nADA measurement site
(Innsbruck or Copenhagen, see below), gender, the age
at the blood draw, the IFN! treatment preparation, and
the total duration of IFN! treatment.

ADA screening and titration
Binding ADA levels were measured by capture ELISA [20]
at a single site (Munich) and were calculated from optical
densities using a standard curve (Additional file 2). For

the assessment of nADA titers, measured as the inverse of
serum dilutions using a luciferase-based bioassay [21],
samples were first screened, and titration was only con-
ducted for samples positive during screening [22]. Assess-
ment of nADA titers was conducted at two separate sites
(Innsbruck and Copenhagen), to which samples were
assigned using adaptive randomization to minimize differ-
ences regarding the recruitment site, gender, the age at
the blood draw, the IFN! treatment preparation, and the
total duration of IFN! treatment. We obtained 2748 valid
measurements for nADA screening and titers as well as
2752 bADA levels; for 2743 patients; both nADA titers
and bADA levels were available (1990 in the discovery
and 753 in the replication set). The presence of nADA
was defined as samples positive in the screening for nADA
and showing a nADA titer ! 40 tenfold reduction units
per milliliter. Correlations of bADA and nADA were cal-
culated in a combined dataset of all samples. For the esti-
mation of the nADA status from bADA levels, the cutoff
was established using nested cross-validation in the dis-
covery dataset (Additional file 2). Sensitivity and specificity
were calculated by the application of this cutoff to the rep-
lication data.

Genotyping and imputation
SNPs were genotyped on Illumina microarrays, and QC
was conducted separately for KI and TUM data in
PLINK v1.90b3.44 or higher [23], as described before
[24]. Genotype data were imputed to the 1000 Genomes
Phase 3 reference panel using SHAPEIT2 and IMPUTE2
[25–27]. The resulting datasets contained 9,096,778 and
8,550,834 high-quality variants with a MAF ! 1% for KI
and TUM, respectively. HLA allele imputation was per-
formed using SNP2HLA v1.0.3/Beagle v3.04 and the
Type 1 Diabetes Genetics Consortium imputation panel,

Table 1 Sample characteristics
Treatment preparation IFN!-1a i.m. IFN!-1a s.c. IFN!-1b s.c.

Cohort KI Sweden TUM Germany KI Sweden TUM Germany KI Sweden TUM Germany

N (%) 345 (24.7) 251 (18.4) 590 (42.3) 558 (40.9) 459 (32.9) 554 (40.6)

Mean age (SD) 46.7 (9.9) 40.1 (9.6) 44.1 (9.9) 38.9 (9.6) 45.4 (10.4) 41.4 (10.4)

Female sex (%) 216 (62.6) 191 (76.1) 440 (74.6) 406 (72.8) 334 (72.8) 390 (70.4)

Median treatment duration in months (MAD) 21.0 (8.1) 40.0 (20.4) 30.0 (15.0) 55.2 (23.1) 24.9 (12.9) 46.9 (23.4)

Progressive MS (%) 60 (17.4) 34 (13.5) 120 (20.3) 90 (16.1) 130 (28.3) 128 (23.1)

nADA positive (%) 45 (13.0) 41 (16.3) 204 (34.6) 188 (33.7) 245 (53.4) 255 (46.0)

Median nADA titer (MAD) nADA-positive samples 320 (280) 320 (280) 640 (600) 1280 (1240) 320 (280) 320 (280)

Median bADA level (MAD) all samples 13.9 (6.5) 9.6 (5.7) 23.2 (13.9) 16.3 (10.5) 35.8 (19.9) 29.4 (20.0)

Median bADA level (MAD) nADA-positive samples 63.8 (42.6) 25.8 (22.3) 109.0 (84.8) 115.0 (104.0) 69.0 (37.0) 73.8 (50.7)

N (%) refers to the entire cohort, the other percentages to the respective column. The nADA and bADA measurements shown here were obtained within the
present study. Non-parametric summary statistics are provided for variables that were not normally distributed. Progressive MS = patients with a primary or
secondary progressive disease course, as opposed to clinically isolated syndrome and relapsing-remitting MS. The dataset contained 1.6% primary progressive,
0.6% progressive-relapsing, and 18.2% secondary progressive MS patients. The frequency of nADA did not differ between progressive (35.2%) and other (35.5%)
MS patients. Patients were diagnosed using the current McDonald criteria at the time of diagnosis. KI Karolinska Institutet, Sweden; TUM Technical University of
Munich, Germany; SD standard deviation; MAD median absolute deviation
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as previously described [28–30]. The extended
haplotypes were determined based on the haplotype
phasing estimated in Beagle. An additional file
provides further details on QC and imputation
(Additional file 2).

Estimation of heritability and GWAS
ADA titers/levels were transformed by rank-based in-
verse normal transformation before analyses. Sex, age,
treatment preparation, treatment duration, titration
site, and eight ancestry components were used as co-
variates in all analyses. The covariate treatment prep-
aration was also used in preparation-specific analyses
and controlled, beyond the three preparation types,
for (a) whether treatment with IFN!-1a s.c. had begun
before 2008 (change of the formulation [31]); (b) in
the TUM cohort, the dose of IFN!-1a s.c. (22 vs.
44 "g); and (c) in the KI cohort, the IFN!-1b s.c.
brand used.
The SNP heritability and genetic correlations were es-

timated with GCTA GREML on a combined dataset of
KI and TUM genotypes [32–35], using the covariates
mentioned above plus treatment preparation and the re-
cruitment site.
GWAS were conducted separately for the presence of

nADA, nADA titers, and bADA levels. ADA titers/levels
were analyzed by linear regression models, the presence
of nADA by logistic regression. GWAS were run strati-
fied by cohort (KI Sweden and TUM Germany) and by
treatment preparation (IFN!-1a i.m., IFN!-1a s.c., IFN!-
1b s.c.). For each treatment preparation, samples from
Sweden and Germany were analyzed separately in
PLINK; GWAS results were pooled per cohort using
fixed-effects meta-analysis in METAL [36]. For plots of
the ancestry components in both cohorts, see Add-
itional file 4. In the primary analysis (GWAS across
treatment preparations), the three treatment groups
were subsequently pooled by fixed-effects meta-analysis.
The threshold for genome-wide significance was ! = 5 !
10"8. For replication, the significance threshold ! was
corrected for the total number of variants analyzed
across all SNP-based analyses in the replication phase
(n = 16) using Bonferroni’s method, i.e., ! = 0.05/16 = 3 !
10"3. SNPs prioritized for replication had to fulfill the
following criteria: (I) genome-wide significance (p < 5 !
10"8) in the discovery-stage GWAS; (II) within each win-
dow of 100,000 bp, only the SNP with the lowest p value
was selected; and (III) LD with SNPs showing lower p
values had to be r2 < 0.2 in each cohort. Although we
used a study design involving discovery and replication,
for completeness, association results in the pooled
complete dataset are reported as secondary results. More
details are provided in Additional file 2.

Permutation analyses
All replicated associations from hypothesis-free linear
regression analyses were validated using permutation
analyses. In these analyses, the null distribution of test
statistics was empirically determined by repeating re-
gression analyses either 200 million or 1 million times
with random sampling of phenotype data. To calculate a
p value, the number of tests was counted where a model
with a random genotype-phenotype association showed
the same or a more extreme p value than the correct,
non-randomized model; this number was divided by the
total number of tests (200 or 1 million). Permutation-
based p values were pooled per cohort and treatment
using Stouffer’s Z-score method [37]. For GWAS vari-
ants, 200 million permutations per dataset (discovery/
replication), cohort, and treatment preparation were car-
ried out (allowing for p values down to 1 ! 10"8); for
stepwise conditional models and HLA alleles, the default
was 1 million permutations per group (for p values down
to 1 ! 10"6). If these permutation p values were < 1!
10"6, 200 million permutations were conducted. If the
permutation p values were < 1 ! 10"8, they were set to
1 ! 10"8.

EQTL analyses
The significant cis-expression quantitative trait loci
(eQTLs) in whole blood were looked up in the GTEx v8
database (https://gtexportal.org/) downloaded on April 1,
2020 (dbGaP accession number phs000424.v8.p2) [38].

Gene-set analyses
Gene-set analyses were conducted with MAGMA v1.07b
[39]. First, SNPs within gene boundaries were annotated
to RefSeq genes (0 bp window). Second, gene analysis
was performed on the pooled GWAS summary statistics,
based on LD information from the 1000 Genomes EUR
reference panel, using both mean- and top-SNP gene
models. Third, gene-level analyses used a combination
of the curated 186 KEGG and 1499 Reactome pathways
from the MSigDB 7.0 database gene sets [40].

HLA and stepwise conditional analyses
The association of HLA alleles was analyzed in R v3.3 or
higher. As in the GWAS, sex, age, treatment preparation
and duration, titration site, and eight ancestry compo-
nents were used as covariates. Separate regression
models were run per cohort and treatment preparation,
followed by a two-level meta-analysis: results were com-
bined using fixed-effects meta-analysis first by cohort
and then by preparation. For assessment of significance,
we applied Bonferroni correction for testing 131 alleles
and extended haplotypes [41] (rounded down to ! = 3 !
10"4). In the replication phase, we corrected for multiple
testing of 41 HLA alleles and haplotypes prioritized
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across all analyses (rounded down to ! = 1 ! 10"3). Note
that the associations of all HLA alleles and haplotypes
presented in this study also reached genome-wide sig-
nificance (p < 5 ! 108) in the pooled analyses of dis-
covery and replication samples, except for the super-
extended haplotypes C7-DQ6 and A3-DQ6, which
reached a p < 10 ! 10"8.
Stepwise conditional regression was conducted, as pre-

viously described [42, 43], first only for HLA alleles and
then for a joint dataset of HLA alleles and SNPs map-
ping to the extended MHC region. In brief, the associ-
ation of all alleles/SNPs was first tested in separate
regression models. The top-associated allele/SNP was
then added as a covariate to the regression model, and
the analysis was repeated for all remaining alleles/SNPs.
This addition of top-associated alleles/SNPs as covariates
was repeated until no allele/SNP was significant any-
more after correction for multiple testing.

Polygenic risk scores (PRS) and prediction of nADA
PRS were calculated in R v3.33 using imputed genetic
data, as described previously [44, 45]. For each PRS, the
effect sizes of variants from the discovery-stage analyses
(training data), below a selected discovery-stage p value
threshold, were multiplied by the imputed SNP dosage
in the replication-stage test data and then summed to
produce a single PRS per threshold. For each analysis
group, eight PRS based on different GWAS p value
thresholds were calculated on the discovery data. More
details are provided in Additional file 2.
For the prediction of the presence of nADA in the rep-

lication dataset, logistic regression of the eight PRS, the
top single GWAS variant, and the top HLA allele from
the discovery stage was conducted using the GWAS
models. The area under the receiver operating character-
istic curve (AUC) was calculated using the R package
pROC, its 95% confidence interval (CI) with the function
ci.auc (2000 stratified bootstrap replicates). At this stage,
we adapted the significance threshold for ten tests using
the Bonferroni correction (Fig. 3a, b). For each treatment
preparation, the model with the highest AUC was se-
lected. The performance of all top models was subse-
quently compared, with a significance threshold adapted
for 160 comparisons (! = 3.13 ! 10"4, Fig. 3c).
The sensitivity and specificity of the predictions were

calculated using the package OptimalCutpoints, maxi-
mizing both measures (MaxSpSe). To avoid overfitting,
the cutpoint was selected using nested cross-validation
with three outer and four inner folds. In each outer
cross-validation instance, the cutoff producing the max-
imum sensitivity across three inner cross-validation folds
was tested on the remaining fold. Nested cross-
validation was repeated 100 times, and the mean cutoff
of the 100 repetitions was used as the final cutoff.

Nagelkerke’s pseudo-R2 was calculated using the package
fmsb. For a comparison of patients either at low or high
genetic risk, patients within the lower 30% of genetic risk
were compared to the patients in the upper 30%. We ini-
tially selected a 10% cutoff for this contrast and in-
creased it in 10% steps until the sample size in the
replication dataset sufficed for the stable convergence of
regression models.

Results
From 2757 MS patients recruited in Sweden and
Germany and treated with three different IFN! prepara-
tions (Table 1), bADA levels were measured by capture
ELISA [20] and nADA titers using a luciferase-based
bioassay [21, 22] (Additional files 1-3). The bADA levels
were correlated with nADA presence (Spearman " =
0.66) and nADA titers (" = 0.71). Compared to the pres-
ence of nADA determined via screening and titration,
estimation of the nADA status from bADA levels had a
sensitivity = 0.85 and a specificity = 0.84 (Fig. 1).

SNP heritability and genetic correlations
The SNP-based heritability estimated from the genotype
data was h2g = 0.47 (standard error (SE) = 0.15, p = 1.4 !
10"4) for the inverse-normal transformed bADA levels
and h2g = 0.50 (SE = 0.15, p = 2.9 ! 10"4) for the trans-
formed nADA titers. The SNP heritability of the pres-
ence of nADA was h2go = 0.48 on the observed scale
(SE = 0.15, p = 4.9 ! 10"4) and, assuming an incidence of
0.35 for ADA, h2gl = 0.79 (SE = 0.25) on a liability scale.
Genetic correlations of bADA levels with nADA pres-
ence (rg = 0.89, SE = 0.14, p = 1.2 ! 10"3) and titers (rg =
0.95, SE = 0.11, p = 7.0 ! 10"4) were very high.

Outline of the genetic association analyses
To improve control for type I errors, patients were ran-
domized a priori into a discovery (n = 2000) and a repli-
cation (n = 757) set for all genetic association analyses
(Additional file 3). The sizes of both datasets were
guided using a power calculation (see the “Methods”
section). We conducted three separate analyses: first, a
pooled analysis of all three treatment preparation
groups; second, an analysis of patients treated with
IFN!-1a s.c.; and third, an analysis of patients treated
with IFN!-1b s.c. For each of these three analysis levels,
we conducted separate GWAS of nADA presence,
nADA titers, and bADA levels. Because of the small
number of IFN!-1a i.m.-treated patients with ADA in
the present study, we did not analyze this treatment
preparation on its own. In addition to the GWAS, we
analyzed imputed HLA alleles in the same manner. To
estimate the number of independent association signals
in the major histocompatibility complex (MHC) region,
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we carried out conditional analyses in a combined data-
set of GWAS variants and HLA alleles.
In all GWAS, only variants within the MHC region

were significant on a genome-wide scale (p < 5 ! 10"8) in
the discovery-stage analyses and replicated (Add-
itional files 5-10). There was no indication for systematic
inflation of test statistics; all genomic inflation factors #
were in the expected range (Additional file 11).

GWAS across IFN! preparations
In the discovery GWAS of nADA presence across all three
treatment preparation groups, the strongest association
was observed for the insertion TTTTTTT of the variant
rs9281971, which was associated with decreased risk for
nADA (Table 2 and Additional files 12 and 13). This in-
sertion had a frequency of 36.0% in Swedish and 38.6% in

German patients. No other genome-wide significant vari-
ant with linkage disequilibrium (LD) r2 < 0.2 with the top
signal was identified. The insertion replicated at genome-
wide significance and was also the top association signal
when pooling discovery and replication data (discovery:
odds ratio (OR) = 0.59 (95% confidence interval (CI) =
0.50–0.69), p = 1.9 ! 10"11; replication: OR = 0.44 (0.32–
0.59), pone-sided = 2.4 ! 10"08; discovery + replication: OR =
0.55 (0.48–0.63), p = 2.3 ! 10"17). Inversely, for each copy
lacking the insertion TTTTTTT at this site, the OR asso-
ciated with risk for nADA was thus 1.82 (1.58–2.08). This
association was supported in all three treatment groups
but was strongest in IFN!-1a s.c.-treated patients (Add-
itional file 14). Because the MHC region shows long-range
LD patterns, we conducted stepwise conditional regres-
sion analyses in the pooled dataset (discovery +
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optimized the maximum sensitivity and specificity in the discovery data. This cutoff had a sensitivity = 0.83 and a specificity = 0.82 in the discovery
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bADA levels in the combined dataset stratified by nADA presence. d Comparison of log10 bADA levels to log10 nADA titers in the combined
dataset, colored by nADA presence
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replication) to estimate the number of independently asso-
ciated signals. No variant except rs9281971-TTTTTTT
was significantly associated with nADA presence on a
genome-wide scale (Additional file 15).
In addition to the analysis of the dichotomous nADA

presence, we also conducted GWAS for the quantitative
measures nADA titers and bADA levels. In both cases,
the top-associated and replicated SNP was rs9271377
(Table 2). As a secondary analysis, we pooled the discov-
ery and replication GWAS. Here, variant rs9281971-
TTTTTTT was the strongest association for nADA ti-
ters (9558 base pairs (bp) downstream from rs9271377;
LD r2 = 0.39 in Swedish and r2 = 0.51 in German pa-
tients). For bADA levels, SNP rs9272071 (2759 bp down-
stream from rs9271377; r2 = 0.77 in Swedish and r2 =
0.81 in German patients) was the top pooled association.
These associations were supported in all three treatment
groups, but to a lesser degree in IFN!-1a i.m.-treated pa-
tients (Additional file 14). Because of possible deviations
from normality, the associations of all replicated ADA
variants were confirmed using nonparametric permuta-
tion analyses (Additional file 12). In stepwise conditional
regression analyses in the pooled dataset, rs9281971-
TTTTTTT was the only significant variant for nADA ti-
ters, while four variants reached significance for bADA
levels (rs9272071, rs28746882, rs1265086, and HLA-
DRB1*04:04 (Additional file 13)).
The three top-associated variants map directly up-

stream of the gene HLA-DQA1 (rs9271377 18.0 kbp,
rs9281971 8.5 kbp, and rs9272071 5.7 kbp upstream
(Additional file 13)). The variants were all in weak to
moderate LD with the HLA allele DQA1*05:01 (LD
range: 0.31 ! r2 # 0.50) and part of cis-expression quanti-
tative trait loci (eQTLs) with HLA-DRB5 (GTEx v8, see
Additional file 16) [38]. In gene-set analyses using KEGG
and Reactome gene sets [39, 40], several immune-related
pathways were significant after correction for multiple
testing, e.g., “antigen processing and presentation,”
“Translocation of ZAP-70 to Immunological synapse,”
and “PD-1 signaling” (Additional file 17).

