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Abstract

Depression is a common condition but current treatments for depression are only effective in a
subset of individuals. To identify novel treatment targets, we integrated depression GWAS results
(N=500,199) with human brain proteomes (N=376) to perform a proteome-wide association study
(PWAS) of depression, followed by Mendelian randomization. We identified 19 genes consistent
with being causal in depression, acting via their ¢is-regulated brain protein abundance. We
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replicated 9 of these genes using an independent depression GWAS (N=307,353) and human
brain proteomic dataset (N=152). Eleven of these 19 genes also had their c/s-regulated mRNA
levels associated with depression based on integration of the depression GWAS with human brain
transcriptomes (N=888). Meta-analysis of the discovery and replication PWAS identified 25 brain
proteins consistent with being causal in depression, and 20 were not previously implicated in
depression by GWAS. Together, these findings provide novel promising brain protein targets for
further mechanistic and therapeutic studies.

Depression is a common mental illness and a leading cause of disability worldwidel-2.
Current treatments for depression, however, are ineffective in a large subset of the
patients3-5. Hence, we sought to identify potential causal brain proteins in depression
pathogenesis to support the development of novel therapeutics.

We investigated brain proteins for potential drug targets for several reasons. First, proteins
are the final products of gene expression and the main functional components of cells

and biological processes. Second, most drug targets and biomarkers are proteins®’. Third,
depression studies have examined genetic, epigenetic, and transcriptomic factors, but far
fewer studies have examined brain proteins directly®8-10, Indeed, genes undergo regulation
at the post-transcriptional, translational, and post-translational levels112, which highlights
the need to examine brain proteins directly.

To identify potentially causal brain proteins in depression, we hypothesized that specific
genetic variants influence depression by altering brain protein expression levels. Two recent
advances made testing this hypothesis feasible. The first is the advent of high throughput
proteomic sequencing of complex tissues that has enabled large-scale quantification

of human brain proteins!3-15, The second are new frameworks that integrate gene
expression and results of genome-wide association studies (GWAS) as implemented in
functional summary-based imputation (FUSION)16:17 and summary data-based Mendelian
randomization (SMR)8. Simply put, FUSION identifies genes whose cis-regulated brain
protein abundance is associated with depression, and SMR tests whether these brain
proteins mediate the association between genetic variants and depression. The inference

is that the identified genes contribute to depression pathogenesis through modulating brain
protein abundance618, The causal inference of this integrative analytical approach has been
experimentally tested and found to be robust!7:19.20,

We applied these analytic approaches to a discovery dataset consisting of human brain
proteomic and genetic data from 376 individuals!3 and the latest depression GWAS by
Howard et al. (N=500,199)1°. Additionally, we performed a replication analysis in an
independent set of human brain proteomic and genetic data (N=152) and depression GWAS
in 23andMe participants from Hyde et al?! (N=307,353). Together, we presented here

the first proteome-wide association study (PWAS) of depression to identify specific brain
proteins as potential treatment targets for depression.
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Results

Discovery PWAS of depression

We integrated reference human brain proteomes with the latest depression GWAS results10
to perform a PWAS of depression using the FUSION pipeline!®. The human brain
proteomes were generated from the dorsolateral prefrontal cortex (dPFC) of 376 participants
of European descent of the Religious Order Study and Rush Memory and Aging Project
(ROS/MAP)13.22 They included 8356 proteins after quality control and 1468 of these had
significant SNP-based heritability (p-value <0.01) and were included in the PWAS. The
depression GWAS summary statistics were from 500,199 participants of European descent
that were not 23andMe, Inc. participants from the latest Howard et al depression GWAS?0.
The discovery PWAS identified 24 genes whose cis-regulated brain protein abundances were
associated with depression at FDR ¢<0.05 (Figure 1, Table 1, Supplementary Table 1). Each
of these 24 genes is located >500 kb apart.

To further evaluate whether the c/s-regulated brain protein expression mediates the
association between the genetic variants and depression for each of these 24 genes, we
applied summary data-based Mendelian randomization (SMR)8 on the same discovery
dataset. Results from SMR suggest that was the case for all 24 genes, at least at nominally
significant level, and for 5 genes at FDR ¢<0.05 (Table 1; Supplementary Table 2). Next,
we performed the Heterogeneity in Dependent Instrument (HEIDI)18 test to distinguish
pleiotropy/causality from linkage for these 24 genes. HEIDI results suggest that 4 of the

24 genes were likely significant due to linkage disequilibrium, 1 was undetermined, and 19
were consistent with either pleiotropy or causality (Table 1, Supplementary Table 2). Taken
together, results from FUSION, SMR, and HEIDI suggest that 19 genes likely contribute to
depression pathogenesis via their c/s-regulated brain protein abundance (Table 1).

