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Multi-ancestry eQTL meta-analysis of human
brain identifies candidate causal variants for

brain-related traits
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While large-scale, genome-wide association studies (GWAS) have identified hundreds of loci associated with brain-related
traits, identification of the variants, genes and molecular mechanisms underlying these traits remains challenging. Integration
of GWAS with expression quantitative trait loci (eQTLs) and identification of shared genetic architecture have been widely
adopted to nominate genes and candidate causal variants. However, this approach is limited by sample size, statistical power
and linkage disequilibrium. We developed the multivariate multiple QTL approach and performed a large-scale, multi-ancestry
eQTL meta-analysis to increase power and fine-mapping resolution. Analysis of 3,983 RNA-sequenced samples from
2,119 donors, including 474 non-European individuals, yielded an effective sample size of 3,154. Joint statistical fine-mapping
of eQTL and GWAS identified 329 variant-trait pairs for 24 brain-related traits driven by 204 unique candidate causal variants
for 189 unique genes. This integrative analysis identifies candidate causal variants and elucidates potential regulatory mecha-
nisms for genes underlying schizophrenia, bipolar disorder and Alzheimer's disease.

loci with neuropsychiatric and neurodegenerative traits'~.
Nevertheless, elucidation of the molecular mechanisms
underlying these traits remains challenging since most risk variants
are noncoding and highly correlated due to linkage disequilibrium
(LD)**. Integration of risk loci with expression quantitative trait loci
(eQTL) has been widely adopted to identify genes and candidate
causal variants’~. Recent work by the Genotype-Tissue Expression
(GTEx) consortium across 838 individuals and 49 tissues detected
eQTLs for 95% of protein-coding and >60% of long noncoding
RNA genes’. While the power to detect primary (that is, the most
significant association) eQTLs is very high, advances in identifica-
tion of tissue- and cell-type-specific effects, conditionally indepen-
dent effects and candidate causal variants in trait-relevant tissues
and cell types promise to further inform the molecular etiology of
disease®'~
Large-scale efforts have been undertaken to catalog human
brain eQTLs*""'°. All these efforts focus on homogenate brain
tissue, which is composed of multiple cell types”-*’, and there-
fore cell-type-specific eQTLs are not fully captured”~*. This is
an important limitation given that disease variants act through
cell-type-specific biological effects?"***. Initial efforts have included
cell-type-specific eQTL analysis in the human brain by experimen-
tal purification of specific cell types**~*, but the sample size of such
studies is necessarily limited by the increased experimental costs
and data quality can be affected by additional experimental steps.
An alternative strategy to capture cell-type-specific effects is to
statistically define conditional- or context-dependent eQTLs'"".

( i enome-wide association studies have associated hundreds of

While existing studies have sufficient power to detect primary
eQTLs, identification of conditionally independent eQTLs that
capture more subtle cell-type-specific effects requires large sample
sizes™*.

Following eQTL detection, statistical fine-mapping can iden-
tify candidate causal variants likely to drive variation in expres-
sion®***2. Going one step further, joint statistical fine-mapping by
integration of GWAS and gene expression traits can define those
candidate causal variants that increase disease risk through altera-
tions of gene expression’. Interpretion and validation of such vari-
ants can pinpoint genes such as FURIN*, BINTI (ref. **) and C4 (ref.
**), along with molecular mechanisms that can be further studied
in experimental systems. Nevertheless, the resolution of statisti-
cal fine-mapping for eQTL and GWAS is incomplete due to lim-
ited sample sizes and lack of transancestry analysis®. A sample size
of >2,000donors is needed to detect eQTLs and perform GWAS
colocalization for identification of causal variants explaining
1% of heritability’. The large human brain eQTL mega-analysis
by PsychENCODE included 1,387 unique donors from multiple
cohorts. Moreover, most eQTL analyses have been limited to
European populations despite the fact that much shorter LD in indi-
viduals of African or African-American ancestry can substantially
increase the resolution of statistical fine-mapping®**-**.

Given the limited availability of human brain samples, it is criti-
cal to maximize power and fine-mapping resolution by combining
existing datasets. However, differences in study designs have thus
far hindered such efforts. Multi-ancestry studies have long been
challenging in genetics, but linear mixed models can control the
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Fig. 1| Workflow for multi-ancestry eQTL meta-analysis. a, RNA-seq datasets with details on ancestry and repeated measures. b, Multidimensional
scaling illustrating diverse ancestry of donors from PsychENCODE resource in addition to donors of African (AFR), American (AMR), East Asian (EAS),
European (EUR), and South Asian (SAS) ancestry. ¢, mmQTL workflow comprises eQTL analysis within each brain region for each resource using a linear
mixed model to account for population stratification. Each analysis is then combined using a random-effects meta-analysis that accounts for repeated
measures from GTEx samples and effect size heterogeneity across brain regions and resources. Statistical fine-mapping is performed on GWAS and
combined eQTL results separately. Finally, fine-mapping posterior probabilities from the eQTL analysis and each GWAS are combined to produce CLPP.
d, Analysis of data for THOC7 from one, seven and 13 GTEx brain tissues, with the addition of PsychENCODE and ROSMAP, reduces the size of the 95%
credible sets indicated by red points. Statistical fine-mapping for this gene and integration with GWAS nominates a single-candidate causal variant,
rs832190, affecting SZ, a combined risk for SZ and BD and sitting height in this region.

false-positive rate in the presence of complex population struc-
ture*~*!. Moreover, expression measurements from multiple brain
regions in GTEx are not statistically independent, so combining
these data entails explicit modeling of these correlated measure-
ments from the same set of individuals*.

To realize the potential of multi-ancestry eQTL fine-mapping
and integration with brain-related GWAS results, we developed
the multivariate multiple QTL (mmQTL) pipeline and applied it
to a combined analysis of brain tissues from PsychENCODE, the
Religious Orders Study and Memory and Aging Project (ROSMAP)
and GTEx. Our pipeline performs eQTL detection with a linear
mixed model, identifies conditionally independent eQTLs and com-
bines results across datasets with a random-effects meta-analysis
that models the correlation between multiple brain regions from
a shared set of individuals. Joint fine-mapping then identifies can-
didate causal variants shared between gene expression and GWAS
traits. This integrative analysis identifies candidate causal variants
and elucidates potential regulatory mechanisms for genes underly-
ing schizophrenia (SZ), bipolar disorder (BD) and Alzheimer’s dis-
ease (AD).