Treatment-specific GWAS: IFN!-1a s.c.
Forest plots of effect sizes in treatment preparation sub-
groups suggested that preparation-specific genetic risk
factors may exist (Additional file 10). Therefore, we also
conducted analyses separately for the two main treat-
ment preparations used in our cohorts (IFN!-1a s.c. and
IFN!-1b s.c.). We did not conduct hypothesis-free
preparation-specific analyses for IFN!-1a i.m., due to its
much lower number of ADA-positive patients (Table 1).
In GWAS of nADA presence and nADA titers in

IFN!-1a s.c.-treated patients, variant rs77278603 was
genome-wide significant in the discovery stage and con-
firmed in the replication dataset (OR = 3.55 (2.81–4.48),

p = 2.1 ! 10"26; Table 3 and Additional file 12). The vari-
ant maps downstream of HLA-DRB5 (Additional file 18).
In the secondary meta-analysis of discovery and replica-
tion GWAS, two different but correlated SNPs upstream
of HLA-DQA1 were the most strongly associated signals,
rs9271700 for nADA presence and rs9271673 for nADA
titers (Table 3 and Additional file 12). Both variants were
significant eQTLs with an HLA-DRB5 transcript (Add-
itional file 16). All three SNPs associated with nADA in
IFN!-1a s.c.-treated patients were in LD with the HLA
allele HLA-DRB1*15:01 (r2 ! 0.71).
For bADA levels in IFN!-1a s.c.-treated patients,

rs9281962 was the top-associated variant in both the dis-
covery and pooled analysis (Table 3 and Add-
itional file 12), which was in very high LD with the
nADA-associated SNPs rs9271700 and rs9271673 (r2 !
0.93). In stepwise conditional regression analyses in the
pooled dataset, none but the respective top-associated
variants were significantly associated with IFN!-1a s.c.-
induced ADA (Additional file 15).
Notably, none of the variants associated at genome-

wide significance with ADA measurements in IFN!-1a
s.c.-treated patients showed statistical support for an as-
sociation in IFN!-1b s.c.-treated patients with p < 0.001
in the discovery stage (Additional files 12 and 19). When
analyzing both IFN!-1a preparations together, results
were highly similar to when analyzing IFN!-1a s.c.-
treated patients alone (Additional file 12).

Treatment-specific GWAS: IFN!-1b s.c.
In IFN!-1b s.c.-treated patients, SNP rs28366299 was
significantly associated with nADA presence in both the
discovery and pooled analysis (OR = 3.56 (2.69–4.72),
p = 6.6 ! 10"19; Table 4 and Additional file 12). It maps
upstream of HLA-DRB1, which is correlated with HLA-
DQA1*03:01 (r2 ! 0.46) and an eQTL with an HLA-
DQA2 transcript (Additional files 16 and 20). We con-
firmed the association of this SNP with nADA presence
in a published, independent study on 941 IFN!-1b s.c.-
treated patients [15], where it replicated robustly (OR
2.37 (1.81–3.08), one-sided p = 9.88 ! 10"11; meta-
analysis with the present study: OR 2.87 (2.37–3.48), p =
7.74 ! 10"27). The same variant was also associated with
nADA titers (Table 4 and Additional file 12). SNP
rs9272775, intronic in HLA-DQA1 and correlated with
rs28366299 (r2 ! 0.79), was the top variant in the pooled
analysis of nADA titers. In the independent study [15],
variant rs9272775 replicated with one-sided p = 6.05 !
10"17 (meta-analysis p = 7.62 ! 10"40).
The analysis of bADA levels in IFN!-1b s.c.-treated

patients produced similar results (Table 4 and Add-
itional file 12). In the discovery stage, rs78279385 (LD
with rs9272775 r2 ! 0.88) was the variant showing the
most robust support for an association. In the meta-
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analysis of discovery and replication GWAS, rs9272775
was the top-associated SNP. None of the variants associ-
ated at genome-wide significance with any ADA meas-
urement in IFN!-1b s.c.-treated patients showed
statistical support for an association in IFN!-1a s.c.-
treated patients with p < 0.009 in the discovery stage
(Additional files 12 and 21).
In stepwise conditional regression analyses,

rs559242105, in LD with HLA-DPB1*03:01 (r2 ! 0.78),
was identified as a secondary signal for nADA presence
and titers when conditioning for the respective top SNP
(Additional file 15). In stepwise conditional analyses of
bADA levels, the allele HLA-DRB1*04:01 reached a
lower p value ($ = 0.61, p = 8.3 ! 10"20) than the top
GWAS variant rs9272775 ($ = 0.41, p = 1.6 ! 10"19). Note
that this constitutes the only analysis where an HLA al-
lele reached a lower p value than the best available SNP.
In this analysis, variant rs17205731 was identified as a
significant secondary signal. The two secondary variants
rs559242105 (nADA presence/titers) and rs17205731
(bADA levels) are not in LD with each other; both map to
HLA-associated loci further downstream than the primary

association signal (Additional file 20). The variant
rs559242105 was independent of HLA-DRB1*04:01
(nADA titers without conditioning for HLA-DRB1*04:01:
p = 5.2 ! 10"10, conditioned for HLA-DRB1*04:01: 1.1 !
10"08). Possibly, the secondary signal of rs559242105
corresponds to the protective association observed for
HLA-DPB1*03:01 (conditional model of HLA-DPB1*03:01
OR= 0.49 (0.35–0.69), p = 4.7 ! 10"05) (Additional file 15).

Analysis of HLA variants across IFN! preparations
Most previous studies have not conducted GWAS but
instead analyzed the association of HLA alleles with
ADA. Therefore, we also conducted a dedicated associ-
ation analysis of imputed HLA alleles with ADA
(Table 5). In this secondary analysis, the discovery-stage
significance threshold was set to ! = 3 ! 10"4, corre-
sponding to the Bonferroni correction for 131 analyzed
alleles and extended haplotypes. The full list of signifi-
cantly associated HLA alleles and haplotypes is shown in
(Additional file 22). In analyses of nADA presence and
nADA titers across all treatment preparations, no HLA

Table 5 Selected significant HLA alleles and haplotypes
ADA Allele/HT AF (KI) AF (TUM) OR/! (Disc.) p (Disc.) OR/! (Repl.) p(one-sided) (Repl.) OR/! (Pool.) p (Pool.)

All preparations: risk alleles

bADA levels HLA-DQA1*01:02 0.42 0.36 0.18! 1.6 ! 10!08 0.17! 3.7 ! 10!04 0.17! 4.8 ! 10!11

bADA levels B7-DQ6 0.18 0.17 0.17! 8.6 ! 10!06 0.21! 3.8 ! 10!04 0.18! 2.7 ! 10!08

All preparations: protective alleles

bADA levels DR3-DQ2 0.13 0.12 ! 0.23! 9.6 ! 10!08 ! 0.21! 6.7 ! 10!04 ! 0.23! 5.0 ! 10!10

IFN!-1a s.c.: risk alleles

nADA pres. DR15-DQ6 0.34 0.30 2.73OR 3.1 ! 10!14 3.41OR 1.5 ! 10!07 2.89OR 7.4 ! 10!20

nADA titer DR15-DQ6 0.34 0.30 0.36! 1.3 ! 10!15 0.32! 2.3 ! 10!07 0.35! 3.6 ! 10!21

bADA levels DR15-DQ6 0.34 0.30 0.44! 6.8 ! 10!15 0.45! 4.4 ! 10!08 0.44! 3.5 ! 10!21

IFN!-1a s.c.: protective alleles

nADA pres. DR3-DQ2 0.13 0.12 0.40OR 9.1 ! 10!07 0.29OR 4.0 ! 10!04 0.37OR 3.7 ! 10!09

nADA titer DR3-DQ2 0.13 0.12 ! 0.31! 8.6 ! 10!08 ! 0.28! 5.0 ! 10!04 ! 0.30! 3.4 ! 10!10

bADA levels DR3-DQ2 0.13 0.12 ! 0.41! 2.1 ! 10!08 ! 0.40! 1.5 ! 10!04 ! 0.41! 2.5 ! 10!11

IFN!-1b s.c.: risk alleles

nADA pres. HLA-DRB1*04:01 0.09 0.07 6.82OR 3.4 ! 10!13 14.7OR 1.7 ! 10!07 7.95OR 1.4 ! 10!18

nADA pres. DR4-DQ3 0.07 0.05 6.23OR 1.2 ! 10!09 14.7OR 6.1 ! 10!06 7.35OR 1.5 ! 10!13

nADA titer HLA-DRB1*04:01 0.09 0.07 0.56! 4.1 ! 10!15 0.56! 9.2 ! 10!06 0.56! 3.7 ! 10!19

nADA titer DR4-DQ3 0.07 0.05 0.50! 1.6 ! 10!09 0.54! 1.3 ! 10!04 0.51! 1.9 ! 10!12

bADA levels HLA-DRB1*04:01 0.09 0.07 0.62! 4.6 ! 10!15 0.61! 1.8 ! 10!06 0.62! 8.7 ! 10!20

bADA levels DR4-DQ3 0.07 0.05 0.56! 4.9 ! 10!10 0.53! 2.2 ! 10!04 0.56! 9.0 ! 10!13

Selected four-digit HLA alleles and extended haplotypes that were significantly associated (p < 3 ! 10!4) with an ADA measurement and replicated (pone-sided < 1 !
10!3). Alleles that are part of one of the listed extended haplotypes and showed a similar or weaker association than the haplotypes and which did not remain
significant when conditioning for the haplotypes are not displayed separately. For nADA presence, odds ratios are provided (marked by OR), and for quantitative
ADA measures effect sizes (marked by !). For a detailed table of all results, see Additional file 22. For forest plots of each association, including treatment
preparation-specific effects, see Additional files 14, 19, and 21. HT haplotype; AF allele frequency; KI Karolinska Institutet, Sweden; TUM Technical University of
Munich, Germany; " effect size; OR odds ratio; Disc discovery; Repl. replication; Pool. pooled; pres.presence. Abbreviations of the haplotypes: B7-DQ6, HLA-B*07:02 +
HLA-DRB1*15:01 + HLA-DQA1*01:02 + HLA-DQB1*06:02; DR15-DQ6, HLA-DRB1*15:01 + HLA-DQA1*01:02 + HLA-DQB1*06:02; DR3-DQ2, HLA-DRB1*03:01 + HLA-
DQA1*05:01 + HLA-DQB1*02:01; DR4-DQ3, HLA-DRB1*04:01 + HLA-DQA1*03:01 + HLA-DQB1*03:02
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allele was significant after correction for multiple testing
and replicated.
For bADA levels, the top-associated and replicated

HLA risk allele across preparations was HLA-DQA1*01:
02 (p = 4.79 ! 10"11). This allele is part of the extended
ancestral haplotype B7-DQ6 (the combined presence of
HLA-B*07:02, HLA-DRB1*15:01, HLA-DQA1*01:02, and
HLA-DQB1*06:02 on the same chromosome), which was
also associated (p = 2.70 ! 10"8). However, conditional
analyses indicated an independent effect of HLA-
DQA1*01:02 from the extended haplotype (Add-
itional file 22). The extended ancestral haplotype DR3-
DQ2 (the combined presence of HLA-DRB1*03:01, HLA-
DQA1*05:01, and HLA-DQB1*02:01 on the same
chromosome) was the top protective association for
bADA levels across preparations (p = 4.97 ! 10"10; Table
5 and Additional file 22). In conditional analyses, none
of these HLA associations was independent of the top
bADA SNP rs9271377 (Additional file 22).

Treatment-specific HLA analyses
For many identified HLA alleles, support for an associ-
ation was predominantly observed in patients treated
with either IFN!-1a s.c. or -1b s.c. but not in both
groups simultaneously (Additional file 14).
When analyzing IFN!-1a s.c.-treated patients, allele

HLA-DQB1*06:02 and the ancestral haplotype DR15-
DQ6, both smaller subsets of B7-DQ6, were the HLA
risk variants showing the most robust support for an as-
sociation in each of the three ADA measurements
(DR15-DQ6 nADA presence: OR = 2.88 (2.29–3.61), p =

7.4 ! 10"20; Fig. 2a, Table 5 and Additional file 22). All
other risk alleles associated with IFN!-1a s.c.-induced
ADA were part of this extended haplotype and did not
remain significant when conditioning for DR15-DQ6.
None of these variants passed the discovery-stage signifi-
cance threshold in patients receiving IFN!-1b s.c. (Add-
itional file 19). When conditioning the IFN!-1a s.c.-
associated risk HLA haplotype and alleles for the top
GWAS SNP rs77278603, none of the HLA signals
remained significant (Additional file 22). The DR15-DQ6
risk association from the HLA analysis thus likely corre-
sponds to the GWAS association of rs77278603 and cor-
related SNPs.
The ancestral haplotype DR3-DQ2 and its allele HLA-

DQB1*02:01 were the protective alleles showing the low-
est p values in IFN!-1a s.c.-treated patients (DR3-DQ2
nADA presence: OR = 0.37 (0.27–0.52), p = 3.7 ! 10"9;
Table 5 and Additional file 22), with all other protective
alleles being part of this extended haplotype. No other
allele remained significant when conditioning for DR3-
DQ2. None of these variants were significantly associated
in patients treated with IFN!-1b s.c. (e.g., DR3-DQ2,
nADA presence p = 0.27) or IFN!-1a i.m. after correc-
tion for multiple testing (Additional files 19 and 22).
In IFN!-1b s.c.-treated patients, HLA-DRB1*04:01 was

the risk allele that showed the most robust support for
an association for all three ADA measurements, and all
associated alleles were part of the haplotype DR4-DQ3
(the combined presence of HLA-DRB1*04:01, HLA-
DQA1*03:01, and HLA-DQB1*03:02 on the same
chromosome). The pooled association strength of DR4-

IFNb-1bIFNb-1a s.c. PooledIFNb-1a i.m. IFNb-1bIFNb-1a s.c. PooledIFNb-1a i.m.
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Fig. 2 Treatment-specific HLA haplotypes. a, b The association of nADA titers for selected extended haplotypes showing strong treatment-specific
effects. For association statistics, see Table 5 and Additional file 22. Disc. = discovery, Repl. = replication. a The association of the DR15-DQ6
haplotype with nADA titers is specific for IFN!-1a s.c. b The association of the DR4-DQ3 haplotype with nADA titers is specific for IFN!-1b s.c
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DQ3 for nADA presence was OR = 7.35 (4.32–12.47),
p = 1.5 ! 10"13 in patients treated with IFN!-1b s.c. (Fig.
2b, Table 5, and Additional file 22). Of note, when con-
ditioning for DR4-DQ3, the association of HLA-
DRB1*04:01 remained significant, suggesting it to consti-
tute the primary signal (Additional file 22). However,
statistical power for fine-mapping this signal was limited
because of the low allele frequencies of the allele and the
haplotype (Table 3). These alleles and the haplotype
were not significantly associated in IFN!-1a s.c.-treated
patients (e.g., DR4-DQ3, nADA presence for IFN!-1a
s.c., p = 0.22 (Additional files 21 and 22)). In conditional
analyses of the IFN!-1b s.c.-associated risk HLA haplo-
type and alleles for the top GWAS SNP rs28366299,
HLA-DRB1*04:01 and DR4-DQ3 remained significant
(Additional files 15 and 22) and vice versa (Add-
itional file 8), indicating that rs28366299 represents an
independent signal from the HLA association. There
were no significant protective alleles for patients receiv-
ing IFN!-1b s.c.

Analysis of candidate variants
As a secondary analysis, we analyzed the association of
SNPs and HLA alleles previously published to be associ-
ated with ADA (Table 6 and Additional file 23). Here,

we used the Bonferroni correction for 20 SNPs and al-
leles, corresponding to a significance threshold of ! =
2.5 ! 10"3. We found support for an association of 15 of
the 20 candidate variants (Table 6), but not for SNP
rs4961252 (which does not map to the MHC region),
the MHC class I alleles, or the HLA-DRB1*11 alleles.
Notably, HLA-DRB1*04:08 was only associated with
bADA levels and nADA titers but not with nADA pres-
ence, HLA-DRB1*16:01 only with bADA levels. In
follow-up analyses, we observed that these two HLA al-
leles were also associated with nADA titers in nADA-
positive patients (Table 6 and Additional file 23).

Prediction of ADA
We predicted the occurrence of nADA in the replication
dataset using the genetic models derived in the discovery
dataset. For each treatment preparation, we analyzed
eight polygenic risk scores (PRS), the top single GWAS
variant, and the top HLA allele from the discovery stage
(Fig. 3a, b and Additional files 24 and 25). Based on the
AUC, the best predictions were achieved in models ei-
ther featuring only the top variant or by PRS consisting
of variants showing strong support for an association
(Fig. 3). We thus did not observe evidence for a highly
polygenic inheritance of nADA development.