Replication PWAS of depression

To increase confidence in our findings, we performed a replication PWAS of depression
using proteomes and GWAS not included in our discovery analysis. The replication

human brain proteomes were generated from the dPFC of 152 participants of European
descent recruited by Banner Sun Health Research Institute?3. They included 8,168 proteins
after quality control and 1,139 of these had significant SNP-based heritability (p-value
<0.01) and were included in the replication PWAS. Notably, there was a high degree

of reproducibility of the protein weights estimated by FUSION between the discovery

and replication proteomic datasets with a mean correlation of 0.79 and median of 0.85
(Supplementary Table 3). We integrated the replication proteomes with an independent
depression GWAS of 23andMe participants of European descent (N=307,354) from Hyde
et al?! to perform a replication PWAS of depression using FUSION (Supplementary Table
4). Due to the stochastic nature of high throughput proteomic sequencing, the replication
proteomes profiled 17 of the 19 proteins identified in the discovery PWAS. However, only
13 of these 17 proteins were heritable, with SNP-based heritability p<0.01, and were part
of the replication PWAS (Table 2). A hypothesis-driven meta-analysis for these 13 genes
using data from the discovery and replication PWAS revealed evidence for replication for
9 of the 13 genes (69% replication rate; Table 2, Supplementary Table 4). Here, replication
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was declared when the meta-analysis p-value was smaller than both of the p-values from the
discovery and replication PWAS.

Meta-analysis of the discovery and replication PWAS of depression

A meta-analysis of the discovery and replication PWAS yielded 38 proteins associated with
depression at FDR ¢ <0.05 among the 798 proteins that were detected and heritable in both
datasets (Supplementary Table 5). Among these 38, 25 were consistent with being causal
based on SMR and HEIDI results (Table 3, Supplementary Table 6), and 12 of these proteins
were part of the 19 potential causal proteins from the discovery PWAS.

To investigate the connectivity among the 25 depression causal proteins from the meta-
analysis, we used GeNets, a web platform for network-based genomic analyses?4. We found
two protein communities based on protein-protein interaction (PPI; Figure 2). A community
is a set of proteins that are more connected to one another than they are to other groups

of proteins?4. The first community included CSE1L, CTNND1, SLC25A12, and PSMB4,
and the second community LYRM4 and GMPPB proteins (Figure 2). GeNets also enables
gene set enrichment analysis on genes within a PPI network using the canonical pathways
from gene sets in the MSigDB?Z®. We found that these 25 causal genes were enriched

for genes involved in amyotrophic lateral sclerosis (CCS, PPP3CC), calcium signaling
(PPP3CC, PZRX7, ADCY?3), dilated cardiomyopathy (CACNAZDZ, ADCY3), oocyte
meiosis (ADCY3, PPP3CC) and metabolism of amino acids and derivatives (H/BADH,
PSMB4; Figure 2).

Specificity of the depression PWAS results

To understand the specificity of the depression PWAS results, we performed a PWAS

for neuroticism, body mass index (BMI), and waist-to-hip ratio adjusting for BMI
(WHRadjBMI). These traits were chosen because they have a range of estimated genetic
correlations with depression — 0.7 for neuroticism, 0.09 for BMI, and 0.12 for WHR?6,
Thus, we expected that traits with evidence of higher genetic correlation would have more
PWAS results in common. We used the GWAS results for neuroticism (N=390,278)27, BMI
(N=681,275)28, and WHRadjBMI (N=694,649)2° from studies examining individuals of
European descent and the discovery proteomic profiles (n=376) to perform a PWAS for
each trait. Using FUSION, the PWAS of neuroticism identified 72 genes, of BMI identified
395 genes, and of WHRadjBM I identified 244 genes at FDR g<0.05 (Supplementary Tables
7-9). Next, as was done for the analysis of depression, we applied SMR and HEIDI on the
PWAS significant genes to remove genes with SMR p = 0.05, HEIDI p < 0.05, or in cases
where HEIDI p was unable to be determined. The goal of these additional tests is to focus
on genes with evidence that their genetically regulated protein abundance mediates their
association with the trait of interest and to remove genes likely to be the result of linkage
disequilibrium. After considering findings from FUSION, SMR, and HEIDI, we identified
46 genes in neuroticism, 216 genes in BMI, and 117 genes in WHRadjBMI that likely
contribute to these traits by modulating their brain protein abundance (Supplementary Tables
10-12). As expected, 11 of 46 (24%) of the neuroticism genes were also identified by the
depression PWAS, which reflects their high degree of genetic correlation. By contrast, 4 of
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216 (2%) of the BMI genes and 4 of 117 (3%) of the WHRadjBMI genes overlapped with
the 19 depression PWAS-significant genes.