Results

Analysis overview. We performed a multi-ancestry eQTL
meta-analysis on RNA-sequenced (RNA-seq) gene expression data
from nonoverlapping samples from the dorsolateral prefrontal
cortex from PsychENCODE" and ROSMAP¥, and from 13brain
regions from GTEx* (Fig. 1a). We accounted for diverse ancestry
(Fig. 1b) by applying a linear mixed model to the full dataset within
each resource and then combined summary statistics from these
15eQTL analyses using a random-effects meta-analysis to account
for effect size heterogeneity and donor overlap between brain
regions in GTEx (Fig. 1¢). This statistical framework is implemented

in our mmQTL software (Methods). Statistical fine-mapping of the
eQTL meta-analysis was integrated with GWAS fine-mapping from
CAUSALdb* to identify candidate causal variants shared between
gene expression and neuropsychiatric traits.

For example, results for THOC? illustrate that increasing the
number of GTEx tissues from one to seven to 13 enhances power
and decreases the size of the 95% credible sets, while integration
with PsychENCODE and ROSMAP nominates a single-candidate
causal variant (Fig. 1d). Integration of GWAS and eQTL results pro-
duces colocalization posterior probabilities (CLPP)>0.05 for SZ,
BD and sitting height, and identifies rs832190 and THOC? as the
candidate causal variant and gene, respectively, for this locus.

Biologically motivated simulations. Simulations motivated
by the scenarios considered here (that is, diverse ancestry and
repeated-measures design of the human brain datasets) were used
to evaluate mmQTL performance in terms of (1) controlling the
false-positive rate, (2) leveraging eQTL effects shared across mul-
tiple tissues and (3) reducing the size of the credible set from sta-
tistical fine-mapping (Fig. 2). For the eQTL analysis we considered
a linear regression model including five genotype principal com-
ponents (PCs) and a linear mixed model that accounts for the
genetic similarity between all pairs of samples®*". The summary
statistics for each single-nucleotide polymorphism (SNP)-gene
pair were aggregated across tissues using a fixed- or random-effects
meta-analysis, or simply with the minimum Pvalue with Sidak
correction to account for the number of tissues. The first two
explicitly account for the repeated-measures design by modeling
the correlation between summary statistics under the null, while
Sidak-corrected minimum Pvalues assume independence.

We simulated genotypes for 500 individuals in each of three dis-
tinct populations—European, African and Asian. A single causal
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Fig. 2 | Biologically motivated simulations demonstrate performance of mmQTL workflow: high-correlation scenario. a, Q-Q plot of results from null
simulation shows that the linear mixed model (LMM) with either fixed- or random-effects meta-analysis accurately controlled the false-positive rate, while
linear regression with five genotype PCs did not. The Sidak method was very conservative in both cases. A indicates the genomic control inflation factor,
and gray band indicates 95% confidence interval under the null. b, Power from LMM followed by three types of meta-analysis versus the number of tissues
sharing an eQTL. ¢, Size of the 95% credible sets from statistical fine-mapping for a dataset of European samples versus a multi-ancestry dataset of the

same size. Box plot indicates median, interquartile range (IQR) and 1.5 X IQR.

eQTL explaining 1-2% of expression variation in up to five tissues
for these 1,500 individuals was simulated for 800 randomly chosen
genes where the number of tissues with a shared effect varied from
one to five. Correlation between the same gene expression trait
measured in two tissues was simulated to be either low (r=0.12) or
high (r=0.45) (Methods).

In a null simulation with all genetic effects set to zero in both the
low- and high-correlation scenarios, the linear mixed model accu-
rately controlled the false-positive rate when summary statistics
from multiple tissues were aggregated using the Sidak method, and
for fixed- or random-effects meta-analysis (Fig. 2a and Extended
Data Fig. 1). As expected, because the linear model did not ade-
quately account for the complex population structure and showed
an inflated false-positive rate, it was not included in subsequent
simulations.

Power analyses were performed on the same set of samples of
diverse ancestry where the number of tissues with a shared eQTL
effect varied between one and five (Fig. 2b). Using a Pvalue cut-
off of 107¢, the random-effects meta-analysis following a linear
mixed-model eQTL analysis had the highest power under most
levels of eQTL sharing across tissues, because it models heteroge-
neity in effect sizes across tissues. The fixed-effects meta-analysis
was less powerful because it assumes a shared effect size across tis-
sues. The Sidak-corrected minimum Pvalue performed best only
when the eQTL was tissue specific (that is, no cross-tissue shar-
ing), since it assumes statistical independence of the results from
each tissue.

The mmQTL workflow with the linear mixed model followed
by a random-effects meta-analysis demonstrated accurate control of
the false-positive rate while retaining high power under biologically
motivated simulations. With the goal of identifying candidate causal
variants shared with brain-related traits, we evaluated the benefit of
using a dataset of diverse ancestry. A dataset of 1,500 European indi-
viduals was simulated in addition to the multi-ancestry cohort above.
One causal variant with effect size 1.00 +0.09% was used to simulate
gene expression traits. Statistical fine-mapping of eQTL results from
the multi-ancestry cohort produced 95% credible sets containing a
mean of 2.0 SNPs compared to a mean of 4.8 for the European-only
cohort (Fig. 2¢). In the multi-ancestry cohort, 73.0% of genes have a
single-candidate causal variant compared to 51.6% in the European
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cohort. Moreover, random-effects meta-analysis reduces the cred-
ible set by 10.0% compared to fixed-effects meta-analysis.

Evaluation of mmQTL workflow on real data. Here we evaluate
the empirical performance of our mmQTL workflow on real data
by analyzing an increasing number of brain regions (k=1, 4, 7,
13) from GTEx (Fig. 3). As expected, mmQTL is able to borrow
information across multiple brain regions using a random-effects
meta-analysis so that increasing k substantially increases the
empirical effective sample size (n.;) (Fig. 3a). With k=13, there are
2,181 RNA-seq samples from 317 individuals producing empirical
ng=1,070. Moreover, increasing k decreases the median size of the
95% credible sets from statistical fine-mapping (Fig. 3b).

The benefit of adding each successive study to the meta-analysis
was evaluated for both primary eQTLs and secondary and tertiary
conditional eQTLs using a conservative Pvalue cutoff of 10~¢ (Fig.
3c and Methods). The PsychENCODE study included a large cohort
and yielded 50.4% of genes having genome-wide significant primary
eQTLs. The addition of data from GTEx and ROSMAP produced
a combined eQTL analysis comprising 3,983 RNA-seq samples
from 2,119 donors to give n.=3,154. Powered by this substantial
increase in n.;, eQTLs were detected for 76% of genes analyzed in
the final meta-analysis.