Table 6 Association of candidate variants
Measurement SNP/HLA allele First publication Published effect direction OR/! (pooled) p(one-sided) (all prep.) p(one-sided)

(IFN!-1a s.c.)
p(one-sided)
(IFN!-1b s.c.)

nADA presence rs2454138-A [15] risk 1.40OR 1.59 ! 10!05 9.65 ! 10!01 2.41 ! 10!16

nADA presence rs522308-T [15] risk 1.39OR 2.06 ! 10!05 9.80 ! 10!01 8.76 ! 10!17

nADA presence rs9272105-A [14] protective 0.62OR 1.21 ! 10!13 2.76 ! 10!12 1.14 ! 10!05

nADA presence HLA-DQA1*02:01 [16] risk 1.27OR 2.12 ! 10!02 5.74 ! 10!01 2.99 ! 10!04

nADA presence HLA-DRB1*04:01 [12] risk 1.76OR 9.46 ! 10!06 8.71 ! 10!01 1.62 ! 10!19

nADA titer HLA-DRB1*04:08 [12] risk 1.14! 7.50 ! 10!09 1.56 ! 10!05 6.21 ! 10!05

nADA titer in
nADA-positive

HLA-DRB1*04:08 [12] risk 0.48! 2.32 ! 10!03 2.45 ! 10!02 3.59 ! 10!04

nADA presence HLA-DRB1*07:01 [10] risk 1.28OR 1.90 ! 10!02 5.47 ! 10!01 3.03 ! 10!04

nADA presence HLA-DRB1*08:01 [13] risk 1.38OR 2.52 ! 10!02 1.66 ! 10!05 9.14 ! 10!01

nADA presence HLA-DRB1*15:01 [13] risk 1.32OR 6.27 ! 10!05 4.24 ! 10!19 1.00 ! 100

bADA levels HLA-DRB1*16:01 [11] risk 0.54! 7.10 ! 10!06 1.12 ! 10!02 3.34 ! 10!05

nADA titer in
nADA-positive

HLA-DRB1*16:01 [11] risk 0.62! 2.11 ! 10!04 2.93 ! 10!01 5.07 ! 10!05

nADA presence HLA-DQA1*05:01 [13] / [16] protective 0.68OR 3.09 ! 10!07 3.15 ! 10!09 4.59 ! 10!03

nADA presence HLA-DQB1*02:01 [16] protective 0.65OR 6.24 ! 10!06 1.46 ! 10!09 1.94 ! 10!01

nADA presence HLA-DRB1*03:01 [11] / [16] protective 0.65OR 5.43 ! 10!06 1.55 ! 10!09 1.83 ! 10!01

nADA presence HLA-DRB1*04:04 [11] protective 0.56OR 2.29 ! 10!03 6.91 ! 10!03 1.03 ! 10!01

The table shows previously published SNPs and HLA alleles that showed a one-sided p < 2.5 ! 10!3 (Bonferroni correction for 20 tests) either in the pooled analysis
across treatment preparations or in the analysis of IFN!-1a s.c.-treated or IFN!-1b s.c.- treated patients. P values below this threshold are labeled in bold font. For
nADA presence, odds ratios are provided (marked by OR), and for quantitative ADA measures effect sizes (marked by !), both refer to the pooled analysis across
treatment preparations. For a detailed table of all results, see Additional file 23. " effect size; OR odds ratio; prep treatment preparations. “nADA titer in nADA-
positive” refers to an analysis of nADA titers restricted to nADA-positive patients
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Interestingly, only treatment-specific predictions were
significant; IFN!-1a s.c.-specific models could not pre-
dict nADA in IFN!-1b s.c.-treated patients and vice

versa (Fig. 3c and Additional file 26). Prediction models
containing either the top PRS or SNP showed distinctly
increased AUCs, Nagelkerke’s pseudo-R2, sensitivities, and
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Fig. 3 Prediction of nADA. Treatment-specific prediction of the presence of nADA in the replication data. Eight PRS, the top single GWAS
variant, and the top HLA allele from the discovery stage were analyzed, with sex, age, treatment preparation and duration, titration site,
and ancestry components as covariates. The plots show the area under the receiver operating characteristic curve (AUC) and its 95%
confidence interval (CI) calculated using bootstrapping. Bonferroni = significant after Bonferroni correction for multiple testing; nominal =
nominally significant (p < 0.05); n.s. = not significant. a, b AUC of all ten prediction models for a IFN!-1a s.c. and b IFN!-1b s.c.;
Bonferroni correction for ten tests. c The model with the highest AUC for each treatment preparation, Bonferroni correction for 160 tests
(! = 3.13 ! 10!4). Boxes show the prediction groups (replication data) and columns within each box the training data groups
(discovery data)
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specificities over models containing only the covariates
(Table 7).
Finally, patients with a high and low genetic risk

burden were contrasted [46]. To this end, patients
within the upper 30% of the top-associated PRS were
compared to the patients within the lower 30%. This
specific threshold was set to allow for a large enough
sample size in the replication dataset for the stable
convergence of regression models when conducting
cross-validation. In addition, the respective top SNP
was analyzed using dominant coding, thereby compar-
ing no copy of the risk allele to any copy. Here, the
best prediction was achieved for patients treated with
IFN!-1a s.c. (Table 7). In the Swedish cohort, it had
an AUC = 0.91 (CI = 0.85–0.95), pseudo-R2 = 0.59, sen-
sitivity = 0.78, and specificity = 0.90. Patients with the
top 30% of genetic risk had, compared to patients in
the bottom 30%, an OR = 73.9 (CI = 11.8–463.6, p =
4.4 ! 10"06) of developing nADA. In the German co-
hort, the same model had an AUC = 0.83 (0.71–0.92),
pseudo-R2 = 0.38, sensitivity = 0.80, and specificity =
0.76; the OR of patients with the top 30% of genetic
risk was 13.8 (3.0–63.3, p = 7.5 ! 10"4).

Discussion
Several studies have previously assessed genetic risk
factors for ADA. They were limited by much smaller
sample sizes, only analyzed a single population, fo-
cused mostly on HLA alleles, or did not consistently
assess ADA with sensitive and validated methods.
The latter is also reflected in the increased number of
nADA-positive samples in the measurements con-
ducted for the present study, compared to previous
results (Additional files 1 and 3). Most importantly,
the existing studies neither reached a consensus on
genetic risk factors nor could they delineate a robust
prediction model for ADA. To our knowledge, the
present study constitutes the most extensive genetic
characterization of ADA risk to date, is the first sys-
tematic comparison of the genetics of different ADA
types, and includes the first genetic prediction model
for ADA against IFN!.

Previously reported genetic risk factors
All genetic variants robustly associated with ADA in
the present study map to the MHC region and are
linked to the expression of HLA genes or amino acid

Table 7 Treatment-specific prediction of the presence of nADA in the replication data
Preparation Model Cohort OR 95% CI p AUC R2 Sensitivity Specificity

IFN!-1a s.c. Without genetics KI 0.65 0.08 0.66 0.52

IFN!-1a s.c. Without genetics TUM 0.60 0.06 0.71 0.42

IFN!-1a s.c. PRS nADA presence 5 ! 10!08 KI 3.89 2.35–6.45 1.44 ! 10!07 0.85 0.42 0.78 0.78

IFN!-1a s.c. PRS nADA presence 5 ! 10!08 TUM 2.56 1.56–4.21 2.11 ! 10!04 0.76 0.24 0.68 0.65

IFN!-1a s.c. PRS top 30% vs. bottom 30% KI 73.86 11.77–463.61 4.42 ! 10!06 0.91 0.59 0.78 0.90

IFN!-1a s.c. PRS top 30% vs. bottom 30% TUM 13.78 3.00–63.28 7.45 ! 10!04 0.83 0.38 0.80 0.76

IFN!-1a s.c. SNP rs77278603 additive coding KI 4.49 2.41–8.36 2.14 ! 10!06 0.82 0.36 0.74 0.74

IFN!-1a s.c. SNP rs77278603 additive coding TUM 3.88 1.78–8.47 6.67 ! 10!04 0.73 0.21 0.63 0.74

IFN!-1a s.c. SNP rs77278603-A dominant coding KI 9.16 2.48–33.79 8.79 ! 10!04 0.78 0.31 0.57 0.76

IFN!-1a s.c. SNP rs77278603-A dominant coding TUM 3.85 1.10–13.49 3.51 ! 10!02 0.72 0.20 0.56 0.68

IFN!-1b s.c. Without genetics KI 0.70 0.15 0.48 0.82

IFN!-1b s.c. Without genetics TUM 0.58 0.02 0.82 0.20

IFN!-1b s.c. PRS nADA presence 1 ! 10!06 KI 2.40 1.45–3.97 6.46 ! 10!04 0.78 0.33 0.57 0.85

IFN!-1b s.c. PRS nADA presence 1 ! 10!06 TUM 2.15 1.43–3.23 2.28 ! 10!04 0.73 0.22 0.73 0.58

IFN!-1b s.c. PRS top 30% vs. bottom 30% KI 10.16 2.30–44.95 2.25 ! 10!03 0.83 0.46 0.58 0.87

IFN!-1b s.c. PRS top 30% vs. bottom 30% TUM 5.97 2.03–17.52 1.14 ! 10!03 0.78 0.33 0.69 0.75

IFN!-1b s.c. SNP rs28366299 additive coding KI 4.51 1.72–11.80 2.14 ! 10!03 0.77 0.31 0.57 0.82

IFN!-1b s.c. SNP rs28366299 additive coding TUM 6.91 3.18–15.03 1.07 ! 10!06 0.79 0.32 0.74 0.61

IFN!-1b s.c. SNP rs28366299-A dominant coding KI 9.78 2.68–35.74 5.62 ! 10!04 0.83 0.40 0.62 0.83

IFN!-1b s.c. SNP rs28366299-A dominant coding TUM 7.56 3.01–19.02 1.71 ! 10!05 0.80 0.33 0.77 0.57

Predictors in the model without genetics: sex, age, treatment duration, and titration site. The genetic models contained the same base model plus the indicated
genetic factors and ancestry components. The top models are indicated in bold font. OR odds ratio; CI 95% confidence interval; p p value of the genetic
component; AUC area under the receiver operating characteristic curve; R2 Nagelkerke's pseudo-R2; KI Karolinska Institutet, Sweden; TUM Technical University of
Munich, Germany
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changes in the peptide-binding groove of HLA mole-
cules. SNP rs9272105, mapping to the MHC region
and previously identified in a study conducted on a
subset of the patients analyzed here [14], was signifi-
cantly associated across treatment preparations in the
present study. However, we found no support for an
association of variant rs4961252 on chromosome 8,
identified in the same study [14], which confirms a
previously failed replication attempt [15]. Both vari-
ants already identified in an independent study of
IFN!-1b s.c.-treated patients [15] replicated only in
individuals treated with IFN!-1b s.c.
Previous studies prioritized sixteen different HLA alleles

as potentially associated with nADA presence, nADA ti-
ters, or bADA levels [10–13, 15, 16]. Of these, eleven were
significantly associated with an ADA measurement for
any treatment preparation in our study (Table 6), and five
were not (Additional file 23). Importantly, the present
study does not constitute a formal replication for many of
the candidate HLA alleles because of the extensive sample
overlap with previous Swedish and German studies. The
HLA alleles that did not replicate had low frequencies,
with a maximum AF = 0.06, and showed only weak sup-
port in the original studies. Notably, in some previous
studies, highly correlated alleles were analyzed as if they
were independent variants, and some studies failed to cor-
rect them appropriately for multiple testing. Both factors
may have led to an overestimation of the number of asso-
ciated HLA alleles in previous studies.
One study analyzed Spanish patients [16], a population

whose allele frequencies and linkage patterns differ from
the individuals studied here, and whose results may thus
not be fully comparable to the present study. Three
MHC class I HLA alleles reported to be associated with
ADA by Núñez et al. [16] did not replicate in the
present study (Additional file 23). All three alleles are
more frequent in Spain than in Germany and Sweden,
with, e.g., HLA-B*14:02 showing a frequency of 1% in
Sweden [47], 2% in Germany, and 4% in Spain [48]. To
reliably assess whether the associations of these alleles
are specific to Spanish populations or whether the lack
of correction for multiple testing led to type I errors in
the original study, independent replication studies on
Spanish patients are required. Next to population-
specific effects, joint analyses of patients receiving differ-
ent proportions of IFN! treatment preparations consti-
tuted a source of heterogeneity in previous studies. In
our comprehensive analyses, we could now consolidate
several HLA alleles published in previous studies into
few treatment-specific haplotypes.

Treatment preparation-specific risk
Before our study, it was unclear whether treatment
preparation-independent or preparation-specific genetic

risk factors dominate ADA risk. The associations of the
top GWAS SNPs identified in the analyses across all
treatment preparations were mostly supported in all
treatment preparations (Additional file 14). Nevertheless,
we observed lower p values and larger effect sizes in the
preparation-specific analyses than in the models com-
bining patients across treatments. The combination of
patients receiving different treatment preparations thus
created heterogeneity that decreased statistical power.
This hypothesis was further supported in stepwise con-
ditional analyses. Here, we observed more evidence for
the existence of independent risk loci in analyses across
preparations than was the case in treatment-specific ana-
lyses. Likely, such presumably independent loci in the
combined analysis reflect treatment preparation-specific
effects. These findings thus argue in favor of conducting
treatment-specific rather than cross-treatment analyses.
In future studies of ADA against biopharmaceuticals,
analyses of preparation-specific risk factors should,
therefore, be prioritized.
Although differences in the antigenic potential of the

various IFN! preparations are known [1], the extent of
preparation-specific genetic risk observed in the present
study is striking (Fig. 2). There are several plausible expla-
nations for why the preparations might be processed dif-
ferently by the immune system. While the amino acid
sequence of IFN!-1a is identical to natural human IFN!,
IFN!-1b diverges at two positions: IFN!-1b lacks the N-
terminal methionine, and a cysteine at position 17 is
substituted by serine. Furthermore, the products are raised
in different cell types, prokaryotic E. coli and eukaryotic
Chinese hamster ovary cells, leading to different post-
translational modifications, especially glycosylation [1].
Lack of glycosylation facilitates the formation of pro-

tein aggregates, increasing the immunogenicity of IFN!-
1b [1, 2]. Previous research demonstrated that, among
the three preparations analyzed in the present study,
IFN!-1b shows the highest tendency to aggregate [49].
IFN!-1a i.m., which does not contain human serum al-
bumin, forms the fewest aggregates and shows the low-
est rate of ADA. Furthermore, aggregates observed with
IFN!-1a s.c. preparations are mainly formed by human
serum albumin [49]. Differences in IFN! protein aggre-
gation might, in addition to increased presentation of
peptides by dendritic cells and, thus, increased T cell ac-
tivation [50, 51], also contribute to the diversification of
genetic risk factors. When taken up by antigen-presenting
cells, e.g., dendritic cells, IFN! oligomers are likely de-
graded differently from monomers. Such differences in
processing could produce diverse peptides, which may be
presented by different MHC class II molecules [50].
Post-translational modifications not only affect aggre-

gate formation but, together with differences in the
amino acid sequences, also alter the biochemical
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properties of IFN!-1a and IFN!-1b. Thereby, both post-
translational modifications and differences in the amino
acid sequence may contribute to the preparation-specific
associations with HLA alleles [4]. For example, altering
epitopes by glycosylation strongly affects antigen recog-
nition [52]. Possibly, glycosylated IFN!-1a peptides are
thus preferentially recognized by different peptide-
binding grooves of MHC molecules than IFN!-1b-
derived epitopes are. Similarly, also the amino acid
changes may alter the binding of IFN! peptides to MHC
molecules and T cell recognition [53].
Additional factors in the processing of treatment prep-

arations can influence how the immune system recog-
nizes them. Spontaneously occurring modifications like
deamidation, oxidation, and glycation alter the surface
and chemical properties of proteins. These modifications
even diverge between preparations sharing the identical
amino acid sequence, e.g., IFN!-1a s.c. and i.m., by dif-
ferential production, processing, or storing of the bio-
pharmaceuticals [3]. Other chemical alterations of
amino acids like phosphorylation, PEGylation, methyla-
tion, or acetylation can be applied during the manufac-
turing of drugs, e.g., to alter their stability, and also
change epitopes, leading to differential binding to allelic
variants of HLA heterodimers [54, 55]. Importantly,
these modifications also happen after administration of
the product in vivo, and glycosylation may well affect
the likelihood of them taking place.
In summary, diverging post-translational modifications

may contribute to the observed differences in
preparation-specific genetic risk factors. Notably, the
MHC class II peptide-binding groove is formed by het-
erodimers of two HLA proteins, likely contributing to
the association of haplotypes spanning HLA # and !
chain genes, like HLA-DQA1 and HLA-DQB1, with IFN!
ADA. However, it is unlikely that preparation-specific risk
can entirely be attributed to genetic factors. For example,
the dosage and injection frequency of preparations may
affect the likelihood of developing ADA, independently of
genetic risk [8, 56, 57]. Nevertheless, most patients develop
ADA within the first months of IFN! treatment [58], argu-
ing against pronounced long-term dosage-specific effects
and underlining the importance of genetic risk.
Next to having to rely on imputed HLA alleles, the low

number of available patients that developed ADA under
treatment with IFN!-1a i.m., rendering IFN!-1a i.m.-specific
analyses unfeasible, constitutes a limitation of the present
study. We expect genetic risk factors for IFN!-1a i.m.-in-
duced ADA to exist, but whether these are independent of
IFN!-1a s.c.-associated risk remains to be shown.

The complexity of the genetic risk landscape
Using conditional analyses, we did not find evidence for
more than one genetic risk locus for IFN!-1a s.c.-

induced ADA. Results from previous studies can thus, at
least for Swedish and German patients, be consolidated
to the extended haplotype DR15-DQ6. In the present
dataset, it is impossible to assess whether the combined
DR15-DQ6 haplotype constitutes the real risk factor for
IFN!-1a-s.c. or whether any of the single alleles HLA-
DQB1*06:02 or HLA-DQA1*01:02 convey this risk, with
the haplotype showing an association merely because of
LD. DR15-DQ6 (MAFKI = 0.34, MAFTUM = 0.29) is less
common than the two single alleles, especially compared
to HLA-DQA1*01:02 (MAFKI = 0.42, MAFTUM = 0.36).
Because statistical power is dependent on the AF, the
slightly lower statistical support for the association of
DR15-DQ6, compared to the single alleles, likely reflects
these differences in AF and power. We thus hypothesize
that the combined haplotype DR15-DQ6 constitutes the
primary signal. Nevertheless, such fine-mapping and the
differentiation between the correlated alleles is irrelevant
for risk predictions. Because of the strong correlation of
alleles observed within the extended haplotype, any of
these alleles can reliably be used as a proxy for the
others in prediction models.
Similarly, conditional analyses support the association

of the extended haplotype DR3-DQ2 as the primary pro-
tective genetic signal for IFN!-1a s.c., without evidence
for secondary signals. However, in the present sample,
the association of this haplotype cannot be separated
from HLA-DQB1*02:01. By contrast, genetic risk for
IFN!-1b s.c.-induced ADA appears to be more compli-
cated. The association of the haplotype DR4-DQ3 could
not fully explain the signal of its allele HLA-DRB1*04:
01. Moreover, we found evidence for a secondary sig-
nal in stepwise conditional regression analyses. Not-
ably, the prediction models for IFN!-1b s.c. did not
perform as well as the prediction for IFN!-1a s.c.-in-
duced ADA did, which possibly reflects this more
complex risk landscape. To truly unravel an add-
itional potential polygenic contribution to ADA risk,
the current study still lacked the sample size neces-
sary for reliably detecting polygenic variants with
their expected small effect sizes [59, 60].

Population-specific risk differences
Alleles from all three associated haplotypes, HLA-
DRB1*15:01, HLA-DRB1*04:01, and the protective
HLA-DRB1*03:01, are concurrent risk factors for MS
[42]. The unfortunate coincidence that HLA-DRB1*15:
01 and HLA-DRB1*04:01 are enriched among MS pa-
tients and also constitute ADA risk factors likely con-
tributes to the high incidence of IFN! ADA among
MS patients.
Interestingly, these alleles also show substantial

population-specific differences [47, 48, 61]: The IFN!-
1a s.c. risk allele HLA-DRB1*15:01 is less frequent in
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Southern Europe and for Ashkenazi, Southern His-
panic, and African ancestries (e.g., Italy 5.6–6.4%,
Southwestern Spain 5.2–8.6%). At the same time, it is
especially frequent in individuals with ancestry from
other parts of Europe (e.g., Northern Spain 16.7–
32.1%, Germany 12.9–17.2%, Sweden 16.1%). Note
that being the most important MS risk variant, allele
HLA-DRB1*15:01 is more frequent among MS pa-
tients than in the respective general population. How-
ever, population-specific frequency differences exist
on top: In the present study, the frequency of HLA-
DRB1*15:01 was markedly higher in Swedish (36.1%)
than in German MS patients (30.9%). On average,
Swedish patients may thus, in comparison to German
patients, be at higher risk of developing nADA
against IFN!-1a s.c. The IFN!-1b s.c. risk allele HLA-
DRB1*04:01 is more frequent in parts of Northwest-
ern, Northern, and Central Europe (e.g., England
12.4–13.5%, Denmark 17.6%, Sweden 13.7%) than in
Southern Europe and most other ancestries (e.g., Italy
1.7–4.1%, Spain 2.0–3.8%). Germany lies in between
with frequencies of 6.8–9.4%.
While the frequencies of both risk alleles for IFN!-1a

s.c.- and IFN!-1b s.c.-induced ADA thus roughly de-
crease along a North-South gradient within Europe, their
relative frequencies differ sharply in some ancestries
(Additional file 27). For example, in Northern Spain, the
major genetic risk factor for IFN!-1a s.c.-specific ADA
occurs > 8 times more often than the one for IFN!-1b
s.c.-induced ADA. Such substantial, population-specific
differences in risk allele frequencies likely exist for ADA
against any biopharmaceutical. If genetic risk factors for
a biopharmaceutical are known, and personalized geno-
typing data for patients are not available, recommenda-
tions for the choice of a specific treatment preparation
could thus be made on a population level. Where the
availability of genetic testing is limited, patients from
populations with higher frequencies of risk alleles could
be prioritized for genetic testing, as already practiced for
other treatments [62].