Examination of the potential depression-causal proteins at the mRNA level

To provide another layer of insight into the results of the 19 proteins identified by PWAS,
we asked whether the cis-regulated mRNA levels of these genes were also associated with
depression in a transcriptome-wide association study (TWAS) of depression using 888
reference human brain transcriptomes and the discovery depression GWAS (N=500,199).
The brain transcriptomes were predominantly profiled from the frontal cortex of post-
mortem brain samples of 783 participants of European descent from ROS/MAP, Mayo,

and Mount Sinai Brain Bank studies®0. Of the 13,650 mRNAs that passed quality control,
6735 had significant SNP-based heritability and were included in the TWAS. The TWAS of
depression using FUSION identified 73 genes whose cis-regulated brain mRNA expression
was associated with depression at FDR g<0.05 (Supplementary Table 13). Among these,
47 genes passed both the SMR (i.e., SMR p<0.05) and HEIDI test (i.e., HEIDI p =

0.05; Supplementary Table 14). These 47 genes contribute to depression pathogenesis by
modulating their genetically controlled brain mRNA expression.

All the 19 proteins identified in the discovery depression PWAS were profiled at the
mRNA-level but only 14 had significant SNP-based heritability estimates for mRNAS
(Supplementary Table 13). The TWAS using FUSION found that 13 of these 14 genes had
their cis-regulated mMRNA levels associated with depression at nominal significance level,
and 11 of these 13 had consistent directions of effect for the mRNA and protein (Table 1;
Supplementary Table 13a). All 11 genes passed SMR test but only 10 passed HEIDI test.
CNNMZ did not pass the HEIDI test (HEIDI p=0.033). For the 11 genes with evidence for
association with depression at both the mRNA and protein levels, SMR for two molecular
traits3! (i.e., mRNA and protein) suggests that 9 of these 11 genes regulate brain protein
abundance via their regulation of brain mRNA expression level (Supplementary Table 15).

Furthermore, among these 19 depression genes, 7 did not have evidence for association
with depression at the mRNA-level in the TWAS, including those not heritable and thus
not included in the TWAS (Table 1, genes without asterisk). Interestingly, 4 of the these 7
were significant in the discovery PWAS and were replicated (CTNNDI, PSMB4, P2RX7,
and CACNAZD?Z, Table 2) suggesting that the PWAS contribute new insights into the
pathogenesis of depression beyond the TWAS.

Cell-type enrichment of expression of potential depression-causal genes

We asked whether the 19 genes identified by PWAS were enriched in a particular brain
cell-type. Using human single-cell RNA sequencing data profiled from the dPFC32, we
found that 10 of these 19 genes showed enrichment in specific cell types at FDR ¢ <0.05
(adjusted for all 17,775 genes; Figure 2a; Supplementary Table 16a). Five genes were

highly expressed in inhibitory neurons (CACNAZDZ, CHD13, CNNMZ, NEK4, SLC25A12)
and three had enriched expression in excitatory neurons, albeit to a lesser degree than
inhibitory neurons (CHD13, CNNM?Z2, SLC25A12). To determine the specificity of this
finding, we compared the enrichment of genes identified for BMI, WHR, and neuroticism
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for enrichment in inhibitory neurons. We found that depression genes were significantly
enriched for inhibitory neurons compared to those for BMI (odds ratio (OR) = 5.6, p-value
=0.013) and WHR (OR = 9.5, p-value 0.004) but not to those for neuroticism (OR = 2.1,
p-value = 0.450). Additionally, three genes were highly expressed in astrocytes (CTNNDA,
TKT, and TRPTI), one gene in oligodendrocytes (P2ZR.X7), and one gene in microglia
(LMBRD1; Figure 3a).