Properties of brain eQTL meta-analysis. Our brain eQTL
meta-analysis identified 10,769 genes with a genome-wide signifi-
cant eQTL, including 5,336 with at least one conditional eQTL,
using a conservative Pvalue threshold of 107¢ (Fig. 4a). These eQTL
results are highly reproducible, with an estimated replicated rate of
7,=73.6% when evaluated in an independent dataset of bulk brain
tissue* using Storey’s z; statistic””. The increased power from our
meta-analysis enables detection of cell-type-specific eQTLs not
detectable in smaller studies of bulk brain tissue. eQTLs detected
in the granule cell layer of the dentate gyrus enriched for excitatory
neurons” are replicated in our analysis at 7, =77.8% compared
to 7,=65.2% in the PsychENCODE analysis (one-sided Mann-
Whitney U-test P<1x107'), and eQTLs detected in purified
microglia (Kosoy et al., in preparation) are replicated in our analy-
sis at 7, =68.4% compared to 7z, =55.0%, from the PsychENCODE
analysis (one-sided Mann-Whitney U-test P<1x107'¢) (Fig. 4b).
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Moreover, concordance in the sign of the estimated effect sizes
between our meta-analysis and cell-type-specific analyses increased
with stricter Pvalue cutoffs (Extended Data Fig. 2). Overlaying
variants in 95% credible sets with assay for transposase-accessible
chromatin using sequencing (ATAC-seq) regions identified by
fluorescence activated nuclei sorting (FACS) for four cell popu-
lations—GABAergic neurons (GABA), glutamatergic neurons
(GLU), oligodendrocytes (OLIG) and a mixture of microglia and
astrocytes (MgAs)**—identified significant enrichment within open
chromatin regions for each cell population (Fig. 4c).

The test statistic for random-effects meta-analysis used here
comprises the sum of statistics testing the mean (S,,,,) and vari-
ance (S,,unce) Of the estimated effect sizes across datasets®. Statistical

power to detect eQTLs is thus dependent on both effect size and
effect size heterogeneity across brain regions. In our analysis an
average of 72.2% of power for primary eQTL analysis is attribut-
able to effect size while the remainder is attributable to heterogene-
ity (Extended Data Fig. 3). Considering only cortical brain regions
reduces both effect size heterogeneity and the number of genes
with detected eQTLs (from 10,769 to 9,431) but, more importantly,
also reduces the number of genes with conditional eQTLs from
5,336 to 3,533.

Conditional eQTLs have different properties to primary eQTLs.
While primary eQTLs are a median of 22.8 kb from the transcription
start site, conditional eQTLs are more distal with median distances of
35.7kb for secondary, 50.6 kb for tertiary and 52.7 kb for quaternary
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eQTLs (P<1.6x 107" for all comparisons among primary, second-
ary and tertiary eQTLs using one-sided Mann-Whitney U-test;
Extended Data Fig. 4a). This is consistent with primary eQTLs often
affecting promoters and conditional eQTLs more often affecting
enhancers. In addition, genes with more independent eQTLs have
higher cell-type specificity in brain tissue from humans'® (Spearman
rho=0.0621, P=1.93x107"°) and mice™ (Spearman rho=0.0617,
P=2.50x107") (Extended Data Fig. 4b). Finally, genes with more
conditional eQTLs tend to be under lower evolutionary constraint
as measured by the probability of loss intolerance (pLI) calculated
from large-scale exome sequencing®'. While 29.9% of genes with no
detectable eQTLs are highly constrained (pLI>0.9), only 6.5% with
four eQTLs exceed this cutoff (Extended Data Fig. 4c). While the
distribution of estimated effect sizes is similar for increasing con-
ditional eQTL degree, MAF decreases markedly (Extended Data
Fig. 5). Interpretation of the estimated effect sizes from bulk and
cell-type-specific data is challenging and is affected by multiple fac-
tors (Extended Data Fig. 6 and Methods).

Credible set variants are enriched for risk to brain-related traits.
Integration of variants in the 95% credible set for primary and con-
ditional eQTLs with large-scale GWAS summary statistics using
stratified LD scores regression™ found significant enrichments
across 22 complex traits after accounting for baseline annotations
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(Fig. 5). Variants in the 95% credible set for primary eQTLs were
enriched for 21 traits, including eight neuropsychiatric and behav-
ioral traits and four neurodegenerative diseases. Meanwhile, enrich-
ment for conditional eQTLs was limited to AD, BD and alcohol use.
These enrichments indicate that our meta-analysis and statistical
fine-mapping captures risk variants for brain-related phenotypes.

Identification of candidate causal risk variants for brain-related
traits. Integration of our eQTL fine-mapping results with candidate
causal variants from large-scale GWAS* using a joint fine-mapping
approach’ identified 7,564 variant-trait pairs (CLPP > 0.01), includ-
ing 2,102 unique candidate causal variants and 1,666 unique genes
among 668 complex traits (Extended Data Fig. 7). These results
include 329 variant-trait pairs for 24 brain-related traits for 204 and
189 unique candidate causal variants and genes, respectively (Fig.
6a). Analysis of SZ and BD, two neuropsychiatric diseases with high
genetic coheritability, identified candidate causal variants for
20 genes predicted to confer risk for one or both diseases (Fig. 6b).
The top genes with CLPP > 0.5 for either of these diseases include
ZNF823, THOC7 and FURIN. While these genes have previously
been implicated in SZ or bipolar (BP)—and, in fact, the candidate
causal variant for FURIN, rs4702, has been validated experimen-
tally*—candidate causal variants for the other two genes have not
previously been identified. Moreover, integration of results from
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b, For each gene, the maximum CLPP value across SZ, BP and SZ + BP is shown. Right: CLPP for BP, SCZ and SZ + BP compared to controls. ¢, A validated
casual variant, rs4702,which affects expression of FURIN, is predicted to affect risk for multiple complex behavioral, psychiatric and anthropometric traits.

d, Genes with CLPP > 0.01 for AD.

analysis of SZ, BP and SZ+ BP versus controls indicated the speci-
ficity of these candidate causal variants. ZNF823 is predicted to con-
fer risk to SZ, but not to BD. THOC? has a substantially larger CLPP
score for SZ compared to the joint SZ+BP GWAS. Conversely,
FURIN has a higher CLPP for the joint SZ+BP GWAS than for SZ
alone. Notably, the candidate causal variant driving colocalization
with SZ and BD for CACNAIC is in fact a secondary eQTL, empha-
sizing the importance of including conditional eQTL analysis.