Genetic factors contributing to nADA titers
The same or highly correlated risk factors contributed to
the presence of nADA and the magnitude of nADA ti-
ters and bADA levels. The heritability of nADA, ex-
plained by common variants, after correction for
confounders like treatment preparation and duration,
sex, and age, was very high—h2gl = 0.79 on a liability
scale. This result underlines the importance of genetic
factors in the occurrence of IFN! ADA. Although nADA
titers need to cross a threshold to become functionally
relevant, the associations of genetic risk factors with
both nADA presence and titers may indicate that most
genetic risk factors mainly influence the likelihood of

developing ADA and less the absolute titers. Interest-
ingly, the association of the candidate variants HLA-
DRB1*04:08 and HLA-DRB1*16:01 was only significant
in analyses of quantitative nADA titers or bADA levels
but not for nADA presence. This finding indicates that
genetic factors influencing the amount of ADA likely
exist. In fact, follow-up analyses found that these two al-
leles were also associated with nADA titers in nADA-
positive patients treated with IFN!-1b s.c. In the present
study, we did not conduct hypothesis-free GWAS of
nADA titers in the smaller subsample restricted to
nADA-positive patients. To reliably distinguish between
influences of genetic variants on either the likelihood of
nADA development or the amount of nADA, larger pa-
tient samples than analyzed in the present study should
be collected for future studies.

Comparison to other MS- and ADA-related analyses
The allele HLA-DRB1*15:01 is associated with the risk of
MS [42], earlier age at MS disease onset [24], and devel-
oping nADA against IFN!-1a s.c. Moreover, the same al-
lele and associated haplotypes are also associated with
intrathecal immunoglobulin G levels [63] and Epstein
Barr viral loads and titers in MS patients [64, 65]. By
contrast, a strong negative association between HLA-
DRB1*15:01 and JC polyomavirus antibody status was
reported [66]. The HLA allele HLA-DRB1*15:01, there-
fore, constitutes the key genetic risk factor for MS,
which also differentially influences gene-by-environment
interactions, disease severity, and treatment
complications.
We identified HLA-DQA1*05:01 to protect from

nADA against IFN!-1a s.c. Interestingly, the same al-
lele is strongly associated with the risk of ADA
against the widely used anti-tumor necrosis factor
(TNF) treatments for Crohn’s disease [67]. This asso-
ciation was consistent across the two anti-TNF bio-
pharmaceutical drugs adalimumab and infliximab. The
HLA allele HLA-DRB1*03, also protective against
IFN!-1a s.c.-induced nADA, is, together with HLA-
DQA1*05:01, part of the haplotype DR3-DQ2. HLA-
DRB1*03 was published as a risk factor against adali-
mumab and infliximab in patients suffering from ei-
ther inflammatory bowel disease or rheumatoid
arthritis [68, 69]. Whether treatment-specific genetic
risk factors also exist for anti-TNF biopharmaceuticals
and whether the haplotype DR3-DQ2 or one of the
single HLA alleles confers the risk for anti-TNF ADA
could be an interesting topic of future studies.

Prediction of ADA
The prediction models performed better for IFN!-1a s.c.-
induced than for IFN!-1b s.c.-induced nADA, and they
could predict nADA better in the Swedish KI than in the
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German TUM cohort. Our results indicate that, compared
to IFN!-1b s.c., genetic risk for IFN!-1a s.c.-induced ADA
is more dominated by a single locus. Overall, more pa-
tients receiving IFN!-1a s.c. than IFN!-1b s.c. were ana-
lyzed (1145 vs. 1010). Both factors likely contributed to
better prediction models and performance in IFN!-1a s.c.-
treated patients. The top-associated ADA risk SNP was
more frequent in Swedish patients than in German ones
(43% vs. 40%), and the Swedish sample contained more
patients treated with IFN!-1a s.c. (Sweden 590, Germany
558), of whom more were nADA-positive (34.6% vs.
33.7%). Although these individual differences were small,
they may have contributed to prediction models perform-
ing better in the Swedish dataset.
Contrasting the samples in the top and bottom per-

centiles of polygenic risk score distributions is a com-
mon practice to compare individuals carrying a high
genetic risk burden to the ones not at risk [46]. The sen-
sitivity and specificity reached in the comparison of indi-
viduals in the top 30% nADA risk group compared to
the bottom 30% (0.78 and 0.90, respectively, in Swedish
IFN!-1a s.c. patients and 0.80 and 0.76, respectively, in
German patients) may still not be sufficient for a routine
clinical test. However, these prediction models could
certainly be optimized by the inclusion of additional pre-
dictive factors, e.g., body mass index [70], not available
in the present retrospective setting. The significant pre-
dictive improvement of the genetic risk model compared
to a model containing only demographic and clinical
variables (Table 7) underlines the importance of incorp-
orating genetics in prediction models for ADA. The high
odds of patients at genetic risk for nADA (Sweden: OR =
73.9, Germany: OR = 13.8) support the use of genetic
stratification as a personalized medicine tool—patients
at high genetic risk should either switch to a different
drug or be monitored more closely, as suggested for
other conditions [71].

Conclusions
We have conducted a comprehensive characterization of
genetic risk for IFN!-induced ADA, consolidating previ-
ous research. Next to treatment-specific risk factors, we
described ancestry-specific effects relevant for treatment
choice in specific populations. Our robust prediction
models could be employed for personalized medicine,
guiding treatment recommendations, and efficient
nADA testing regimes. Importantly, our study can serve
as a blueprint for the analysis of genetic factors influen-
cing ADA against other biopharmaceuticals and in the
context of further diseases.

Supplementary information
Supplementary information accompanies this paper at https://doi.org/10.
1186/s12916-020-01769-6.

Additional file 1. Previous measurements and design of new ADA
measurements. Previous ADA measurements in the Swedish KI and
German TUM cohorts per treatment preparation and distribution of
samples for the new ADA measurements. For part of the TUM patients,
only previous bADA measurements were available.

Additional file 2. Additional details supporting the Methods section

Additional file 3. New ADA measurements and design of the datasets
for analyses. New ADA measurements in the Swedish KI and German
TUM cohorts per treatment preparation and assignments of samples into
the discovery and replication datasets. In the discovery and replication
datasets, the first number indicates nADA and the second number bADA
measurements. The distinction into negative and positive patients was
made using nADA measurements.

Additional file 4. Visualization and analysis of population stratification.
For detailed figure legends, see the file.

Additional file 5. Manhattan plots of the GWAS across IFN!
preparations. Manhattan plots of the (A-C) discovery-stage, (D-F)
replication-stage, and (G-I) pooled discovery + replication GWAS. The red
line between -log10p = 7 and -log10p = 8 indicates genome-wide signifi-
cance; the top genome-wide significant variant is labeled with a red
diamond.

Additional file 6. Manhattan plots of the GWAS on patients treated
with IFN!-1a s.c. Manhattan plots of the (A-C) discovery-stage, (D-F)
replication-stage, and (G-I) pooled discovery + replication GWAS. The red
line between -log10p = 7 and -log10p = 8 indicates genome-wide signifi-
cance; the top genome-wide significant variant is labeled with a red
diamond.

Additional file 7. Manhattan plots of the GWAS on patients treated
with IFN!-1b s.c. Manhattan plots of the (A-C) discovery-stage, (D-F)
replication-stage, and (G-I) pooled discovery + replication GWAS. The red
line between -log10p = 7 and -log10p = 8 indicates genome-wide signifi-
cance; the top genome-wide significant variant is labeled with a red
diamond.

Additional file 8. Manhattan plots of the MHC region of the GWAS
across IFN! preparations. Manhattan plots of the (A-C) discovery-stage,
(D-F) replication-stage, and (G-I) pooled discovery + replication GWAS,
showing only the MHC region. The red line between -log10p = 7 and
-log10p = 8 indicates genome-wide significance. For (A-C) discovery-stage
plots, the prioritized variants are labeled with red diamonds for (D-F)
replication-stage plots, the top genome-wide significant variant is labeled
with a red diamond, and for (G-I) pooled discovery + replication plots,
the replicated variants are labeled with red diamonds, and the top
pooled variant is labeled in magenta.

Additional file 9. Manhattan plots of the MHC region of the GWAS on
patients treated with IFN!-1a s.c. Manhattan plots of the (A-C) discovery-
stage, (D-F) replication-stage, and (G-I) pooled discovery + replication
GWAS, showing only the MHC region. The red line between -log10p = 7
and -log10p = 8 indicates genome-wide significance. For (A-C) discovery-
stage plots, the prioritized variants are labeled with red diamonds, for (D-
F) replication-stage plots, the top genome-wide significant variant is la-
beled with a red diamond, and for (G-I) pooled discovery + replication
plots, the replicated variants are labeled with red diamonds, and the top
variant from the pooled analysis is labeled in magenta.

Additional file 10. Manhattan plots of the MHC region of the GWAS on
patients treated with IFN!-1b s.c. Manhattan plots of the (A-C) discovery-
stage, (D-F) replication-stage, and (G-I) pooled discovery + replication
GWAS, showing only the MHC region. The red line between -log10p = 7
and -log10p = 8 indicates genome-wide significance. For (A-C) discovery-
stage plots, the prioritized variants are labeled with red diamonds, for (D-
F) replication-stage plots, the top genome-wide significant variant is la-
beled with a red diamond, and for (G-I) pooled discovery + replication
plots, the replicated variants are labeled with red diamonds, and the top
variant from the pooled analysis is labeled in magenta.

Additional file 11. Genomic inflation factors for all GWAS. Lambda =
Median genomic inflation factor.

Additional file 12. Table of the top GWAS associations. Variants
prioritized in the discovery GWAS (bold font if replicated) and top
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variants from the pooled analysis of discovery + replication data. All
effect sizes are relative to the minor allele. Bp = base pairs, MAF =minor
allele frequency, beta = regression effect size, SE = standard error, P = p-
value, cond. = conditional analysis, R2 = linkage disequilibrium r2.

Additional file 13. Regional association plots of the top GWAS variants
in the analysis across IFN! preparations. Regional association plots of
variants from the GWAS generated using LocusZoom v1.4 and the 1000
Genomes 1000G_Nov2014 EUR reference panel [72]. The color of dots
indicates LD with the lead variant (pink). Gray dots represent signals with
missing LD r2 values. If no LD information was present in the database
on the top variant, LD with the variant showing the second-lowest p-
value is indicated. The gray line indicates genome-wide significance. cM:
centimorgan, chr: chromosome, Mb: mega base pairs.

Additional file 14. Forest plots of the top GWAS variants and HLA
alleles in the analysis across IFN! preparations. Green: IFN!-1a s.c., blue:
IFN!-1a i.m., orange: IFN!-1b s.c., magenta: pooled discovery!/replica-
tion-stage analyses. D. = discovery, R. = replication, P. = pooled discovery
+ replication.

Additional file 15. Results from stepwise conditional analyses. Results
from stepwise conditional analyses on the pooled discovery and
replication data. Genome-wide significant p-values are labeled in bold
font. All effect sizes are relative to the minor allele. Bp = base pairs, MAF =
minor allele frequency, beta = regression effect size, SE = standard error,
P = p-value, R2 = linkage disequilibrium r2.

Additional file 16. Results from eQTL analyses. Summary statistics as
downloaded from GTEx v8 (https://gtexportal.org/). Significance
thresholds are shown in the column Gene-level P threshold.

Additional file 17. Results from MAGMA gene set analyses. FDR = 5%
false discovery rate.

Additional file 18. Regional association plots of the top GWAS variants
in the analysis of IFN!-1a s.c.-treated patients. Regional association plots
of variants from the GWAS generated using LocusZoom v1.4 and the
1000 Genomes 1000G_Nov2014 EUR reference panel [72]. The color of
dots indicates LD with the lead variant (pink). Gray dots represent signals
with missing LD r2 values. If no LD information was present in the data-
base on the top variant, LD with the variant showing the second-lowest
p-value is indicated. The gray line indicates genome-wide significance.
cM: centimorgan, chr: chromosome, Mb: mega base pairs.

Additional file 19. Forest plots of the top GWAS variants and HLA
alleles in the analysis of IFN!-1a s.c.-treated patients. Green: IFN!-1a s.c.,
blue: IFN!-1a i.m., orange: IFN!-1b s.c., magenta: pooled discovery!/repli-
cation-stage analyses. D. = discovery, R. = replication, P. = pooled discov-
ery + replication.

Additional file 20. Regional association plots of the top GWAS variants
in the analysis of IFN!-1b s.c.-treated patients. Regional association plots
of variants from the GWAS generated using LocusZoom v1.4 and the
1000 Genomes 1000G_Nov2014 EUR reference panel [72]. The color of
dots indicates LD with the lead variant (pink). Gray dots represent signals
with missing LD r2 values. If no LD information was present in the data-
base on the top variant, LD with the variant showing the second-lowest
p-value is indicated. The gray line indicates genome-wide significance.
cM: centimorgan, chr: chromosome, Mb: mega base pairs.

Additional file 21. Forest plots of the top GWAS variants and HLA
alleles in the analysis of IFN!-1b s.c.-treated patients. Green: IFN!-1a s.c.,
blue: IFN!-1a i.m., orange: IFN!-1b s.c., magenta: pooled discovery!/repli-
cation-stage analyses. D. = discovery, R. = replication, P. = pooled discov-
ery + replication.

Additional file 22. Association statistics of all replicated HLA alleles.
AF = allele frequency, beta = regression effect size, SE = standard error,
P = p-value, cond. = conditional analysis.

Additional file 23. Results from analyses of previously published
candidate SNPs and HLA alleles. Variants, alleles, and the respective p-
values are labeled in bold font if they showed a one-sided p < 2.5 ! 10! 3

(Bonferroni correction for 20 tests) either in the pooled analysis across
treatment preparations or in the analysis of IFN!-1a s.c.-treated or IFN!-
1b s.c.- treated patients. “nADA titer in nADA-positive” refers to an analysis
of nADA titers restricted to nADA-positive patients. All effect sizes are

relative to the minor allele. Bp = base pairs, MAF =minor allele frequency,
AF = allele frequency, beta = regression effect size, SE = standard error,
P = p-value, cond. = conditional analysis.

Additional file 24. Treatment preparation-specific prediction of the
presence of nADA in the replication data. Eight PRS, the top single GWAS
variant, and the top HLA allele from the discovery stage were analyzed in
the replication data using the covariates sex, age, treatment preparation,
treatment duration, titration site, and eight ancestry components. Upper
table: Prediction of the presence of nADA in IFN!-1a s.c.-treated patients
from the replication data using all ten prediction models based on ana-
lyses for IFN!-1a s.c. in the discovery data. Lower table: Prediction of the
presence of nADA in IFN!-1b s.c.-treated patients from the replication
data using all ten prediction models based on analyses for IFN!-1b s.c. in
the discovery data. Beta = regression effect size, SE = standard error, P = p-
value.

Additional file 25. Treatment preparation-specific prediction of the
presence of nADA in the replication data: performance of single models.
Eight PRS, the top single GWAS variant, and the top HLA allele from the
discovery stage. Covariates: sex, age, treatment preparation, treatment
duration, titration site, and ancestry components. The plots show the area
under the receiver operating characteristic curve (AUC) and its 95% confi-
dence interval (CI). Bonferroni = significant after Bonferroni correction for
multiple testing; nominal = nominally significant (p < 0.05); n.s. = not
significant

Additional file 26. Treatment preparation-specific prediction of the
presence of nADA in the replication data: comparison of top models. For
each top model, the plots show either the AUC and its 95% CI or Nagelk-
erke’s pseudo-R2 and its 95% CI. Boxes show the prediction groups (repli-
cation data) and columns within each box the training data groups
(discovery data). Bonferroni = significant after Bonferroni correction for
multiple testing; nominal = nominally significant (p < 0.05); n.s. = not
significant.

Additional file 27. Comparison of allele frequencies for HLA-DRB1*15:01
and HLA-DRB1*04:01. The allele frequencies (AF) were queried from
allelefrequencies.net on July 27th 2020 [48]. All four-digit European Silver
and Gold populations with data on both HLA-DRB1*15:01 and HLA-
DRB1*04:01 were used and populations with relative differences for both
alleles are shown (i.e., with an AF above or below the average for one al-
lele without the other allele being in the same group). Populations with
an AF below the average for HLA-DRB1*15:01 and above the average for
HLA-DRB1*04:01 are colored in green. Populations with an AF above the
average for HLA-DRB1*15:01 and below the average for HLA-DRB1*04:01
are colored in magenta. In addition, the European populations with the
highest or lowest AF for the respective allele (if not already present) as
well as the largest German population and the Swedish SweHLA sample
[47] are shown in gray.
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Abstract
Multiplex families with a high prevalence of a psychiatric disorder are often examined to identify rare genetic variants with
large effect sizes. In the present study, we analysed whether the risk for bipolar disorder (BD) in BD multiplex families is
in!uenced by common genetic variants. Furthermore, we investigated whether this risk is conferred mainly by BD-speci"c
risk variants or by variants also associated with the susceptibility to schizophrenia or major depression. In total, 395
individuals from 33 Andalusian BD multiplex families (166 BD, 78 major depressive disorder, 151 unaffected) as well as
438 subjects from an independent, BD case/control cohort (161 unrelated BD, 277 unrelated controls) were analysed.
Polygenic risk scores (PRS) for BD, schizophrenia (SCZ), and major depression were calculated and compared between the
cohorts. Both the familial BD cases and unaffected family members had higher PRS for all three psychiatric disorders than
the independent controls, with BD and SCZ being signi"cant after correction for multiple testing, suggesting a high baseline
risk for several psychiatric disorders in the families. Moreover, familial BD cases showed signi"cantly higher BD PRS than
unaffected family members and unrelated BD cases. A plausible hypothesis is that, in multiplex families with a general
increase in risk for psychiatric disease, BD development is attributable to a high burden of common variants that confer a
speci"c risk for BD. The present analyses demonstrated that common genetic risk variants for psychiatric disorders are likely
to contribute to the high incidence of affective psychiatric disorders in the multiplex families. However, the PRS explained
only part of the observed phenotypic variance, and rare variants might have also contributed to disease development.