In addition, among the 25 potentially causal genes from the depression PWAS meta-
analysis, 13 were enriched in one or more cell types — five in excitatory neurons, five in
inhibitory neurons, six in astrocytes, two in microglia, and one in oligodendrocytes (Figure
3b; Supplementary Table 16b).

Novelty of the protein findings

To determine the novelty of the 25 potentially causal genes identified from the meta-analysis
of the discovery and replication PWAS of depression, we identified the lowest p-values for
the SNPs within 1 Mb of each of these 25 genes using the summary statistics from the
largest depression GWAS (N=807,553)10. For five genes (RAB27B, P2RX7, B3GALTL,
GMPPB, and CTNNDI), the lowest p-values were less than 510798, while the remaining
20 genes had SNPs with p-values ranging from 5.4x10794 to 2.6x10707 (Supplementary
Table 17), implying genes not implicated in depression by GWAS. These findings are
consistent with observations from other TWAS studies that found the novel genes to be from
regions below genome-wide significant p-values’:33:34, Furthermore, the PWAS findings
point to specific brain proteins that likely contribute to the pathogenesis of depression.

Discussion

In this study we sought to identify brain proteins that contribute to the pathogenesis of
depression in order to find potential novel treatment targets for depression. We identified
19 potentially causal genes that act via modulating their brain protein abundances. Nine of
these 19 genes were replicated in an independent PWAS of depression, providing a higher
level of confidence in them. Among these 9 replicated genes, five (CNNMZ, FAHDZ2B,
HIBADH, SLC25A12, and CDH13) also had their cis-regulated mRNA levels associated
with depression by TWAS, highlighting the consistent findings at both the mRNA and
protein levels. Notably, 4 of these 9 replicated genes (CTNND1, PZRX7, PSMB4, and
CACNAZD?2) were only identified by the PWAS but not by the TWAS, underscoring

the additional insights provided by studying brain proteins directly. Lastly, through a meta-
analysis of the discovery and replication PWAS, we identified 25 brain proteins that are
consistent with being causal in depression pathogenesis.

Three genes (EPHBZ, TKT, and NEK4) were identified by the discovery PWAS but their
replicability was undetermined due to technical reasons related to the stochastic nature of
proteomic sequencing. Nevertheless, they were identified by the TWAS (Table 1, genes with
asterisk), and the TWAS results offers a degree of validation. In sum, we have a high level
of confidence for the 9 genes that replicated in the replication PWAS and moderate level

of confidence for the 3 genes that were associated with depression at both the mMRNA-

and protein-levels (Table 1 and 2). Together, these 12 genes are likely important in the
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pathogenesis of depression, acting at the brain protein level, and serving as promising targets
for further mechanistic and therapeutic studies.

Among the 19 causal genes identified by the discovery PWAS of depression, some play
arole at the synapse. These include synaptogenesis (B3GALTL)3°36 synaptic signaling
(CTNNDI1)37:38, and synaptic plasticity (EPHB2and P2RX7)3%40. Specifically, B3GALTL,
also known as B3GLCT, is a glycosyltransferase that adds glycans to proteins in the
process of glycosylation, an abundant post-translational modification*!. Via glycosylation,
B3GALTL stabilizes thrombospondin 1 (TSP-1), a protein that induces synaptogenesis3®-36,
implicating B3GALTL in synaptogenesis. Our depression PWAS findings suggest that
participants with depression had lower abundance of B3GALTL protein in the brain,

which may negatively affect the stability of TSP-1 and subsequently synaptogenesis.
Consistent with our finding, TSP-1 was upregulated in rat hippocampi following treatment
of depression using electroconvulsive therapy, which quickly and effectively reverses

the symptoms of depression in the short-term*2. Taken together, decreased B3GALTL
protein may negatively affect synaptogenesis, which may contribute to the pathogenesis

of depression. Regarding synaptic signaling, CTNNDZ1 functions in the glutamatergic
excitatory synaptic signaling pathway during neuronal development38, With regard to
synaptic plasticity, EPHB2 is an essential component of hippocampal synaptic plasticity3°,
and a number of studies have found that altering expression of EPHBZ2in mouse models led
to depression-like behavior, memory impairment, and defects of hippocampal neurogenesis
and synaptic plasticity3943. Likewise, P2RX7 drives synapse plasticity in the learned
helplessness model of depression®? and has been previously implicated in depressive
disorders*0.