In addition, analysis of candidate causal variables across many
phenotypes enables insight into pleiotropy. FURIN and rs4702 are
also implicated in the number of sexual partners, age at first sexual
intercourse, risk-taking behavior and emotional sensitivity/hurt
feelings and multiple anthropometric traits (Fig. 6c and Extended
Data Fig. 8). Sharing of a candidate causal variant and gene between
SZ+BP and these risk-taking behavior traits is particularly inter-
esting, given that impulsiveness is a clinical feature of both SZ and
BD*** and is associated with more severe psychiatric symptoms and
decreased level of functioning™.

Analysis of AD identified candidate causal variants for five genes.
While these genes have previously been highlighted', our analysis
highlights variants and their mechanistic link to disease (Fig. 6d).

Candidate causal variants elucidate potential molecular
mechanisms. It is known that rs117618017 is the top causal vari-
ant for AD and drives the expression of APHIB, a subunit of the

gamma-secretase complex, which includes multiple AD risk genes
as components (Fig. 7a). This missense coding variant was identi-
fied in a GWAS meta-analysis for AD’, but an experimental attempt
to validate a functional effect from this single amino acid change
yielded only negative results®”. Nevertheless, our analysis indicates
an alternative molecular mechanism whereby, rather than acting
by changing protein sequence, the minor allele of rs117618017
increases AD risk by directly increasing gene expression of APHIB.

The top hit for SZ is rs72986630, which is predicted to drive
expression of ZNF823, a zinc finger protein with little additional
annotation (Fig. 7b). This C/T SNP is located in the 5’ untranslated
region of the gene and the minor allele, T (frequency ~6%), is pro-
tective against SZ. This variant is predicted to disrupt a binding
site for the RE1 silencing transcription factor (REST), also known
as neuron-restrictive silencing factor. REST is upregulated during
neurogenesis and in adult non-neuronal cells, and acts by silencing
neuron-specific genes®**. Analysis of chromatin accessibility in this
region using a large-scale ATAC-seq dataset from purified neuro-
nal and non-neuronal nuclei from the anterior cingulate cortex of
post mortem brains of 368 donors elucidated the molecular mecha-
nism (Bendl et al,, in preparation) (Fig. 7c). In non-neuronal cells,
but not in neuronal cells, individuals heterozygous at this site have
higher chromatin accessibility at both the 644-bp ATAC-seq peak
(P=0.016) and the 21-bp motif (P=0.026), and this corresponds to
decreased binding of REST at this site. Since REST is a transcriptional

NATURE GENETICS | www.nature.com/naturegenetics
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Fig. 7 | GWAS-eQTL colocalization by joint fine-mapping. a,b, From the top, the plot shows -log;,P from eQTL analysis, poster probabilities from statistical
fine-mapping of eQTL results, poster probabilities from statistical fine-mapping of GWAS results and CLPP for a combination of eQTL and GWAS
fine-mapping. a, Expression of APH1B and AD risk share rs117618017 as a candidate causal variant. b, Expression of ZNF823 and SZ risk share rs72986630
as a candidate causal variant. This variant is predicted to disrupt a REST binding site motif. ¢, Individuals heterozygous for rs72986630 have increased
chromatin accessibility at the peak and REST binding site in non-neuronal cells. Genome plot shows chromatin accessibility for neuronal (top) and
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silencer, decreased binding of REST should lead to increased expres-
sion of ZNF823. Querying RNA-seq data from brain homogenate
from these samples confirmed that heterozygous individuals have
increased expression of ZNF823 (P=6.01x107°).

Discussion

Integration of eQTL and GWAS is a powerful method toward under-
standing the molecular mechanism influencing complex traits.
While transcript-wide association studies aim to identify genes
underlying a complex trait, correlated expression and coregula-
tion can be challenging to overcome®*. Joint fine-mapping focuses
instead on identifying variants that drive both gene expression
and a downstream trait’. Despite recent successes, fine-mapping is
often limited by statistical power and LD*’. Our mmQTL workflow
addresses both of these issues by performing a multi-ancestry eQTL
meta-analysis of 3,983 RNA-seq samples from 2,119 donors, with an
effective sample size of 3,154, to produce a large resource charac-
terizing the genetics of gene expression in the human brain. This
analysis has substantially boosted the catalog of genes with detected
conditional eQTLs while increasing the resolution of statistical
fine-mapping.

Despite being performed on bulk RNA-seq data, our analysis is
able to replicate eQTLs discovered in both purified microglia (Kosoy
et al,, in preparation) and neurons”, and the replication rate is sub-
stantially higher than for PsychENCODE". Moreover, we identify
candidate causal variants enriched in cell-type-specific open chro-
matin regions. While much recent work has pursued the generation
of eQTLs from purified cell populations**-*, and eQTL discovery
from single-cell/nucleus RNA-seq is becoming tractable®>*, our
eQTL meta-analysis from bulk tissue illustrates that large sample
size and sophisticated statistical modeling have substantial power to
replicate eQTLs from smaller studies of purified cell types.

While the number of genes with detectable eQTLs approaches
saturation, there is substantial value in increasing sample size. Here
we use individuals of diverse ancestry paired with a linear mixed
model in our mmQTL workflow to increase the resolution of sta-
tistical fine-mapping. Moreover, we perform conditional eQTL
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analysis to identify genes with up to 12independent eQTLs. These
conditional eQTLs tend to have lower MAF, be further from tran-
scription start sites and affect genes that are more cell-type specific.
The number of genes with secondary and tertiary eQTLs does not
appear close to saturation, underscoring the regulatory variation
that remains to be identified.

Integration of statistical fine-mapping for eQTLs and GWAS
across hundreds of complex traits enabled insight into candi-
date causal variants, mechanisms of disease genetics and pleiot-
ropy. Focusing on regulatory mechanisms for genes underlying
brain-related traits, we identified 20genes and candidate causal
variants predicted to drive risk for SZ and BD, plus a further five for
AD. While other methods focus on discovering disease genes, here
we focus on discovering gene-variant pairs underlying disease risk
to elucidate the molecular mechanisms that convey risk.

Here we highlighted two examples. The SNP rs117618017 is
a candidate causal variant causing a single amino acid change in
APH1B. While experimental results of the impact of this amino acid
change were negative®, our analysis instead supports a mechanism
where this variant increases disease risk by increasing expression of
APHI1B. Our analysis predicts that rs72986630 drives expression of
ZNF823 and is protective against SZ. By integration of chromatin
accessibility data from post mortem brains, we traced the predicted
chain of causality and found that the minor allele disrupts binding
of REST in non-neuronal cells, which then increases expression of
ZNF823. The lack of an effect in neuronal nuclei is consistent with
the higher expression of REST in non-neuronal cells during adult-
hood, silencing neuron-specific genes®"~.