Introduction

Bipolar disorder (BD), characterised by alternating episodes
of mania and depression, has a lifetime prevalence of ~1%
and is a substantial contributor to disability throughout the
world [1]. Nevertheless, reliable data concerning the
aetiology of BD remain scarce. The heritability of BD is
estimated to be above 70% [2–4], thus demonstrating an
important genetic component in the development of the
disorder. Genome-wide association studies (GWAS) in
case/control samples have reported that single-nucleotide
polymorphisms (SNP) with minor allele frequencies (MAF)
of ! 1% explain a substantial proportion of the genetic risk
for BD [5–12]: the heritability explained by such common
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variants (i.e., the SNP heritability) is estimated to be
0.17–0.23 on a liability scale [12]. Common variants also
make a substantial contribution to the development of
schizophrenia (SCZ) and major depressive disorder (MDD)
[13, 14]. These three psychiatric disorders have a shared
genetic component, whereby relatives of patients with BD
have, in addition to BD, an increased risk for MDD and
SCZ [15]. In fact, GWAS have shown that many genetic
risk variants are associated with all three disorders [16–21].

Besides common variants with small individual effects,
rare variants with larger effects may also contribute to BD
development [22, 23]. In theory, such rare variants should
be enriched in families with a high prevalence of illness,
termed multiplex families, in comparison to unrelated BD
cases. However, it remains unclear whether and to what
extent disease incidence in multiplex families is caused by
rare variants, a high load of common variants, or a com-
bination of both.

To elucidate the molecular genetic causes of BD, we
established the Andalusian Bipolar Family (ABiF) study in
1997, which recruited BD multiplex families [24–26]. In the
present analyses, we "rst investigated whether common
genetic variants make a signi"cant contribution to the occur-
rence of BD in ABiF families. Next, we examined whether BD
development was attributable to (a) BD-speci"c risk variants,
(b) variants conferring risk to all three disorders BD, MDD,
and SCZ, or, (c) a combination of both. To this end, polygenic
risk scores (PRS) based on GWAS of BD, MDD, and SCZ
were calculated for and compared between ABiF family
members and unrelated BD cases and unrelated controls from
the same population. Because of the strong genetic correlation
between BD, SCZ, and MDD, standard PRS for BD cannot
distinguish between BD-speci"c risks and factors shared
between these disorders. To differentiate between genetic risk
shared across and speci"c to any of the three disorders, we
calculated PRS of disorder-speci"c risk variants using genome-
wide inferred statistics (GWIS) and PRS of shared risk var-
iants. To evaluate the possibility that population or technical
differences between cohorts biased the results on psychiatric
PRS, PRS for late-onset Alzheimer’s disease (LOAD) and
simulated PRS were analysed as negative controls. Assuming a
polygenic model with a contribution of common risk variants,
we expected increased psychiatric PRS in the ABiF family
members compared to unrelated samples and increased psy-
chiatric PRS in patients compared to controls.

Materials and methods

Sample description

The ABiF study recruited BD multiplex families in Anda-
lusia, Spain [24–26]. The present analyses included 395

members of 33 ABiF families. Diagnoses were assigned by
two trained clinicians according to the Diagnostic and
Statistical Manual of Mental Disorders (DSM)-IV criteria
using the best estimate approach [24]. Diagnoses com-
prised (Table 1 and Supplementary Table S1): BD, n= 166
(families (FAM)BD; BD type I (BD-I): n= 115; BD type II
(BD-II): n= 41; not otherwise speci"ed (NOS) BD: n=
10); MDD, n= 78 MDD (FAMMDD); no history of an
affective disorder, n= 151 (FAMunaffected). Six unaffected
individuals with a history of substance abuse were excluded
from the analyses. Forty-four subjects married into the
families and had no parent in the ABiF cohort (36 unaf-
fected; 8 MDD). Furthermore, an independent, previously
reported Spanish BD case/control (CC) sample was ana-
lysed. Here, BD cases (CCBD) were recruited from con-
secutive clinical admissions and BD was diagnosed, as in
the ABiF families, using DSM-IV [9]; unrelated control
individuals (CCcontrols) were recruited in the framework of
the longitudinal European Community Respiratory Health
Survey (ECRHS) study. Blood for genotyping was acquired
at the ECRHS2 assessment in 2000–2001. After quality
control (QC), the combined data set of both cohorts com-
prises data from 384 FAM (163 FAMBD, 73 FAMMDD, 142
FAMunaffected, and 6 FAMunaffected with a history of substance
abuse) and 438 CC subjects (161 unrelated BD cases; BD-I:
n= 156; BD-II: n= 5) and 277 unrelated controls. Of the
161 CCBD cases, 59 (36.6%) reported a family history of
BD. However, in contrast to the data collection in the ABiF
families, this information relied only on the self-report by
the respective CCBD patient, and was not validated via an
interview of further family members. BD diagnoses were
not available for the unrelated controls, but the self-reported
prevalence of current depression in this cohort was 3.3% at
the time of genotyping and the self-reported prevalence of
lifetime depression was 14.4% at the follow-up 10 years
after genotyping, indicating that the cohort is fairly repre-
sentative of a typical population in regard to the prevalence
of depression [27].

Note that, while all subjects passed QC in the family-
only sample, 11 family members were excluded
during QC of the joint sample because they showed sig-
ni"cant differences in autosomal heterozygosity from
the mean. Reported numbers of subjects thus differ
slightly for different comparisons. The joint data set
contained 35 unaffected, married-in family members
who were excluded from analyses using the combined
sample (unless speci"ed otherwise). A detailed descrip-
tion of QC procedures is provided in the Supplementary
Methods.

The study was approved by the respective local ethics
committees (Comités de ética de la investigación provincial
de Cádiz, Córdoba, Granada, Jaén and Málaga), and all
participants provided written informed consent. For "ve
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adolescents (age 15–17 years), written informed consent
was also obtained from the parents.

Genotyping and imputation

Genome-wide genotyping of the FAM sample was carried
out using the Illumina In"nium PsychArray BeadChip
(PsychChip). QC and population substructure analyses
were performed in PLINK v1.9 [28], as described in the
Supplementary Methods. Genotyping and basic QC of the
CC sample were conducted previously and are described
elsewhere [9]. The study used two genotype data sets:
Analyses of family members by themselves used variants
genotyped on the PsychChip. For analyses on the com-
bined FAM+ CC sample, the genotype data of the CC
data set were, for the variants genotyped in both samples,
merged with the genotype data of the FAM sample. Both
genotype data sets (family-only and combined) were
imputed independently to the 1000 Genomes phase 3
reference panel using SHAPEIT and IMPUTE2 [29–31].
After imputation and post-imputation QC, the combined

data set of both cohorts contained 6,862,461 variants with
an INFO metric of ! 0.8 and a MAF of ! 1%. The imputed
FAM data set without the CC subjects contained
8,628,089 variants.

Calculation of polygenic risk scores

PRS were calculated in R v3.3 [32] using imputed genetic
data. For each PRS, the effect sizes of variants below a
selected p-value threshold, both obtained from large GWAS
(training data), were multiplied by the imputed SNP dosage
in the test data and then summed to produce a single PRS
per threshold. Test statistics and alleles in the GWAS
training data were !ipped so that effect sizes were always
positive. Thus, the PRS represent cumulative, additive risk.
PRS were scaled to represent the relative risk load (mini-
mum possible cumulative risk load= 0, maximum= 1). For
each disorder, ten PRS based on different GWAS p-value
thresholds (<5 ! 10!8, <1 ! 10!7, <1 ! 10!6, <1 ! 10!5,
<1 ! 10!4, <0.001, <0.01, <0.05, <0.1, <0.2) were calcu-
lated. The number of SNPs used for each PRS is shown in

Table 1 Characteristics of 389 individuals from the 33 ABiF families, the 161 unrelated bipolar cases (CCBD), and the 277 unrelated controls
(CCcontrols)

FAMBD
(n= 166)

FAMMDD
(n= 78)

FAMunaffected
(n= 145)

CCBD
(n= 161)

CCcontrols
(n= 277)

Median age at interview (MAD) 40.5 (12.5) 44.5 (11.5) 44 (15)d 44 (11)d 43 (6)b,c

Missing= 3

Median age at onset (MAD) 20 (5)c

Missing= 3
26 (8)a

Missing= 1
23 (6)a

Female sex n (%) 103 (62.1)b,d 54 (69.2)b,d 51 (35.2)a,c,d 91 (56.5)b 132 (47.7)a,b

Married-in n (%) 0 (100.0) 8 (10.0) 36 (24.8)

Educational level

Primary school 118 (71.5)c 53 (68.0) 102 (70.3)c 88 (54.7)a,b

Secondary school 39 (23.6)c 18 (23.1)c 36 (24.8)c 58 (36.0)a,b

University degree 8 (4.9) 7 (9.0) 7 (4.8) 15 (9.3)

Missing= 1

Severe impairment during disorder 105 (65.6)c

Missing= 6
4 (5.6)a,c

Missing= 6
160 (99.4)a

History of psychosis 110 (66.3)c 4 (5.1)a,c 159 (98.8)a

History of suicide attempts 41 (24.7)b 2 (2.6)a,c 1 (0.7)a,c

Missing= 1
40 (24.8)b

Six unaffected individuals with a history of substance abuse were excluded from the analyses and are not shown in this table. Age and age at onset
were analysed using Mann–Whitney U-tests; median and median absolute deviation (MAD) are shown. Categorical values were analysed using
chi-squared (!") tests with two degrees (education) or one degree (other) of freedom; number (n) and percentage (%) of subjects are shown.
Missing: number of individuals with missing data. All subjects passed QC in the FAM sample (numbers as shown in the table), but 11 family
members were excluded during QC of the joint sample, therefore reported numbers differ slightly between comparisons. Note that the unaffected,
married-in family members were excluded from analyses of the combined data set (FAM+CC sample) unless speci"ed otherwise. Differences
between the following groups were at least nominally signi"cant (for details and p-values adjusted for multiple testing see Supplementary Table 1)
aDifferent from FAMBD
bDifferent from FAMunaffected
cDifferent from CCBD
dDifferent from CCcontrols
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Supplementary Table S2. For additional details, see the
Supplementary Methods.

For BD, MDD, and SCZ diagnoses, summary statistics
of GWAS by the Psychiatric Genomics Consortium
(PGC) were used as training data. For BD, the data freeze
contained 20,352 cases and 31,358 controls [12]. As
selected index patients from the ABiF families and the
unrelated Spanish BD case/control data set were part of
this BD GWAS, we recalculated summary statistics for
this PGC GWAS without these Spanish samples, to pre-
vent false-positive results caused by sample overlap
between training and test samples. For MDD and SCZ,
published data sets were used. These contained 130,664
cases and 330,470 controls for MDD [14] and 33,640
cases and 43,456 controls for SCZ [13]. There was no
overlap between the subjects included in those GWAS
and the ABiF and Spanish case/control samples. Variants
with an INFO metric of < 0.6 in the GWAS summary
statistics were removed.

Shared psychiatric PRS were generated using all variants
showing an association at p < 0.05 in the GWAS of BD, SCZ,
and MDD and for which effect sizes pointed in the same
direction across studies. For this shared set of variants, p-
values and effect sizes, used as weights in the PRS, were
obtained using random-effects meta-analysis. PRS were then
calculated using the meta-analysis summary statistics. We
generated disorder-speci"c summary statistics to assess
genetic risk unique to each disorder. To this end, genome-
wide inferred statistics (GWIS) were calculated as explained
in detail elsewhere [33]. For example, we calculated BD
GWAS summary statistics corrected for the MDD GWAS
results (BD-MDD). These BD-MDD GWIS results are similar
to results obtained from a conditional analysis for BD cor-
rected for MDD. They represent a genetic unique BD liability,
which is estimated based on the heritability of BD and the
coheritability of BD and MDD, both estimated using LD
score regression [34]. As recommended for this method,
variants with an INFO metric of <0.9 or >1.1 were removed.
Disorder-speci"c PRS, e.g., BD-MDD PRS, were then cal-
culated based on the corresponding GWIS summary statistics.

To con"rm whether family members and BD cases
had an increased PRS speci"cally for the tested psychia-
tric disorders but not because of population or technical
differences between cohorts, PRS for late-onset Alzhei-
mer’s disease (LOAD) were calculated as a negative
control, based on a GWAS by the International Genomics
of Alzheimer’s Project (IGAP) with 17,008 cases
and 37,154 controls [35]. For additional details, see the
Supplementary Methods. Furthermore, 10,000 simulated
PRS for each of the ten p-value thresholds were calculated
as negative controls. To this end, random variants
from across the genome were drawn, using the same
number of variants as for the BD PRS at each threshold

and random effect sizes from the pool of all available BD,
SCZ, and MDD effects. The code for simulating PRS is
available at: https://gitlab.com/tillandlauer/abif-prs-ana
lyses/.

Statistical analysis

PRS analyses on binary variables (e.g., diagnoses and
comparisons between cohorts) were conducted in R with the
function glmm.wald of the package GMMAT, using a
logistic mixed model, "tted by maximum likelihood using
Nelder–Mead optimisation [36] to account for family
structure. For logistic models, PRS underwent Z-score
standardisation to generate comparable odds ratios (OR).
Family structure was modelled as a random effect, with a
genetic relationship matrix calculated on pruned genotype
data in GEMMA [37].

Linear mixed models (LMMs) taking family structure into
account were calculated using the function polygenic of the
package GenABEL [38] for analyses of quantitative variables
(anticipation and age at onset). In these analyses, test statis-
tics, including 95% con"dence intervals (CI), were calculated
using bootstrapping (package boot [39, 40]) and p-values
were validated using permutation analysis (10,000 permuta-
tions). In these permutation analyses, the null distribution of
test statistics was empirically determined by repeating
regression analyses 10,000 times with random sampling of
phenotype data. To calculate a p-value, the number of tests
were counted where a model with a random genotype-
phenotype association showed the same or a more extreme p-
value than the correct, non-randomised model and this num-
ber was divided by the total number of tests (10,000).

For each analysis of PRS, all ten PRS p-value thresholds
were analysed. In analyses of the combined FAM and CC
data set, sex was used as a covariate. In the analysis of FAM
data alone, sex and age at the time of the interview were used
as "xed effects covariates; whether an individual had married
into the family was incorporated as a second random effect.
Following the hypothesis that family members or subjects
with a psychiatric diagnosis have increased PRS for psy-
chiatric disorders, one-sided p-values were calculated for all
PRS-based analyses. In all analyses, p-values below the sig-
ni"cance threshold "= 0.05 were considered as nominally
signi"cant. Unless otherwise stated, this threshold was cor-
rected for 10 ! 6= 60 tests using the Bonferroni method ("=
0.05/60= 8.33 ! 10!4). For further details, see the Supple-
mentary Methods.

To determine whether population or technical differences
might have in!uenced the observed effects independently of
diagnosis groups, simulated PRS, generated as described
above, were analysed. For each model, association statistics
of the 10,000 simulated PRS were calculated for the ten p-
value thresholds; the disorder PRS at the threshold showing

Bipolar multiplex families have an increased burden of common risk variants for psychiatric disorders 1289

https://gitlab.com/tillandlauer/abif-prs-analyses/
https://gitlab.com/tillandlauer/abif-prs-analyses/


the lowest mean association p-value was analysed further:
The number of simulated PRS at this threshold that showed
the same or a stronger association was counted and com-
pared to the association of the disorder PRS. This count was
used as the number of successes in a binomial test to esti-
mate the probability of success. For computational ef"-
ciency, models were "tted using restricted maximum
likelihood estimation and the average information optimi-
sation algorithm for this analysis.

Results

Figures 1 and 2 show the test statistics for the PRS with the
training GWAS p-value threshold pPRS that showed the
strongest association per PRS type. Full results for all ten
pPRS per PRS type calculated using logistic mixed models
are provided in Supplementary Figs. S1–S12 and in Sup-
plementary Tables S3–S11.

FAMBD cases had higher psychiatric PRS than
controls from the general population

On average, familial FAMBD cases had higher BD PRS than
unrelated CCcontrols across the pPRS thresholds (Fig. 1a, b;
Supplementary Figs. S1 and S2 and Supplementary Table
S3). The most substantial support for an increased BD PRS
was found with the threshold pPRS= 0.1 (OR= 2.97, one-
sided p= 1.9 ! 10!11). FAMBD cases also had signi"cantly
higher SCZ PRS than CCcontrols; the increase of the MDD
PRS was nominally signi"cant (Fig. 1b).

Shared PRS generated from the variants associated jointly
with BD, SCZ, and MDD were signi"cantly increased at
pPRS ! 0.01 in FAMBD cases compared to CCcontrols. The
GWIS BD-MDD PRS—the BD PRS corrected for associa-
tions shared with MDD—were signi"cantly increased in
FAMBD cases compared to CCcontrols. All other disorder-
speci"c GWIS PRS were not signi"cantly higher in FAMBD

cases after correction for multiple testing.
No signi"cant increase was found for the negative-

control PRS for late-onset Alzheimer’s disease (LOAD) and
associations of the PRS for BD and SCZ and of the Shared
PRS were signi"cantly stronger than simulated PRS in
FAMBD compared to CCcontrols (Table 2).

FAMBD cases had higher BD PRS than unrelated CCBD
cases

The BD PRS was signi"cantly higher in FAMBD than in
CCBD cases at pPRS ! 0.05, but no other type of PRS was
increased in FAMBD compared to CCBD cases (Fig. 1c, d).
The association of the BD PRS was signi"cantly stronger
than simulated PRS (Table 2).

Unaffected family members showed higher
psychiatric PRS than CC controls

In the comparison of FAMunaffected to CCcontrols, PRS for BD
and SCZ were signi"cantly higher in unaffected family
members (Fig. 1e, f). The increases of the MDD, Shared, BD-
MDD, and SCZ-BD GWIS PRS were nominally signi"cant.
The associations of BD and SCZ PRS were signi"cantly
stronger than the associations of simulated PRS (Table 2).

FAMBD cases had an increased PRS speci!cally for
BD

In comparison to FAMunaffected, the BD PRS and the BD-
MDD disorder-speci"c PRS were signi"cantly higher in
FAMBD (Fig. 2a, b). The Shared and the BD-SCZ PRS were
increased at nominal signi"cance.