While we focused on regulatory mechanisms for genes underly-
ing SZ, BD and AD, all results are available from the Brain eQTL
meta-analysis resource (icahn.mssm.edu/brema).

Further integration of multiomics data with multi-ancestry
fine-mapping and large-scale GWAS promises to yield further insight
into the molecular mechanisms underlying disease risk. Future stud-
ies are poised to perform multiple genomic assays, namely RNA-seq
and ATAC-seq, on multiple tissues or brain regions, and to target mul-
tiple cell types either by sorting or single-cell/nucleus methods®.
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Moreover, these studies will increasingly include individuals of
diverse ancestry”. Our mmQTL method will enable the field to
take advantage of these repeated-measures datasets while model-
ing effect size heterogeneity and controlling the false-positive rate.
Efforts to trace the chain of causality from variants and molecular
mechanisms to pleiotropy across complex phenotypes are poised to
yield insight into novel therapeutic targets.
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Methods

Obtaining and processing of RNA-seq datasets. Imputed genotypes from GTEx
v.8 were downloaded from dbGAP (accession no. phs000424.v8.p2). For ROSMAP,
imputed genotypes were downloaded from the Synapse website (id: syn3157329).
Imputed genotypes for each cohort in the PsychENCODE study were downloaded
from the Synapse website (id: syn21052530) and were then filtered to retain
variants with imputation quality >0.3. Filtered genotypes from each cohort were
merged, and variants with MAF >1% and Hardy-Weinberg equilibrium P >10-¢
were retained.

The original PsychENCODE analysis performed eQTL detection using
1,387 individuals™. In the current work we exclude a small fraction of these
individuals. First, the full PsychENCODE dataset contains GTEx samples, which
we excluded to avoid redundancy with our separate GTEx analysis. Second,
the original analysis used ~5million imputed SNPs. Since accurate statistical
fine-mapping depends on inclusion of the true causal variant in the analysis, we
included additional, well-imputed SNPs at the cost of excluding a small set of
samples. Exclusion of samples with <8 million well-imputed (info score >0.3)
variants yielded the 1,215 individuals used in this study.

The normalized gene expression of GTEx v.8 was downloaded from GTEx
Portal (GTEx_Analysis_v8_eQTL_expression_matrices.tar, https://gtexportal.
org/), and we regressed out covariates from the companion file GTEx
Analysis v8 eQTL covariates.tar with linear regression. Normalized
data from PSyChENCODE (DER-01 PEC Gene expression matrix
normalized. txt) were downloaded from http://resource.psychencode.org/
and, as the downloaded gene expression is already normalized, to regress out the
effect of covariates no further normalization was undertaken. Data from ROSMAP
(syn3388564, ROSMAP RNAseq FPKM gene.tsv) were downloaded from
https://adknowledgeportal.synapse.org. The values of fragments per kilobase
exon per million mapped reads abundance provided were quantile normalized,
log, transformed and standardized to normal distribution, and 20 PCs of the gene
expression matrix were regressed out.

Linear mixed-model eQTL analysis. Given the expression abundance of a gene
measured in # tissues from the same set of individuals, gene expression in tissue ¢
can be modeled as:

Vit = %Py + > %k + € 1)
k=1

where y,, is the measured gene expression value for individual 7 in tissue ¢, which has
been normalized so that it has mean 0 and variance 1; x;,; is the genotype dosage for
individual i at variant j, normalized so that it has mean 0 and variance 1;and j;, is
effect size for variant j and tissue ¢. The next term models the polygenic background
across m variants, where x;, is the genotype dosage value for individual i at variant k
and a, is the effect size for variant k and tissue ¢ with distribution A/ (0, O'; ), where
az is the tissue-specific parameter for genetic background. Finally, ¢,, is the normally

dlstrlbuted error variance for individual i and tissue ¢ with distribution N (0, o7 )
where o2 is the tissue-specific parameter for random noise.

ThlS linear mixed model can be transformed for practical estimation of effect
size f3;,. Equation (1) can be rewritten as

Yit = XijBj, + Ex (2)
m
where &; = 3 xxjay,; + &, and has a distribution A (0, K{:; + oi), with K
k=1
is a genetic relatedness matrix estimated based on genome-wide genotypes.

Considering that the phenotype was collected among [ individuals, we can
write equation (2) into a vector format:

Y= )(jﬂj,t +& G
where Y, X;and & are I-dimensional vectors and contain normalized phenotype,
normalized genotype of variant j and noise, respectively.

From equation (3), §;, can be estimated as
— —1
o= (Xv'x) " (xv ) @

where V = Ka; + aé and produces an unbiased estimator since

() = £((vvm) " (9v) (s +2))
=B +E ((X]TV—I)Q)*I X;V_la>
=P+ E (&)

it

Modeling covariance across tissues. While standard meta-analysis assumes that
effect size estimates are statistically independent, analysis of multiple tissues from
the same set of subjects produces covariance between the coefficient estimates.
Here we explicitly model this covariance to control the false-positive rate.

__ Denote the estimate for variant j across all tissues as the vector

ﬁ}. = [ﬁ; /31\2 77.’]\,] Since individuals overlap across multiple tissues, the

entries of /§; will be correlated. Estimation of coefficients for tissues 1 and 2 using
equation (45 gives

B = (X{Vlel)il (xivi'n) ©
B = (x{v;lxz)fl (Bvi'r) (6)

where an index is added to distinguish two tissues that may have partial sample
overlapping. These estimates are not statistically independent, since

E(Bufn) = E((xTviixa) ™ (xIviin) (xDvs %) T (4 'n))
= E((xIvix) ™ (Xvt (s, +d))
x (v ) (X (s, + &)
= E(Buh) +E(Cai&)

where C = (XTv;'X,) ™ XTIV vy X, (X3 V5 'X,) s involved only with
transformed genotypes projected by a covariance matrix. Noting that £; and &; are
the summed contribution from polygenic background and noise, if there is sample
overlapping and the phenotypes share causal variants in two tissues, then

E (Caéi) = C”sharedo'g,lo_gy2 #0,

where £, is the number of shared individuals and 6, and 6, are the genetic
component for polygenic background in tissues 1 and 2, respectively. Finally, we
note that

cov (BJ\I’B}\Z> =E <(ﬁj\1 - ﬁj,l) (ﬂ/)\z - ﬂj,z)) = E(C& &),

explicitly indicating that there is non-zero covariance between estimators. Our
mmQTL method estimated the covariance matrix among # tissues based on the
nonsignificant z-score in tissues, and set it to be C. This matrix is defined so that
the covariance between tissues i and j is estimated by the covariance between
z-scores from nonsignificant variants (P> 0.05) according to:

C = cov (21, 7)),
where Z; and Z; are vectors containing statistical z-scores.