Effects of assortative mating on BD PRS in family
members

Eight of the 44 individuals who had married into the
families had a diagnosis of MDD and none of BD (Table 1).
While the unaffected married-in individuals had higher BD
PRS than CCcontrols (p= 6.5 ! 10!5), their BD PRS was not
higher than the PRS of other FAMunaffected (Fig. 2c; Sup-
plementary Fig. S6 and Supplementary Table S7). We also
examined possible anticipation of BD in the families: nei-
ther did the BD PRS increase signi"cantly over generations
nor did the age at onset decrease over time (Fig. 2d; Sup-
plementary Fig. S7 and Supplementary Table S8).

FAMMDD cases had higher psychiatric PRS than
CCcontrols

In comparison to CCcontrols, FAMMDD cases had sig-
ni"cantly higher BD and MDD PRS, increases of the
Shared and SCZ PRS were nominally signi"cant (Supple-
mentary Figs. S8 and S9 and Supplementary Table S9).
Both the BD and MDD PRS were increased at nominal
signi"cance when comparing FAMMDD to FAMunaffected

(Supplementary Fig. S10 and Supplementary Table S10).
Notably, in both comparisons, FAMMDD showed a nominal
increase in SCZ-MDD PRS, but not in SCZ-BD PRS.

Discussion

Genome-wide association studies in large samples of
unrelated patients and controls have unravelled the poly-
genic nature of BD, i.e., many common variants, each with
a small effect size, contribute to BD. It has also been con-
sistently shown that BD, MDD, and SCZ share many
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risk-conferring variants. The aim of the present study was to
investigate whether common variants also contribute to BD
in families with a high density of the disorder and if so,
whether these variants are speci!c to BD.

We found that, compared to CCcontrols, unrelated subjects
from the general population unscreened for BD, affected and
unaffected ABiF family members had an elevated genetic
risk for the tested psychiatric disorders, mainly for BD but
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also for SCZ. FAMBD cases were characterised by a parti-
cularly high load of BD-speci"c risk variants: The strongest
association observed across all comparisons was the increase
of the BD PRS in FAMBD compared to CCcontrols. In addi-
tion, the BD but not the SCZ and MDD PRS of FAMBD

were signi"cantly higher than the PRS of unrelated CCBD

cases and unaffected family members. Together with the
disorder-speci"c GWIS PRS, these results support the major
contribution of BD-associated variants to the high density of
the disorder in the investigated families.

An increased polygenic psychiatric risk has also been
described in other studies of BD multiplex families [41–
43]. However, the scope and results of these studies dif-
fered from the present study to some extent: Fullerton
et al. [41] described an increased BD PRS in affected
family members compared to unrelated controls and,
when selecting families with a high polygenic BD risk
load, also to unaffected family members. They con-
structed PRS only based on a small set of 32 SNPs from
an older GWAS [10], and no other PRS were investigated.
De Jong et al. [43] focused their analyses in a large
Brazilian family with BD and MDD on assortative mating
and anticipation and found BD and SCZ PRS to be
increased at nominal signi"cance in affected compared to
unaffected members. In a large Swedish pedigree with

mainly BD but also some SCZ cases, Szatkiewicz et al.
[42] reported increased SCZ PRS in affected family
members compared to family-level and population con-
trols, as well as BD PRS increased at nominal signi"cance
in affected family members compared to family controls.
However, no differences were observed between unaf-
fected family members and population controls. Of note,
none of these studies investigated differences in PRS
between families and unrelated BD cases.

Compared to the CCBD in our study, FAMBD displayed,
apart from an earlier age at onset, signs of a less severe
clinical picture, i.e., less frequent impairment and less
psychosis. This could be explained by the fact that CCBD

cases were almost all BD-I patients recruited from con-
secutive admissions to a hospital, while most of the FAMBD

cases were reached through other family members in the
context of the study. Apart from this, the FAMBD did not
display any striking differences in clinical features com-
pared to the CCBD. Thus, we consider it likely that the
increased PRS in the FAMBD is linked to the familial
aggregation and not to clinical characteristics.

It appears striking that none of the ABiF family members
have been diagnosed with SCZ. However, this can most
likely be attributed to ascertainment bias as the recruitment
strategy focused on BD multiplex families. With respect to
this lack of SCZ diagnoses in the ABiF families, it is of
interest that the family members showed not only an
increased BD PRS but also increased SCZ and Shared PRS
compared to unrelated controls. This increase could be an
indirect consequence of the genetic correlation between BD
and SCZ [14, 16, 18–21]. Furthermore, affected family
members also had higher Shared PRS than CCcontrols. Of the
psychiatric disorder GWAS data sets (i.e., SCZ, BD, and
MDD) used in the present analysis, the SCZ GWAS both
identi"ed the largest amount of risk loci (108, 30, and 44,
respectively) and the corresponding PRS explained the
highest amount of case/control variance (7%, 4%, and 2% on
a liability scale, respectively) [12–14]. Taking this and the
genetic correlations between the disorders into account, the
SCZ PRS might have included more cross-disorder signals
with smaller effects than the PRS of BD and MDD. If family
members had an increased Shared risk burden, this cross-
disorder risk might have rendered them vulnerable to psy-
chiatric disorders in general, with the high BD PRS then
shaping the "nal BD diagnosis outcome. Of note, the analyses
of FAMMDD cases are discussed in the Supplementary Data.

Our study furthermore indicates that assortative mating
may have contributed to the increased BD PRS in the
ABiF families: in their study, de Jong et al. [43] found no
increased PRS in married-in subjects, but an increase of
polygenic risk and a decrease in age at onset over gen-
erations. We observed that individuals who married into
the ABiF families had higher BD PRS than CCcontrols, and

Fig. 1 Comparison of PRS between FAM and CC samples. Married-in
family members were excluded from these analyses. The plots show
one-sided p-values, following the hypothesis that family members
have higher PRS than individuals from the CC samples. All PRS have
been normalised using Z-score standardisation. a, b Comparison of
FAMBD cases to CCcontrols. a FAMBD cases had higher BD PRS across
all ten pPRS thresholds. The plot shows odds ratios (OR, y-axis, "lled
circles) and 95% con"dence intervals (CI); pPRS thresholds are shown
on the x-axis. Results for each threshold are coloured by their degree of
signi"cance (one-sided p-values): red= not signi"cant, orange=
nominally signi"cant, green= signi"cant after Bonferroni correction
for multiple testing ("= 0.05/60= 0.00083). The top-associated PRS
(pPRS= 0.1) is indicated in bold font and was marked by a magenta
circle (also in b). b For ten different PRS, this plot shows association
statistics for the top-associated pPRS thresholds. The x-axis shows ORs.
BD, SCZ, MDD: Standard PRS using the respective PGC GWAS
summary statistics. Shared: Shared psychiatric PRS (SNPs with BD,
MDD, SCZ p < 0.05, random-effects meta-analysis). BD-SCZ, BD-
MDD: BD-speci"c GWIS PRS corrected for SCZ and MDD,
respectively. SCZ-BD and MDD-BD: GWIS PRS for SCZ and MDD,
each corrected for BD. LOAD: PRS for late-onset Alzheimer’s dis-
ease. Simulated: Mean and CI of the 10,000 simulated PRS at the pPRS
with the lowest mean association p-value of all simulated PRS. The
column to the left of the plot: pPRS with the strongest association.
Supplementary Fig. S2 shows plots for all pPRS. Column to the right:
pone-sided= one-sided p-value. For full association test statistics, see
Supplementary Table S3. Bonferroni= signi"cant after Bonferroni
correction for multiple testing; nominal= nominally signi"cant (p <
0.05); n.s.= not signi"cant. c, d Comparison of FAMBD cases and
unrelated CCBD cases. See Supplementary Fig. S3 and Table S4 for
more detailed plots and full association test statistics. e, f Comparison
of FAMunaffected and CCcontrols. See Supplementary Fig. S4 and Table
S5 for more detailed plots and full association test statistics
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their BD risk load was similar to other FAMunaffected. At
the time of the interview, none of the married-in family
members had a diagnosis of BD. Nevertheless, their
increased BD PRS suggests that assortative mating may
have occurred. Unaffected individuals with an above
average BD PRS may display sub-threshold character-
istics of BD, such as a broader range of emotions [44–46].
Consistent with the observation that married-in subjects

did not have higher BD PRS than the other FAMunaffected,
no increase in BD PRS was found across generations.
However, assortative mating may have contributed to the
establishment and maintenance of a high genetic risk load
for BD in these families. Furthermore, assortative mating
may have already occurred in previous generations, for
which no DNA was available. Of note, DNA was not
available for all ABiF family members of the current
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Fig. 2 a, b Comparison of PRS between FAMBD cases and FAMu-

naffected. The plots show one-sided p-values, following the hypothesis
that BD cases have higher PRS than unaffected individuals. Further
details of the plots are as described in the legend for Fig. 1. See
Supplementary Fig. S5 and Table S6 for more detailed plots and full
association test statistics. c, d Analyses of assortative mating (c) and
anticipation (d). These plots were not adjusted for covariates; n=
sample size. The y-axis shows the PRS values. c: Assortative mating.
The plot shows violin- and boxplots of the BD PRS (pPRS= 0.05),
comparing unaffected, married-in individuals with no parent among
the ABiF families to other FAM and CC subjects. At pPRS= 0.05,
married-in family members showed the highest BD PRS compared to
CCcontrols (p= 6.5 ! 10!5, Supplementary Fig. S6A and Table S7). The
BD PRS of married-in individuals was not signi"cantly higher than the
PRS of FAMunaffected at any pPRS (p ! 0.167, Supplementary Fig. S6B

and Table S7). Covariate used: sex. One-sided p-values were calcu-
lated, following the hypothesis that married-in individuals have higher
PRS than other unaffected subjects. Note that, in the context of
assortative mating, the boxplots of affected BD cases are displayed for
reference only and have not been included in the analysis. d Antici-
pation: the BD PRS did not increase across generations. The plot
shows violin- and boxplots of the BD PRS (pPRS= 1 ! 10!5) across
different generations of the FAM sample for the three diagnosis
groups. At pPRS= 1 ! 10!5, the association of the BD PRS with gen-
eration was strongest but not signi"cant (p= 0.45; Supplementary
Fig. S7A and Table S8). Married-in family members were excluded
from this analysis. Covariates used: sex, age at the interview, diag-
nostic group. One-sided p-values were calculated, following the
hypothesis that the PRS increase across generations
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generations, limiting the scope of the analysis of assor-
tative mating.

Although both the FAM and CC samples were recruited
in Spain [9], minor population differences may have in!u-
enced the present results. Even if such minor differences
existed, it is unlikely that they caused the highly signi"cant
associations observed for the psychiatric PRS, given that the
pairwise genetic relationship matrix was used as a random
effect in the association analyses. Additionally, results from
three further analyses support our assumption that sys-
tematic differences between the genotype data of FAM,
CCcontrols, and CCBD samples did not distort our "ndings:
First, we did not "nd signi"cant differences between the
cohorts in a population substructure analysis (see Supple-
mentary Fig. S11 and Supplementary Methods). Second,
PRS for LOAD were not signi"cantly increased in family
members in any analysis. Since LOAD shows no genetic
correlation with BD, MDD, or SCZ [14, 47, 48], this result
further supports the speci"city of our analyses. Third, when
a psychiatric disorder PRS was signi"cantly increased in
family members, this association was stronger than for
simulated PRS. While these "ndings cannot entirely
exclude the in!uence of unknown confounders on our
results, we consider them as strong evidence that the
high psychiatric PRS observed in family members

compared to controls cannot be attributed to population or
technical differences between the cohorts.

The lower a pPRS threshold in the GWAS training data,
the fewer SNPs were included in the calculation of the
corresponding PRS. In most cases, signi"cant differences
between groups were not observed for these low pPRS but
the higher thresholds based on thousands of variants. This is
commonly observed and in line with the polygenic nature of
psychiatric disorders as complex disorders, with genome-
wide signi"cant SNPs only accounting for a small share of
the polygenic signal. The training GWAS used for BD,
SCZ, and MDD, the largest available for these phenotypes,
differ in the number of included subjects, their statistical
power, and the number of identi"ed signals. Therefore, the
derived PRS also differ in the number of SNPs used in the
calculation of each threshold (see Supplementary Table S2).
However, even though the BD GWAS was based on the
smallest number of subjects and contained the lowest
number of genome-wide-associated loci among the three
GWAS, the BD PRS showed the strongest associations with
BD case status or family membership, underlining the
substantial contribution of BD risk variants to the devel-
opment of BD in the ABiF families.

One limitation of the study is that the subjects of the
unrelated control cohort were not systematically screened

Table 2 The psychiatric disorder
PRS can distinguish better
between groups than
simulated PRS

Group Disorder PRS Simulated PRS
min. pPRS

N simulated PRS
with p " p of
disorder PRS

Prob. of
success

95% CI

FAMBD vs. CCcontrols BD 1 ! 10!5 0 <1! 10!4 0–0

SCZ 1 ! 10!5 0 <1! 10!4 0–0

MDD 1 ! 10!5 91 0.0091 0.007–0.011

Shared 1 ! 10!5 2 0.0002 0–0.001

FAMBD vs. CCBD BD 1 ! 10!7 0 <1! 10!4 0–0

SCZ 1 ! 10!7 2858 0.2858 0.277–0.295

MDD 1 ! 10!7 744 0.0744 0.069–0.080

Shared 1 ! 10!7 2229 0.2229 0.215–0.231

FAMunaffected vs. CCcontrols BD 1 ! 10!7 0 <1! 10!4 0–0

SCZ 1 ! 10!7 0 <1! 10!4 0–0

MDD 1 ! 10!7 37 0.0037 0.003–0.005

Shared 1 ! 10!7 74 0.0074 0.006–0.009

FAMMDD vs. CCcontrols BD 2 ! 10!1 0 <1! 10!4 0–0

SCZ 2 ! 10!1 409 0.0409 0.037–0.045

MDD 2 ! 10!1 2 0.0002 0–0.001

Shared 2 ! 10!1 125 0.0125 0.010–0.015

In binomial tests with 10,000 trials, the number of successes was the number of simulated PRS that showed
the same or a stronger association than the disorder PRS (one-sided p-values). The 10,000 simulated PRS
with ten p-value thresholds each were calculated by drawing random variants from across the genome, using
the same number of variants as for the BD PRS at each threshold and random effect sizes from the pool of all
available BD, SCZ, and MDD effects. For the present test, the pPRS of the simulated PRS showing the lowest
mean association p-value was chosen. Prob.= binomial test probability estimate of success; CI= con"dence
interval of the probability estimate, both calculated using the R package binom (method: exact). Signi"cance
threshold: 0.05/16= 0.003125, comparisons surpassing this threshold are shown in bold font
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for psychiatric disorders. The lifetime prevalence of uni-
polar depression in this cohort (up to 14.4% until the time of
the interview) was in line with typically observed numbers
[27], the prevalence of BD was not assessed. However, as
BD has a lifetime prevalence of ~1%, we expect up to three
BD cases among the 277 controls, a number we consider
unlikely to have markedly in!uenced our results. Moreover,
using controls unscreened for BD instead of “super-healthy”
controls as a comparison to family members and unrelated
BD cases represents a conservative approach and
thereby strengthens the observed group differences in
psychiatric PRS.

Similarly, around one third of the CCBD reported a family
history of BD. The CCBD thus do not represent a sample of
truly sporadic BD cases. However, the aim of our study was
to investigate how members of multiplex BD families differ
from typical BD cases regarding the polygenic contribution to
their disorder. The observation that ABiF multiplex cases
showed a higher polygenic psychiatric risk than CCBD,
despite part of the CC cases also reporting a family history for
BD, thus rather strengthens the validity of our "ndings.

The present study generated substantial evidence that
members of the ABiF families, including unaffected sub-
jects, carried a higher risk burden of common genetic risk
variants than an unrelated control sample mainly for the
psychiatric disorders BD and SCZ and, at least the
FAMMDD cases, for MDD. In line with previous theoretical
assumptions [49] and preliminary results from a pilot study
in a single ABiF family [26], our results suggest that a high
polygenic load of common risk variants is a major con-
tributor to the increased risk for BD and MDD in families
with a high density of BD. However, given the modest
effect sizes of the PRS, they explained only a fraction of the
phenotypic variance, and rare mutations such as copy
number variants [50] or rare single-nucleotide variants
likely also play an important role in each of the families.
Sequencing studies carried out in multiplex families have
suggested rare variants are involved in the aetiology of BD
[51–53]. To date, however, it has proven dif"cult to identify
replicable causal associations between rare variants and BD
susceptibility. In a pilot study that analysed a single ABiF
pedigree, we did not identify any rare causal variants for BD
[26]. The analysis of rare variants in the remaining ABiF
families using next-generation sequencing technologies is
envisioned for the future, including integrative analyses in
international consortia such as the Bipolar Sequencing
Consortium [54]. Of note, the present analyses did not
assess single families separately, but integrated PRS asso-
ciations across all examined 33 ABiF families. Thus, the
degree to which common and rare variants shaped the
emergence of psychiatric disorders may vary between
families.

Furthermore, PRS are commonly based on and applied to
sets of unrelated individuals, and polygenic risk might act
differently in the case of familial genetic background.
Moreover, a broad range of environmental factors have
been shown to in!uence the risk of psychiatric disorders
and might act on top of the increased genetic risk in these
families. However, environmental factors have not been
systematically assessed in the present study. To further
enhance our understanding regarding the aetiology of BD,
integrated analyses of common and rare variants, as well as
of environmental risk in the ABiF families are warranted in
the future.
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Genetic factors in!uencing a neurobiological
substrate for psychiatric disorders
Till F. M. Andlauer 1,2, Thomas W. Mühleisen 3,4,5, Felix Hoffstaedter 3, Alexander Teumer 6, Katharina Wittfeld 7,8,
Anja Teuber9,10, Céline S. Reinbold5,11, Dominik Grotegerd12, Robin Bülow13, Svenja Caspers3,14, Udo Dannlowski12,
Stefan Herms 5,15, Per Hoffmann3,5,15,16, Tilo Kircher17,18,19, Heike Minnerup9, Susanne Moebus20, Igor Nenadi!17,18,19,
Henning Teismann 9, Uwe Völker21, Amit Etkin22,23,24, Klaus Berger9, Hans J. Grabe 25, Markus M. Nöthen15,16,
Katrin Amunts 3,4,26, Simon B. Eickhoff3,27, Philipp G. Sämann1, Bertram Müller-Myhsok1,28 and Sven Cichon 3,5,29

Abstract
A retrospective meta-analysis of magnetic resonance imaging voxel-based morphometry studies proposed that
reduced gray matter volumes in the dorsal anterior cingulate and the left and right anterior insular cortex—areas that
constitute hub nodes of the salience network—represent a common substrate for major psychiatric disorders. Here,
we investigated the hypothesis that the common substrate serves as an intermediate phenotype to detect genetic risk
variants relevant for psychiatric disease. To this end, after a data reduction step, we conducted genome-wide
association studies of a combined common substrate measure in four population-based cohorts (n= 2271), followed
by meta-analysis and replication in a !fth cohort (n= 865). After correction for covariates, the heritability of the
common substrate was estimated at 0.50 (standard error 0.18). The top single-nucleotide polymorphism (SNP)
rs17076061 was associated with the common substrate at genome-wide signi!cance and replicated, explaining 1.2%
of the common substrate variance. This SNP mapped to a locus on chromosome 5q35.2 harboring genes involved in
neuronal development and regeneration. In follow-up analyses, rs17076061 was not robustly associated with
psychiatric disease, and no overlap was found between the broader genetic architecture of the common substrate
and genetic risk for major depressive disorder, bipolar disorder, or schizophrenia. In conclusion, our study identi!ed
that common genetic variation indeed in"uences the common substrate, but that these variants do not directly
translate to increased disease risk. Future studies should investigate gene-by-environment interactions and employ
functional imaging to understand how salience network structure translates to psychiatric disorder risk.