Fixed- and random-effects meta-analysis. The results from multiple analyses are
aggregated using either a fixed- or random-effects meta-analysis. The true effects
sizes are assumed to be drawn from a normal distribution N (/5' o ) centered on
the true effect size 8 with variance ¢4 5 Fora ﬁxed effect model, the true effect size
is fixed at a constant value equivalent to setting aﬂ = 0 and, for the random-effects
model, 6% 4 > 0. From this hierarchical framework we obtain estimators for

variant j among tissues, denoted as a vector /3 = p;, + & which has a distribution

N (/le, 65]1 + C) We applied the Brent method implemented in the C++ Boost
library to estimate f3;and a;. To test the difference with null hypothesis, we applied

the random-effects model*>*’ to obtain a Pvalue.

Statistically, standard fixed-effects mega-analysis combines all data into a
single regression model and assumes a fixed-effects size, as well as constant error
variance, across all studies. These assumptions are not satisfied in multitissue
eQTL analyses due to variation in effect size and variation in error variance across
tissues®. Use of a random-effects meta-analysis addresses both of these issues to
retain control of the false-positive rate while leveraging effect size heterogeneity to
increase power.

Detection of conditional eQTLs. We applied a stepwise selection strategy to
explore the cis-region and identify conditionally independent eQTL associations.
An iterative strategy was applied to determine conditional independent eQTLs:
previously detected eQTL signals were regressed out and a further round of eQTL
detection initiated. If one or more variants had P <07, the variant with the lowest
Pvalue was added to the list of conditionally independent effects. The process

is repeated until no additional variant has P < 10°. If a high-order eQTL is in
high LD with a low-order eQTL (1*>0.3), the former will be excluded to avoid
attenuating the estimated effect size of the latter.

NATURE GENETICS | www.nature.com/naturegenetics
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Importantly, we demonstrate statistically that the order in which conditional
eQTLs is detected is biologically meaningful: large-effect eQTLs shared among
tissues are likely to be detected first, while small-effect eQTLs or tissue-specific
effects will be detected as higher-order eQTLs.

Consider two true causal variants i and j, where the estimated effect has the

distribution around the true value according to /7, ~N (/)’,-, ol + a), where

C; is defined above. The noncentrality parameter (NCP) reflecting the statistical
power for this variant is

B

\/<tr<(0%1+ 6)*))

The ratio between the NCP of variants i and j is

NCP; =

)

From empirical observation that the effect size (with the genotype and
response normalized) of primary eQTLs is larger than that of nonprimary eQTLs,
C; = Cjand both are positive definite and can be decomposed into UZU, in which
U consists of the eigenvectors and X is a diagonal matrix with elements being
eigenvalues, denoted as diag (41, 42, 43, ..., An), o‘fI + C; can be decomposed into

U (Z + Io‘f) U and o'];I + (j’] tobe U (Z + Io‘f) U. Therefore, equation (7) can be
rewritten as

NCP; 7

NCP — sy(o4a) ™"
S "

It is apparent that the difference in statistical power for variants i and j is
mainly determined by effect size and its variance. For a variant with larger effect
size and smaller variance, it has a higher statistical power consistent with the
empirical that primary eQTL has a much larger normalized effect size (f,> ) and

2, 2 NCP
o; > 0; ), S0 NGB!

It follows that, on average, mmQTL will pick the independent eQTL signal in
a biologically meaningful manner so that eQTLs with a larger influence on
expression abundance among conditions tend to be selected first.

smaller variance, because of the sharing among tissues ( > L

Multiple testing. Multiple testing correction was performed at the locus level as
well as genome wide. Empirically we performed the locus-level control applying
Bonferroni correction, which is a most conservative strategy, and the Benjamini-
Hochberg method® on genome-wide correction; we found P=10-¢ sufficient for
two-level, multiple-test correction. While studies often use more liberal multiple
testing cutoffs because of limited statistical power, the statistical fine-mapping that is
the focus of this analysis can perform poorly on genes that pass only a liberal cutoff>'*.
We note that Wang et al.”” performed a mega-analysis of PsychENCODE data
and used a permutation method to compute false-discovery rate (FDR) and Pvalue
cutoff. In their analysis, FDR 5% cutoff empirically corresponds to P<8.3x 107
Nevertheless, the complexity of applying a permutation approach to linear mixed
models™, and the use of a random-effects meta-analysis afterwards in this analysis,
made a computationally efficient permutation approach impractical here.

Compution of empirical effective sample size. In the linear regression model

for QTL analysis, given that both phenotype and genotype were normalized,

the estimator for the allelic effect size is § = (XTX) ~! XY and its variance is

var ([3 = (XTX) -t o2. Letting R? be the variance explained by the explored

variant and #, the (effective) sample size for study i, the variance of the effect size
~ _Rp2

estimate is var (ﬂi) = 1"—}2’. Consider two studies, where the (effective) sample

size of the first is easy to estimate simply by using the number of samples and the

second has some confounding factors such as repeat measurements or population

structure. Assuming that the effect size of a given causal variant is constant in the

two studies, the ratio of variances is determined only by », and n,:

var (/?2) m

var (/J’:) oom

Therefore, the effective sample size, ,, can be computed from known values
nyvar ( /11)
Véll’(/’i;) :
We used individual brain tissues in the GTEx dataset as study 1 to define n,,
and eQTL results from fixed-effects meta-analysis as study 2. The genome-wide

by n, =
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variance ratio was set to be the median ratio of variances based on all variants with
abs (z-score) >10 in the fixed-effects meta-analysis. When evaluating the effective
size of a meta-analysis, effective sample size was computed by treating each brain
tissue in GTEX as baseline and then taking the mean estimated effective sample
size over 13 brain regions.

Replication of eQTLs from purified cell types. To assess the replication of
eQTLs discovered in independent datasets, we considered the lead SNP for each
gene with a genome-wide significant eQTL in the granule cell layer of the dentate
gyrus enriched for excitatory neurons” and purified microglia (Kosoy et al., in
preparation). For the set of lead SNPs from each dataset, Pvalues were extracted
from both the current eQTL and PsychENCODE analyses", and Storey’s 7z, was
evaluated using g-value”. PsychENCODE Pvalues were obtained from http://
resource.psychencode.org/Datasets/Derived/QTLs/Full_hg19_cis-eQTL.txt.gz.
Uncertainty in 7, estimates was evaluated using 100 bootstraps where SNPs were
sampled with replacement and 7z, was recomputed each time. A Pvalue comparing
the replication rate for the current and PsychENCODE analyses was computed
using a one-sided z-test using the estimated x, values and their bootstrap variances.

Interpretation of estimated effect sizes. In the scenario where a SNP has a large
cell-type-specific effect on gene expression, the true biological effect will be
attenuated in bulk data comprising multiple cell types. Nevertheless, testing this
biological intuition through eQTL analysis is challenging for a number of technical
reasons. Unfortunately, eQTL analysis does not directly estimate biological effect
size because gene expression is typically log, transformed, scaled to have variance
1 and often quantile normalized. In addition, the inclusion of PEER factors or
other covariates can account for cell-type heterogeneity across samples in the data.
Therefore, the estimated eQTL effect size reflects the association between SNP and
(transformed) gene expression after accounting for other variables.

Furthermore, the technical process of obtaining gene expression from bulk
tissue versus cell-type-specific samples is susceptible to different noise profiles
based on differing protocols and the biological condition of the physical samples.
In fact, Young et al.** found that cell-type-specific samples from microglia are
noisier than those from bulk samples, and that reported estimated effect size in
purified cells is attenuated.

We performed an empirical analysis of the estimated allelic effect sizes from
the lead eQTL variants for each gene in our meta-analysis of bulk data, compared
to estimates from cell-type-specific data from neurons® and microglia from
Kosoy et al. (in preparation) and Young et al.”*. Comparison between bulk and
neuron-enriched data gives a slope of 0.59, indicating that the slope is on average
actually smaller in cell-type data. Comparison to the microglia data of Kosoy et al.
and Young et al.*® gives a slope of 1.15 and 0.59, respectively. These results are
difficult to interpret, especially given the caveats above.

These results are not unexpected given the statistical and technical challenges
outlined above; in fact, these findings are not unique to our data. Ota et al.”
generated eQTLs of four immune cell types and compared the estimated effect
sizes to bulk immune data from Ishigaki et al.””. Our analysis recapitulates their
finding, that effect size estimates are lower in cell-type-specific data.

Rigorous analysis of effect size estimates is challenging, both statistically and
due to the different noise profiles of bulk and cell-type data. Mohammadi et al.”
developed a method for estimation of a biologically interpretable allelic effect
size. Further research on this challenge in the field could yield further insight into
cell-type-specific gene regulation.

Simulation pipeline for evaluation of mmQTL performance. Genotype and gene
expression data were simulated for comparison of the empirical performance of
eQTL analysis using a linear model with five genotype PCs compared to a linear
mixed model. Results from eQTL analysis of five simulated tissues were then
aggregated using either Sidak correction or fixed- or random-effects meta-analysis.

Biologically realistic genotype data reflecting real human populations were
simulated with a sampling-based simulation package, hapgen2 (ref. ”*), and haplotype
information for European, African and Asian populations from the 1000 Genomes
Project (https://mathgen.stats.ox.ac.uk/impute/data_download_1000G_2010_interim.
html). We simulated 500individuals for each population and merged these into
a single transancestry dataset with a sample size of 1,500. We also simulated
1,500 individuals solely based on European haplotype information.

Based on these genotypes, we adapted the phenotypesimulator pipeline™ to
perform 800 simulations for each scenario, simulating one gene expression trait
per simulation. For each gene, a single eQTL was simulated to affect expression
abundance explaining 1% phenotypic variance and the contribution due to
polygenic background was set to 30%. We applied phenotypesimulator’s simulating
strategy to account for shared environmental factors, measurement noise and
polygenic background to create correlated phenotypes. In the simulation, we
simulated phenotypes in five tissues and set the number of tissues affected by the
causal genetic variant to 1, 2, 3, 4, 5. To demonstrate the robustness of mmQTL in
controlling for population structure and batch effect, we set two different levels of
phenotype correlation, a low level (r=0.12) and a high level (r=0.45). For power
analysis, any simulated causal variants located in high LD (+*> 0.8), where a variant
passing the multiple testing cutoff was considered to be detected.
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We also performed a null simulation with no true causal variants, where all
effect sizes were set to zero. Results from 50 simulations were aggregated, and we
used genomic inflation factor’® and quantile-quantile (Q-Q) plots to assess the
false-positive rate.

Comparison of fine-mapping resolution between a European and a
multi-ancestry population was performed using simulated pure 1,500 European
individuals and multi-ancestry 1,500 individuals, with 500 individuals each of
European, African and Asian ancestry. Gene expression phenotype was simulated in
a single tissue, and a causal variant was randomly chosen to explain 2% phenotypic
variance. For 1,500 European individuals we applied a standard linear regression
model to detect eQTL and then fine-mapping was conducted to obtain a 95%
credible set candidate for causal variants, while for 1,500 multi-ancestry individuals
we used a mixed linear model to detect eQTL and then fine-mapping was used
to find a 95% credible set. The size of the 95% credible set was used to compare
fine-mapping resolution, a lower number indicating higher fine-mapping resolution.

Integration with ATAC-seq data. Variants in the 95% credible set were overlaid
with open chromatin regions from four distinct populations of cells (GLU, GABA,
OLIG and MgAs) identified by ATAC-seq*. To reduce the influence of the low
fine-mapping resolution of conditional eQTL, if the size of the 95% credible set for
a single gene contained more than ten variants only the ten variants with highest
posterior inclusion probability (PIP) were included. Enrichment of variants within
open chromatin regions was evaluated using Fisher’s exact test implemented in
QTLTools™.

Evaluation of GWAS enrichment for variants in credible sets. We applied a strategy
developed by Hormozdiari et al.””: for each eQTL we performed fine-mapping and
computed the causal posterior probability (CPP) of each cis-SNP, retaining only
variants in the fine-mapped 95% credible set. For each SNP in cis-regions we assigned
an annotation value based on the maximum value of CPP across all molecular
phenotypes; SNPs not belonging to any 95% credible set were assigned an annotation
value of 0, which is referred to as MaxCPP in ref. '*. Stratified LD score regression™
was then used to partition trait heritability using the constructed functional
annotations, and estimated enrichment was used to measure the importance of
each eQTL category on human complex traits or diseases. To rule out the potential
influences of correlation among eQTL categories we aggregated the baseline LD
model, which includes a set of 75 functional annotations and functional annotations
for eQTL categories, and ran stratified LD score regression simultaneously.