Introduction
Numerous studies have identi!ed regional differences in

the brain structure of psychiatric patients and described
both transdiagnostic and disorder-speci!c processes of
gray matter (GM) reduction in patients1–8. One of these
reports was the large retrospective meta-analysis of
193 studies by Goodkind et al. that compared 7381

psychiatric patients from six diagnostic groups (schizo-
phrenia, bipolar disorder (BD), major depressive disorder
(MDD), addiction, obsessive-compulsive disorder, and
anxiety) with 8511 psychiatrically healthy controls using
voxel-based morphometry (VBM) from structural mag-
netic resonance imaging (MRI)1. Across all diagnoses,
they found that GM volumes were lower in the left and
right anterior insular cortices (AIC) and the dorsal ante-
rior cingulate cortex (dACC). Subsequentially, they per-
formed structural and functional connectivity analyses
and con!rmed that these three regions were tightly con-
nected and represent hub nodes of the salience net-
work:1,9,10 This network serves stimulus selection,
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controls the focus of attention, and is involved in the
selection of goal-directed behavior and in saliency
detection of exogenous or internal cues9–11. Independent
studies indicate that functional differences in salience
processing in these brain regions are associated with
several neuropsychiatric disorders and their progres-
sion11. Eventually, Goodkind et al. hypothesized that
lower GM of this network represents a common neuro-
biological substrate for psychiatric disorders1.
However, the etiology of the common substrate reduc-

tions has not been investigated so far and remains unclear.
One possible explanation involves the loss of GM at dis-
ease manifestation and during the further course of dis-
ease, implying a regionally speci!c vulnerability toward a
degenerative process—similar to known neurodegenera-
tive disease entities12,13. An alternative explanation
implies that reduced GM exists before disease onset,
shaped by genetic or early environmental in"uences such
as childhood adversity:14 Here, premorbid structural
abnormalities of the salience network could increase a
subject’s vulnerability to psychiatric disease. More
recently, structural salience network integrity was repor-
ted to mediate between polygenic risk for schizophrenia
and auditory hallucinations15. A third explanation
involves brain-aging processes that occur in a network-
dependent way and often with a strong non-linear com-
ponent:16–18 Here, accelerated aging could increase the
disease risk over the lifespan by genetic or environmental
factors. All three explanation models might apply in
parallel and lead to combined effects at the
morphological level.
Many studies have analyzed genetic risk factors for

psychiatric disorders such as schizophrenia, BD, and
MDD19. These disorders show substantial heritability20

and are genetically correlated with each other21,22.
Genome-wide association studies (GWAS) identi!ed
single-nucleotide polymorphisms (SNPs) contributing
risk for several psychiatric disorders, suggesting pleio-
tropy and partially overlapping etiologies22,23. Imaging
genomics is a growing discipline that exploits imaging-
based measures to explore the genetic basis of brain
organization24. The clinical value of this concept to detect
risk variants for psychiatric disease, however, depends on
a detectable correlation between the intermediate phe-
notype and the clinical level. Following this line of
thought, the common substrate suggested by Goodkind
et al. is a promising intermediate phenotype, particularly
due to its transdiagnostic effects.
The present study aimed to identify genetic variants

in"uencing the substrate in the general population. As a
conceptual decision, patient cohorts were not included in
our genetic analyses to avoid any interference with sec-
ondary disease effects on the common substrate, such as
treatment effects or other disease-related epiphenomena.

Our imaging analyses involved a prospective, harmonized
VBM preprocessing protocol applied to high-resolution
structural MRI data of !ve population-based cohorts. To
account for the network character of the three common
substrate regions, we combined them into a single marker
using principal component analysis (PCA). We analyzed
the !rst principal component of the common substrate
(CCS) of the population-based cohorts through GWAS,
followed by meta-analysis. As our main result, we iden-
ti!ed a novel genetic locus signi!cantly associated with
the CCS. In a series of secondary analyses, we char-
acterized the genetic relationship between the CCS and
risk for psychiatric disorders and investigated a potentially
modulating role of age.

Methods and materials
Sample description
For the GWAS, 3136 individuals from !ve population-

based cohorts were pooled. Four cohorts were used in the
discovery (1000BRAINS25, n= 539; CONNECT10026,
n= 93; BiDirect27, n= 589; SHIP-228, n= 1050; total n=
2271) and the second-largest cohort available was used in
the replication stage (SHIP-Trend28, n= 865). For follow-
up analyses, three psychiatric patient/control cohorts with
1978 patients and 1375 controls were used, BiDirect (n=
582 MDD patients; n= 311 healthy controls29), Max
Planck Institute of Psychiatry (MPIP) (n= 385 MDD
patients; n= 197 healthy controls30,31), and FOR2107
(n= 769 MDD, n= 127 BD, n= 72 schizophrenia, and
n= 43 schizoaffective patients; n= 867 healthy con-
trols32,33). The BiDirect cohort is a prospective observa-
tional study27. Probands were recruited in the area of
Münster and underwent a structured clinical interview for
DSM-IV axis I disorders and all MDD patients received
treatment for acute depression27. The MPIP cohort
represents subsamples of the Munich Antidepressant
Response Signature study, an observational study on
psychiatric in-patients treated for MDD30, and the
recurrent unipolar depression study, a cross-sectional
case/control imaging genetics study31 (see5,6 for diag-
nostic instruments). FOR2107 is an ongoing multicenter
study recruiting from the areas of Marburg and Münster
in Germany32. All subjects underwent a structured clinical
interview for DSM-IV axis I disorders, administered by
trained clinical raters. Basic demographic characteristics
of the cohorts can be found in Supplementary Tables S1
and S2. The studies were approved by the local ethics
committees; all participants provided written informed
consent.

VBM preprocessing and extraction of regional and total
GM volumes
VBM-like preprocessing with MATLAB-based SPM

(version 8, https://www.!l.ion.ucl.ac.uk/spm/software/
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spm8/) and the VBM8 toolbox (version r445, http://dbm.
neuro.uni-jena.de/vbm8/) were used to process all T1-
weighted images (n= 3136 for the GWAS and n= 3361
for the patient/control analyses). Processing was per-
formed locally by the participating sites and comprised
the following steps: (i) spatial registration to a reference
brain in MNI152 space, (ii) segmentation of T1-weighted
images into GM, white matter, and cerebrospinal "uid by
a three-step algorithm implemented in the VBM8 tool-
box, (iii) bias correction of intensity non-uniformities, (iv)
application of the diffeomorphic normalization algorithm
DARTEL for iterative linear and non-linear spatial nor-
malization of the GM and white matter maps to MNI
space (IXI555 template)34, (v) non-linear-only Jacobian
modulation to correct for linear global scaling effects
while preserving local GM volumes. The quality of pro-
cessed GM segments in MNI space was assessed using the
“Check sample homogeneity using covariance” function in
VBM8. Three spatially disjunct regional GM volumes,
based on binarized versions of the joint result areas from
the study by Goodkind et al.1, and total GM volume were
extracted.
Extracted GM volumes were, separately for each cohort,

corrected for age, age2, and sex in multiple linear
regression models. To allow for a valid interpretation of
the individual coef!cients, we conducted a
Gram–Schmidt orthonormalization of age (!rst term) and
age2 (second term) in R v.3.5.2, using the function QR of
the package matlib (see the Supplementary Material).
Handedness was used as an additional covariate for
1000BRAINS, CONNECT100, and BiDirect, coil type for
the MPIP sample, as well as body coil type and site for
FOR2107. Residuals of these regional volume regression
models were combined using PCA to create a single
measure, which we named the CCS (Fig. 1).

Genotyping, quality control, and imputation
DNA extraction and genome-wide genotyping were

conducted as described before28,31,35–37. Genotyping
was carried out on different Illumina and Affymetrix
microarrays (see the Supplementary Methods and Sup-
plementary Table S3). Quality control and imputation
were conducted separately for each genotyping batch,
using the same protocols, in PLINK, R, and XWAS38,39.
Genotype data were imputed to the 1000 Genomes
phase 1 reference panel using SHAPEIT and
IMPUTE240,41, as described in the Supplementary
Methods and previously42. The population substructure
of all !ve GWAS cohorts is shown in Supplementary
Fig. S1.

Heritability estimation and GWAS
The SNP-based heritability of the CCS was estimated

using genome-wide complex trait analysis on a combined

sample of the imputed data from all !ve cohorts43 (see the
Supplementary Methods). GWAS was conducted sepa-
rately per cohort using PLINK with ancestry components
as covariates. Variants on the X chromosome were ana-
lyzed separately by sex, followed by p value-based meta-
analysis to allow for different effect sizes per sex.
A two-stage design was implemented for the GWAS,
using four cohorts as the discovery sample and SHIP-
Trend as an independent replication sample. The cohorts
were combined with !xed-effects meta-analysis using
METAL44. There was no indication for genomic in"ation
of the GWAS test statistics in the single cohorts or the
meta-analysis (!1000= 1.01, see Supplementary Table S4
and Supplementary Fig. S2).
Linkage disequilibrium (LD) was analyzed using the

European 1000 Genomes CEU population in LDmatrix45.
The two SNPs that showed the most robust genome-wide
support (p < 5 ! 10!8) for an association in the discovery
stage and were partially independent of each other (LD r2

< 0.5 with more strongly associated variants) were carried
forward to the replication stage. Here, a one-sided p value
<!= 0.05/2 (correcting for two LD-independent variants)
was considered as a successful replication. See the Sup-
plementary Methods for a detailed description of herit-
ability and GWAS methods.

Gene-set analyses
Gene-set analyses were conducted on the meta-analysis

of the discovery- and replication-stage GWAS, using 674
REACTOME gene sets containing 10–200 genes curated
from MsigDB 6.246. Only SNPs within gene boundaries
were mapped to RefSeq genes (0 bp window). Analyses
were conducted in MAGMA v1.07 using both mean and
top SNP gene models47 and in MAGENTA v2 using a top
SNP approach48. Here, false discovery rates were calcu-
lated to correct for multiple testing.

Comparison to published GWAS of psychiatric disorders
and polygenic score analyses
For genome-wide comparisons between our GWAS

meta-analysis and published GWAS of psychiatric dis-
orders, summary statistics from the following Psychiatric
Genomics Consortium (PGC) GWAS were used: cross-
disorder 201922, BD 201949, MDD 2018 (with
23andMe)50, and schizophrenia 201451. For additional
comparisons, the following GWAS were used: IFGC
behavioral frontotemporal dementia (bvFTD) 201452,
longevity 85/90 201453, and three different GWAS from
2017 on epigenetic accelerated aging (EAA):54 accelerated
aging in all examined brain regions, accelerated aging in
prefrontal cortex, and neuronal proportion in the pre-
frontal cortex.
To further characterize the relationship between the

CCS and risk for psychiatric disorders, we ran four
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analyses using GWAS summary statistics from published
PGC studies, following a published, well-acknowledged
work"ow55. Polygenic scores (PGSs) were calculated and
analyzed in R using imputed genetic data56,57. Here, we
used the PGC GWAS as training and our population-
based GWAS cohorts as test data. Furthermore, we also
calculated PGS using the CCS GWAS summary statistics
as training and the patient/control cohorts as test data.
We ran LD score regression (LDSC) comparing the
genetic correlation of published GWAS to the CCS
GWAS summary statistics with standard settings58,59. We

analyzed whether the order of SNPs ranked by their
association strength was random between studies using
rank–rank hypergeometric overlap (RRHO) tests60. For
this analysis, variants were LD-pruned in the 1000 Gen-
omes phase 3 EUR subset61. Binomial sign tests were
conducted on LD-clumped variants in R (binom.test) to
analyze whether SNPs associated with the CCS at either
p < 0.05 or p < 1 ! 10!5 showed the opposite direction of
effects in other GWAS more often than expected by
chance. For additional details on these analyses, see the
Supplementary Methods.

Fig. 1 Generation of the component of the common neurobiological substrate (CCS) and genome-wide association study (GWAS) analysis
work!ow. A, B Comparison between the CCS and the three individual volumes (A) and the residuals of the three volumes after correction for
covariates (B). AIC anterior insula cortex, dACC dorsal anterior cingulate cortex. C Histograms of the three extracted volumes and the CCS. Note that
A–C show combined data from all !ve GWAS cohorts. Correlations were left and right AIC: r= 0.65, left AIC and dACC: r= 0.52, right AIC and dACC: r
= 0.46. D GWAS analysis work"ow. All measures were extracted using NLO-based Jacobian modulation. All GM volumes were corrected for age, age2,
and sex as covariates; handedness was used as an additional covariate for the three samples 1000BRAINS, CONNECT100, and BiDirect. PCA: principal
component analysis, LD: linkage disequilibrium.
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Secondary analyses of age-interaction effects
We explored the possibility that the original VBM stu-

dies entering the meta-analysis of Goodkind et al.1 picked
up age-by-diagnosis effects by analyzing patient/control
cohorts and by verifying that our main genetic association
was not age-dependent. We performed secondary ana-
lyses that probed (a) the possibility of “accelerated aging”
of the CCS phenotype in psychiatric disorders and (b) the
possibility of heterogeneity of the SNP effect across dif-
ferent age ranges.

Results
Combination of the three brain regions
To analyze a combined measure of the published

common neurobiological substrate for psychiatric dis-
orders1, we combined the volumes of the left AIC, right
AIC, and dACC by PCA. The !rst principal component,
which we refer to as the CCS, explained 66.5% of the
phenotypic variance of the three volumes and 55.4% after
correction of the volumes for covariates (Fig. 1 and Sup-
plementary Methods).

Heritability of the CCS
After correction for covariates, the CCS showed a SNP

heritability estimate of h2g= 0.50 (standard error (SE)=
0.18; p value= 0.0033).

GWAS of the CCS
In the discovery-stage GWAS (Supplementary Fig. S2A

and Supplementary Table S4), 12 SNPs on chromosome
5q35.2 showed genome-wide signi!cant associations with
the CCS (signi!cance threshold p < 5 ! 10–8; Fig. 2A and
Supplementary Table S5). Most of these variants were
highly correlated with each other (Supplementary Table
S6). The two partially LD-independent SNPs (pairwise LD
r2= 0.267 in CEU samples) with the most robust support
for an association were analyzed further (Fig. 2B). Of
these, the minor allele T of the SNP rs17076061 (fre-
quency in our GWAS cohorts: 0.36, Fig. 2C) was sig-
ni!cantly associated in the replication cohort in the same
direction (discovery: "=!0.22 standard deviations (SD)
(SE= 0.04), p= 1.51 ! 10–8; replication: "=!0.15 (SE=
0.07), one-sided p= 9.91 ! 10–3, Supplementary Fig. S3)
and was also the top-associated variant in the genome-
wide meta-analysis of discovery and replication samples
("=!0.21 (SE= 0.03), p= 1.46 ! 10–9; Fig. 2D, Supple-
mentary Table S5, Supplementary Figs. S2B, S4, and S5).
SNP rs17076061-T was associated with the CCS at
genome-wide signi!cance but not with the three single
region volumes or the whole-brain GM volume (Table 1).
After z-score transformation to allow effect size com-
parisons, the effect size was larger for the CCS (!0.159
SD) than for the total GM (!0.099 SD).

Gene-set analyses
In two separate gene-set analyses using GWAS meta-

analysis results, four pathways were signi!cantly asso-
ciated with the CCS. The top-associated pathway in both
analyses (MAGMA: adjusted p= 2.2 ! 10–3; MAGENTA:
false discovery rate q= 2.4 ! 10–3) was “SEMA3A-Plexin
repulsion signaling by inhibiting Integrin adhesion”
(https://www.reactome.org/content/detail/R-HSA-
399955). Please see Supplementary Tables S7 and S8 for
the full results of these analyses.

Comparison of the top GWAS SNP and the genetic
architecture of the CCS with genetic risk for disease
To investigate whether rs17076061 is associated with

risk for common psychiatric disorders, we looked up the
SNP in published results from large GWAS of psychiatric
disorders by the PGC (cross-disorder22, BD49, MDD50,
and schizophrenia51). Here, the cross-disorder GWAS
showed the strongest effect, albeit not signi!cant after
correction for multiple testing (OR= 1.035, unadjusted
one-sided p= 0.048; Supplementary Table S9). Next, we
conducted genome-wide comparisons: using LDSC, we
found no signi!cant genetic correlation between the CCS
GWAS and the four psychiatric GWAS (Table 2 and
Supplementary Table S10). Furthermore, RRHO tests
showed no signi!cant overlap of SNPs ranked by their
association strength (Table 2, Supplementary Table S11,
and Supplementary Fig. S6). In binomial sign tests, CCS-
associated variants did not show the opposite effect
direction in the psychiatric disorder GWAS more often
than expected by chance (Table 2 and Supplementary
Table S12).

Analysis of polygenic scores
Next, we calculated PGSs based on the four PGC

GWAS (psychiatric cross-disorder, MDD, BD, schizo-
phrenia) as training data and analyzed associations of
these disease-associated PGSs with the CCS in our
population cohorts. None of the PGSs were associated
with the CCS after correction for multiple testing (Table
2, Supplementary Table S13, and Supplementary Fig. S7).
Last, we inverted the direction of the approach and built

a PGS based on our CCS GWAS as training data, using
ten different p value thresholds, and compared it between
patients and controls from four clinical diagnoses (MDD,
BD, schizoaffective disorder, and schizophrenia) as avail-
able from three patient/control cohorts (BiDirect, MPIP,
FOR2107). We expected the CCS PGS to be lower in
psychiatric patients. No consistent results were observed
regarding the expected direction of the patient/control
comparisons and a speci!c threshold, and no single effect
proved robust to multiple testing correction (Supple-
mentary Table S14).
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Analyses of age-dependent effects
In an imaging meta-analysis of our three MDD/control

cohorts (BiDirect, MPIP, FOR2107), we con!rmed that the
CCS was reduced in MDD patients compared to controls
(p= 1.3 ! 10-7; Fig. 3A and Supplementary Table S15). In
the transdiagnostic FOR2107 cohort, the median CCS
showed a stepwise decrease along the affective-psychosis
axis (controls: median= 0.18; MDD: median=!0.010,
comparison to controls: p= 3.9 ! 10!3; BD: median=
!0.35, p= 2.8 ! 10!5; schizoaffective disorder: median=
!1.13, p= 2.6 ! 10!8; schizophrenia: median=!0.58, p=
6.6 ! 10!10; combined analysis of all four diagnostic groups
in FOR2107: p= 1.5 ! 10!7; Fig. 3A, Supplementary Table
S15, and Supplementary Fig. S8). This !nding strongly
af!rmed the results of Goodkind et al.1.