GWAS summary statistics were obtained for 22 human complex traits or
diseases, including both brain and nonbrain traits (Supplementary Table 1).

eQTL detection in cell-type-specific datasets. Microglia from fresh human

brain specimens (101 samples, including 27 non-European) were prepared using
the Adult Brain Dissociation Kit (Miltenyi Biotech). Tissue homogenates were
incubated in antibody (CD45: BD Pharmingen, Clone HI30 and CD11b: BD
Pharmingen, Clone ICRF44) at 1:500 for 1h in the dark at 4°C with end-over-end
rotation. Before FACS, DAPI (Thermoscientific) was added at 1:1,000 to facilitate
identification of dead cells. Viable (DAPI-negative) CD45%/CD11b* cells were
isolated by FACS using a FACSAria flow cytometer (BD Biosciences) (Kosoy

et al., in preparation). RNA was extracted from FACS sorted cells (Arcturus
PicoPure RNA Isolation Kit, Life Technologies), and sequencing libraries were
generated using the SMARTer Stranded RNA-seq kit (Clontech) according to

the manufacturer’s instructions. Variants with MAF >5% and Hardy-Weinberg
equilibrium test P> 10~ were retained and analyzed using a linear mixed model
implemented in mmQTL. Gene expression was normalized using log, counts per
million (CPM), and eQTL analysis was performed on residuals after regression
out of 15PCs of gene expression. For each gene, a Benjamini-Hochberg FDR
correction was applied across all variants tested in the cis-regulatory region to
obtain the minimum g-value. Then, minimum g-values across all genes were again
adjusted by the Benjamini-Hochberg FDR method to compute genome-wide FDR.
Limited by the small sample size, we chose a less conservative FDR cutoff of 10%.

Statistical fine-mapping. For each detected eQTL we conducted fine-mapping
analysis applying the CAVIAR method* implemented in mmQTL to find a

95% credible set for causal variants. Briefly, the meta-analysis Pvalue based on

a random-effects model in each round of conditional eQTL detection was first
converted to z-score, which was then used as input for fine-mapping. CAVIAR will
calculate the PIP of each variant to causal, and a set of variants prioritized by PIP
score were outputted with summed PIP equal to 0.95.

Detection of colocalization between eQTL and GWAS signals. Joint statistical
fine-mapping of eQTL and GWAS signals’ was performed by multiplying the
estimated PIP for a given variant from the eQTL analysis by the PIP for this variant
from GWAS of traits compiled in CausalDB* to obtain CLPP. A gene is considered
to share a candidate causal variant with a GWAS trait if at least one variant has
CLPP > 0.01 (ref. *).

Trait classification. CausalDB* provided the Medical Subject Headings (MeSH)
category for each GWAS trait. However, brain-related traits fall within multiple
MeSH categories and there is no single criterion to identify such traits. We

performed manual inspection of traits in CausalDB that could be considered
neuropsychiatric, neurodegenerative or behavioral. and termed them ‘brain-related’

Reporting Summary. Further information on research design is available in the
Nature Research Reporting Summary linked to this article.

Data availability

Brain eQTL meta-analysis resource: http://icahn.mssm.edu/brema

Code availability
mmQTL: https://github.com/jxzb1988/mmQTL and Zenodo™ (https://doi.
org/10.5281/zen0do.5560014).
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interquartile range (IQR) and 1.5*IQR. b) Cell type specificity metric tau plotted against the number of independent eQTLs discovered for each gene. Gray
band indicates 95% confidence interval. ¢) Bar plot shows that the fraction of genes with high evolutionary constraint (pLI > 0.9) decreases with eQTL
degree for the current study, PsychENCODE'™, and whole blood’®. Error bars indicate standard error based on asymptotic estimate of binomial proportion.
Analysis included 10769 genes with eQTLs.

NATURE GENETICS | www.nature.com/naturegenetics


http://www.nature.com/naturegenetics

NATURE GENETICS ARTICLES

a Allelic effect size distribution
1.5+
N
B 1.0 4
8
[}
]
o]
Z 0.5 -
0.0 4
1 2 3 4
eQTL order
b o
MAF distribution
0.5
0.4
0.3
[T
<
b=
0.2
0.1 =
0.0 4
1 2 H 4
eQTL order

Extended Data Fig. 5 | Estimated effect size and minor allele frequencies from conditional eQTL analysis. The estimated effect size (a) and MAF (b) are

shown for the lead eQTL SNP of significant genes for increasing order to conditional eQTL analysis. a) The distribution of estimated effect size is similar for
all conditional analyses. b) The MAF shows a marked decrease with increasing order of conditional analysis. Box plot indicates median, interquartile range

(IQR) and 1.5*IQR.

NATURE GENETICS | www.nature.com/naturegenetics


http://www.nature.com/naturegenetics

ARTICLES

Neuron, slope=0.59

Microglia, slope=1.15

Bmicroglia
ﬁmicroglia

0 i
Bbulk meta-analysis

00 05 10

NATURE GENETICS

Microglia, Young et al., slope=0.59

=)

-14

0.0 0.5

ﬁbulk meta-analysis

CD14, slope=0.16

D B cell, slope =0.15 E
1 - - ]
E s
m 01 o
=) &)
o=
14@
-2 1 0 1 2
Bbuik
F G

Monocyte, slope=0.20

Bouik
NK, slope=0.15

ﬁbulk

Extended Data Fig. 6 | Comparison of estimated effect size for bulk and cell-type specific data. (a-c) Estimated allelic effect size for eQTL lead in (a)
neurons (Jaffe, et al. 2020), (b) microglia from Kosoy, et al. (in preparation) and (¢) microglia from Young, et al. (2021) compared to effect size estimates
from meta-analysis of bulk data from the current study. (d-g) Estimated allelic effect size for eQTL lead SNP in four immune cell types including (d) B
cells, (e) CD14, (f) monocytes, (g) NK cells from Ota, et al. (2021) compared to estimates from bulk samples (Ishigaki, et al. 2017).
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Extended Data Fig. 7 | Number of genes colocalizing for each MeSH category with CLPP > 0.01. The phenotype with the highest number of colocalized
genes for each MeSH category is indicated.
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Extended Data Fig. 8 | Expression of FURIN and risk for multiple complex traits share rs4702 as a candidate causal variant. Starting from the top, the
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(gtexportal.org).

Data analysis eQTL discovery was performed with a linear mixed model using the mmQTL software developed in this work (https://github.com/jxzb1988/
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Data exclusions  Samples with < 8 million well imputed SNPs (info < 0.3) were excluded from PsychENCODE. All other samples with both genotype and brain
gene expression were retained.

Replication We evaluated the replication of our eQTL analyses in independent datasets of 1) bulk brain tissue (Wang, et al), 2) granule cell layer of the
dentate gyrus enriched for excitatory neurons (Jaffe, et al, 2020) and 3) purified microglia (Kosoy, et al. in prep). The genome-wide replication
rate is consistent with the rest of the field.
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