In these analyses, we noticed a possible in"uence of age
on the association between the patient/control status and
the CCS. When adding a linear and quadratic age-
interaction term to the MDD regression models, the lin-
ear interaction term was not signi!cant (p= 0.72). How-
ever, the age2-by-diagnosis interaction term was
signi!cant (p= 0.014), pointing to a possible non-linear
age dependency in MDD. No such effect was detected in
the other diagnostic groups (Fig. 3B and Supplementary
Table S15). To explore non-linear age dependencies in a
complementary approach, we strati!ed all patient/control
cohorts into !ve non-overlapping age groups (Fig. 3C).
Heterogeneity in a meta-analysis of the CCS associations
strati!ed by age would have indicated strong non-linear
effects of age on the CCS. However, we detected no

Fig. 2 Presentation of the genome-wide association study (GWAS) results. A Manhattan plot showing the strength of evidence for an
association (p value) in the discovery stage component of the common neurobiological substrate (CCS) GWAS. Each variant is shown as a dot, with
alternating shades of blue according to chromosome; the top-associated locus 5q32.2 is labeled with a red diamond. The red line marks the genome-
wide signi!cance level. B Matrix of the pairwise linkage disequilibrium (LD) pattern (1000 Genomes population CEU) between the 12 variants that
reached genome-wide signi!cance in the discovery GWAS. The two variants rs17076061 and rs72088023 (r2= 0.267) showed the strongest support
for an association in their respective LD blocks and were analyzed in the replication stage. All other variants had pairwise LD > 0.5 with either of these
two variants, their association strengths are provided for comparison only. PDisc. discovery stage GWAS p value, pRepl.(1s) one-sided p value in the
replication cohort, Mbp mega base pair. C Regional association plot of the top-associated locus after pooled analysis of the discovery stage GWAS
and the replication sample. The dot color indicates LD with the lead variant (rs17076061; pink). Gray dots represent signals with missing LD r2 values.
cM: centimorgan. D Forest plot of the pooled analysis of the replicated variant rs17076061 in discovery and replication cohorts. D. P.: pooled analysis
of discovery stage cohorts, Repl.: replication, Pool.: pooled analysis of the discovery GWAS and the replication cohort SHIP-Trend.
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signi!cant heterogeneity between the age groups (Q=
3.21, p= 0.52; Fig. 3C and Supplementary Table S16).
When adding interaction terms to the model, neither

the age-by-SNP (p= 0.48) nor the age2-by-SNP (p= 0.50)
interaction became signi!cant in the meta-analysis of the
!ve GWAS population cohorts, while the main SNP effect
remained stable (Supplementary Table S17). Similarly,
when stratifying the analysis by age groups, the SNP main
effect size varied, yet without signi!cant heterogeneity
(Q= 2.25, p= 0.69; Fig. 3D and Supplementary
Table S17).
To investigate whether our speci!c implementation of

the global brain size correction in"uenced the association
results, we switched from non-linear only Jacobian mod-
ulation of the GM probability maps to full Jacobian
modulation, with the total intracranial volume entered as
an explicit volumetric covariate. Our association results
remained stable, independent of the correction method
used (Supplementary Methods and Supplementary
Table S15).

Comparison of the genetic architecture of the CCS with the
genetics of aging traits
To further explore whether genetic variants associated

with the CCS might in"uence aging-related processes, we
compared our CCS GWAS results with GWAS for EAA54

and longevity53. The common substrate regions represent
the salience network, which is speci!cally prone to neu-
rodegeneration in bvFTD12,62, a subtype of fronto-
temporal dementia with severe executive disturbances
and personality changes. Therefore, we also analyzed a
possible overlap with GWAS results for bvFTD52. SNP
rs17076061 showed no signi!cant association in any of
these GWAS (Supplementary Table S9). Single !ndings
for longevity and EAA were nominally signi!cant in PGS

analyses and sign tests. However, overall, no signi!cant
genetic overlap with any of these GWAS was found with
LDSC (Supplementary Table S10), RRHO tests

Table 1 Association results from the genome-wide meta-
analysis of discovery and replication samples in different
gray matter (GM) regions.

rs17076061 Effect size SE p value

CCS !0.159 0.026 1.41 ! 10!9

Left AIC !0.142 0.026 7.00 ! 10!8

Right AIC !0.124 0.026 2.63 ! 10!6

dACC !0.083 0.026 1.77 ! 10!3

Total gray matter !0.099 0.026 1.85 ! 10!4

For this comparison, all measures were centered and scaled using z-score
transformation before the analysis to make the effect sizes of the different
measures comparable. The unit of the effect sizes is thus standard deviation
(SD). Accordingly, the CCS coef"cients shown here differ from the ones
presented in Fig. 2 and Supplementary Table S5. The effect size refers to the
minor allele T. All measures were extracted using non-linear only (NLO)-based
Jacobian modulation.
AIC anterior insula cortex, dACC dorsal anterior cingulate cortex, SE
standard error.

Table 2 Comparisons of the component of the common
neurobiological substrate (CCS) and the CCS genetic
architecture with psychiatric disorders.

LD score regression (LDSC)

GWAS comparison rg p value

Psychiatric cross-disorder 0.0005 0.99

Bipolar disorder 0.17 0.08

Major depression !0.03 0.75

Schizophrenia 0.08 0.38

Rank–rank hypergeometric overlap (RRHO)

GWAS comparison Overlap p value

Psychiatric cross-disorder 0.29 0.53

Bipolar disorder 0.21 0.06

Major depression 0.04 0.18

Schizophrenia 0.02 0.15

Binomial sign tests (p < 0.05)

GWAS comparison Probability p value

Psychiatric cross-disorder 0.50 0.77

Bipolar disorder 0.50 0.67

Major depression 0.50 0.82

Schizophrenia 0.50 0.64

Binomial sign tests (p < 1 ! 10!5)

GWAS comparison Probability p value

Psychiatric cross-disorder 0.33 0.93

Bipolar disorder 0.54 0.50

Major depression 0.33 0.93

Schizophrenia 0.54 0.50

Polygenic scores (PGS)

Training GWAS Effect size p value pT

Psychiatric cross-disorder !0.78 0.30 5 ! 10!8

Bipolar disorder !0.64 0.05 1 ! 10!7

Major depression !5.01 0.31 1 ! 10!2

Schizophrenia !0.58 0.24 1 ! 10!7

Details on the four training genome-wide association studies (GWAS) datasets
are provided in the Methods section. LDSC: linkage disequilibrium score
regression using genome-wide summary statistics (Supplementary Table S10); rg
genetic correlation. RRHO: rank–rank hypergeometric overlap test showing the
relative overlap of genome-wide summary statistics (Supplementary Table S11).
Sign tests one-sided binomial sign tests for CCS GWAS p value thresholds p <
0.05 and p < 1 ! 10!5 and the corresponding probability of success (Supple-
mentary Table S12). PGS association of polygenic scores with the CCS; pT
training GWAS data p value threshold; effect size linear regression effect size at
the pT showing the strongest support for an association (see Supplementary
Table S13 for results of all ten thresholds); p value: one-sided p value not
corrected for multiple testing. The signi"cance level adjusted for multiple testing
was != 0.05/(10 ! 4)= 0.00125.
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(Supplementary Fig. S9 and Supplementary Table S11),
sign tests (Supplementary Table S12), or PGS analyses
(Supplementary Fig. S7 and Supplementary Table S13)
after correction for multiple testing.

Discussion
In the present study, we investigated the genetic archi-

tecture of an MRI-based volumetric marker that has
previously been identi!ed as a common neurobiological
substrate for major psychiatric disorders1, mapping to
areas of the salience network. As the primary analysis, we
conducted a population-based GWAS on this substrate
that was calculated from the original three-region sub-
strate using dimensional reduction by PCA. Thereby, we

generated the CCS, a construct that simpli!ed our genetic
analyses while retaining a large fraction of the phenotypic
variance. In secondary analyses, we studied the relation-
ship between the CCS and risk for psychiatric disease as
well as age-by-SNP and age-by-diagnosis effects on the
CCS. Overall, our study produced three main !ndings.
First, the minor allele T of the intergenic SNP

rs17076061 was associated with a decreased CCS at
genome-wide signi!cance and replicated. The association
signal from the CCS was stronger than those from the
three separate regions indicating that our approach sta-
bilized the CCS association by reducing the statistical
noise. The SNP maps directly to an evolutionarily con-
strained element in mammals63, supporting a regulatory

Fig. 3 Analyses of age-by-diagnosis and age-by-SNP effects on the component of the common neurobiological substrate (CCS). A A
signi!cant smaller CCS was observed in MDD (BiDirect, MPIP, FOR2107), BD (FOR2107), SZA (FOR2107), and SCZ (FOR2107) patients, af!rming the
transdiagnostic !nding by Goodkind et al.1 (Supplementary Table S15). B Age2 trajectories of the patient/control groups plotted for each cohort. A
non-linear, quadratic age dependency was observed in MDD (pooled MPIP, BiDirect, FOR2107), but no other diagnostic group. Data points represent
the CCS after residualization against all covariates except for age and age2 (separate !t for patients and controls (Supplementary Table S15). C Age-
strati!ed analyses of the association between diagnosis and the CCS using !ve age groups in the combined patient/control cohorts (with cohort as a
covariate). No signi!cant heterogeneity was observed. Size and color of the effect sizes per bin are proportional to the sample size. D Age-strati!ed
analyses of the association between the top SNP (rs17076061) and the CCS using !ve age groups in the combined !ve population-based GWAS
cohorts (with cohort modeled as a covariate). No signi!cant heterogeneity between the age groups was observed. Size and color of the effect sizes
per bin are proportional to the sample size.
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role of the variant. The locus on chromosome 5q35.2
harbors several predicted, uncharacterized long intergenic
non-coding RNAs and two protein-coding genes expres-
sed in the brain with either psychiatric or neuroprotective
functions64–67. The latter genes are biorientation of
chromosomes in cell division 1 (BOD1) and stanniocalcin
2 (STC2), located 75 kbp downstream and 202 kbp
upstream of rs17076061, respectively.
The SNP is part of a signi!cant expression quantitative

trait locus (eQTL) for STC2 in pancreatic tissue (p=
3.6 ! 10!8). However, this eQTL was not signi!cant in the
anterior cingulate cortex (p= 0.06), and the anterior
insula was not available in GTEx v868. Notably, the sample
size for the ACC was half of that for the pancreas,
decreasing the statistical power. In neurons, rs17076061
thus likely in"uences the expression of STC2, which
expresses a secreted glycoprotein with a possible auto- or
paracrine function. In the regulation of apoptosis, the
unfolded protein response promotes the expression of the
potentially neuroprotective STC2 in neuronal cells66,67.
Our second main !nding is that the neurodevelop-

mental pathway “SEMA3A-Plexin repulsion signaling by
inhibiting Integrin adhesion” was signi!cantly associated
with the CCS. Semaphorin-3A (SEMA3A) is a chemor-
epellent mediating axon guidance and a chemoattractant
for dendrite growth, whereas plexins are the signal-
transducing subunits of the Semaphorin-3A receptor.
Semaphorin-3A and Plexin-A2 are associated with dif-
ferent psychiatric disorders:69–72 Plexin-A2 is associated
with schizophrenia, anxiety, and MDD72,73, while
Semaphorin-3A is upregulated in the brain of schizo-
phrenia patients and has been suggested to contribute to
the synaptic pathology of the disorder70. Furthermore,
Semaphorin-3A may contribute to neurodegeneration in
Alzheimer’s disease71, and the pathway is important for
neuronal regeneration after brain trauma74.
A third set of analyses focused on the question whether

our approach—correlating a disease-associated structural
brain phenotype with population-based genomic variation
—would lead to the detection of genetic variants relevant
for psychiatric disorders. Here, we found a discrepancy
between detecting a genome-wide signi!cant SNP
(rs17076061) on the one hand, while not detecting an
association between this SNP and major psychiatric
diagnoses (MDD, BD, and schizophrenia) on the other
hand. This !nding obviously contradicts the latent
expectation that the CCS could represent a “risk endo-
phenotype” that exhibits a substantial heritability of 50%
in the studied population. Although our top SNP
explained only a small fraction of the CCS variance (R2=
1.2%, sample size-weighted mean across three cohorts),
there still remains a disconnection between this !nding
and the lack of an observed psychiatric risk conveyed by
the SNP.

One explanation for this observation is the low corre-
lation between the CCS and psychiatric diagnoses:
Goodkind et al.1 used the revised activation likelihood
estimation (ALE) meta-analysis framework to test for a
spatial convergence of morphometric patient/control
differences and found the three-region substrate. How-
ever, ALE does not process effect sizes from the original
studies, which impeded a comparison with our results.
We thus analyzed patient/control cohorts of the affective-
psychosis spectrum to assess the CCS variance explained
by the diagnostic status, ranging from 1.0% for MDD to
4.2% for schizophrenia (R2). Therefore, in a model that
attributes disease risk to the presence of a smaller CCS
(less GM), we expect the risk effect mediated by a single
SNP to be very low. Compatible with this model, the
association of rs1707601 with disease risk was only
nominally signi!cant in the large and most recent cross-
disorder study by the PGC (26,432 patients and 49,926
controls22). Evidence from large consortium studies
showed that psychiatric disease-speci!c PGSs explain only
a small fraction of the disease phenotype19. This, along
with the low disease/CCS correlation, may explain our
observation that PGSs calculated from published GWAS
were not associated with the CCS in our population-based
cohorts.
The polygenic nature of both the CCS and risk for

psychiatric disease demanded more detailed comparisons
between association signals from the CCS GWAS and
GWAS of major psychiatric disorders applying com-
plementary statistical approaches (LDSC, RRHO, binom-
inal sign tests). Our results suggest that no such genetic
overlap exists, adding our study to a line of similar pre-
vious reports: Large studies on MDD and schizophrenia,
for example, found only weak or no relationship between
the genetic architecture of these diagnoses and regional
brain volumes2,55,75–77. Similarly, a meta-analysis of
genetic factors in"uencing subcortical volumes in about
40,000 individuals identi!ed no robust correlations
between subcortical volumes and BD or schizophrenia75.
One may speculate that differences between disease-
predisposing (“causal”) and secondary (“epiphenomeno-
logical”) brain changes (due to substance use or other
comorbidities) could play a role for this heterogeneity.
Methodologically, the analyses of genetic overlap, as
conducted by us and others61,75, investigated genome-
wide similarities between GWAS. If only some variants
showed a joint association or different loci exhibited
mixed effect directions, these methods could fail to detect
similarities. Similarly, our PGSs for a larger CCS were not
lower in psychiatric patients diagnosed with MDD, BD,
schizoaffective disorder, or schizophrenia. This !nding
supports the hypothesis that the standard approach of
PGS, which only accounts for common additive effects,
does not adequately capture epistatic gene-by-gene or
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gene-by-environment effects that in"uence complex traits
and, even more, disease risk. Future studies are warranted
to explore such relationships based on models that allow
for non-additive, particularly interactive effects78.
Another possible explanation for the dissociation

between our genetic !ndings and disease risk is that other
premorbid environmental in"uences, such as the prenatal
environment or early life adversity, were not addressed in
our study. Such in"uences could aggravate a morpholo-
gical risk pattern without being directly re"ected in
genetic associations. Well-documented examples for
these in"uences are speci!c correlations between early
childhood adversity and salience network dysfunction or
GM loss79–81. In this line of thinking, undetected envir-
onmental factors may have shaped the CCS beyond
genetic effects in our population cohorts. It is evident that
only longitudinal studies of patients and controls can
disentangle this challenging question, particularly as
longitudinal brain changes themselves show a signi!cant
heritable component82.
In our attempt to understand the function of the top

SNP from our GWAS (rs17076061), we considered that
aspects of pathological aging (accelerated aging) could
play a role. In this regard, reports on different structural
brain markers suggest that several major psychiatric dis-
eases are associated with accelerated aging, with different
effect sizes and different regional patterns6,83. The sal-
ience network, in particular, is involved in an accelerated
cognitive decline during aging84. Beyond a cross-sectional
replication of small but robust CCS differences between
patients and controls, we recognized that the CCS could
harbor non-linear age-by-diagnosis interactions in MDD.
In fact, the SNP effect proved robust against the inclusion
of age-interaction terms, without signi!cant heterogeneity
when analyzed in age-binned subgroups. These results
suggest that rs17076061 may have a stable effect on the
CCS over the adult lifespan. However, we could not
entirely exclude the in"uence of higher-order non-linear
deviations that we could not analyze in the present study.
Concordant with this observation, we did not !nd genetic
overlaps between our GWAS and GWAS of longevity
(representing an extreme form of healthy aging), or
bvFTD (representing an extreme form of salience network
degeneration). To clarify the relationship between the
CCS and a possibly accelerated salience network aging in
psychiatric disease, larger patient/control cohorts are
required that allow triple-interaction analyses (genetics,
disease status, and CCS).
Our study has several limitations. First, more compre-

hensive investigations of age dependencies would have
been possible from more homogeneous age distributions
in the population cohorts. Still, our main goal demanded

to assemble large samples, given the expected small
effects of common variants. Second, environmental fac-
tors such as childhood adversity were either not available
or acquired with heterogeneous instruments in the
population cohorts, preventing an inclusion of this
dimension as an important source of variance or inter-
action factor. Third, the operationalization of the CCS
followed the speci!c result map of Goodkind et al.1, which
is a sparse representation of the salience network. Data-
driven de!nitions, e.g., through structural covariance, as
exempli!ed before85, may capture a larger portion of the
volumetric variance of the salience network17,18.
In conclusion, we detected a replicable, genome-wide

signi!cant association of a common variant (rs17076061)
with GM areas that represent hubs of the salience network
in adult individuals from the general population. The
genetic architecture of this network was not correlated with
genetic risk for major psychiatric disorders. Future gene-by-
environment interaction and functional imaging analyses
may enable us to understand how salience network struc-
ture translates to psychiatric disease risk.
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