Other notable molecular roles for the 19 causal genes in depression are magnesium
homeostasis, glycosylation, neuronal apoptosis, and cell adhesion. CNNM2 plays an
important role in magnesium homeostasis**, and magnesium is a key component in
neuronal maturation and neuropathology via its role in cell proliferation, differentiation,
survival, and neuronal network formation#>. CNVNVMZ has also been implicated in
schizophrenia and impaired brain development#446, and our finding suggests it contributes
to the pathogenesis of depression. Both B3GALTL and GMPPB implicate a role for
glycosylation, a common post-translational modification. B3GALTL, as mentioned above, is
a glycosyltransferase that adds glycans to proteins in glycosylation!, and GMPPB, a GDP-
mannose pyrophosphorylase B, catalyzes the formation of GDP-mannose, which is required
for the glycosylation of lipids and proteins#’. PSMB4 is a proteasome that is responsible for
protein degradation and is involved in neuronal apoptosis in neuroinflammation8. Finally,
CDH13encodes a calcium-dependent cell adhesion protein that has been implicated in
major depression, bipolar disorder, schizophrenia, ADHD, and autism spectrum disorder?.
Taken together, these 19 genes implicate a number of molecular pathways involved in
depression, and, in particular, emphasize the role of the synapse in depression.

Drug compounds targeting 4 of these 19 genes have been in phase Il or 11 clinical trials
and include PSMB4 (rated as high confidence level in our findings) for glioblastoma
multiforme (2 drugs, phase 1), P2RX7 (high confidence level) for rheumatoid arthritis and
osteoarthritis (3 drugs, phase 1), and CACNA2D?2 (high confidence level) for generalized
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anxiety disorder, fibromyalgia, and neuropathic pain (3 drugs, phase Il1), and EPHB2
(moderate confidence level) for thyroid carcinoma (phase 1) (Supplementary Table
18). Secondary analyses of those and future compounds undergoing clinical investigations
would likely prove valuable to test the hypothesis that these proteins play a causal role in
development of depression.

Our findings should be interpreted in the context of its limitations. First, we are likely
limited by the number of reference brain proteomes since about 18% (1468 / 8356) of

the cis-regulated protein abundances could be estimated using 376 reference proteomes
whereas 49% (6,735 /13,650) of the cis-regulated brain transcripts could be estimated

from 888 reference transcriptomes. Nevertheless, we found 7 genes by TWAS and 1 gene
by PWAS that were consistent with prior work using independent and smaller TWAS
datasets2® (Supplementary Table 19). Second, we were limited by the stochastic nature of
the discovery-based approach used to generate the human brain proteomes, which limited
our ability to replicate 6 of the 19 proteins identified in the discovery PWAS. Both issues
can be alleviated by larger brain proteomic datasets to estimate the genetic effect on protein
abundance for more brain proteins. Despite these limitations, we presented results from the
largest and deepest set of human brain proteomes available to our knowledge.

Our study has several strengths. First, this is the first PWAS of depression using the largest
and deepest reference human proteomes and summary statistics from the latest GWAS of
depression. Second, this is the first study to our knowledge that examined both the mRNA
and protein levels in depression through both a PWAS and TWAS. Finally, we have a
replication PWAS using an independent GWAS and independent reference human brain
proteomic and genetic data.

In summary, we identified 19 genes that contribute to depression pathogenesis through
modulating their brain protein abundance for future mechanistic and therapeutic studies to
find effective treatments for depression.

Discovery Human Brain Proteomic and Genetic Data

The reference human brain proteomes for the discovery PWAS were profiled from the
dorsolateral prefrontal cortex (dPFC) of post-mortem brain samples donated by 400
participants of European descent of the Religious Orders Study and Rush Memory and
Aging Project (ROS/MAP)22, ROS/MAP participants provided informed consent, signed an
Anatomic Gift Act, and a repository consent to allow their data and biospecimens to be
repurposed. The studies were approved by an Institutional Review Board of Rush University
Medical Center.

Proteomic profiling was performed using isobaric tandem mass tag (TMT) peptide labeling
and analyzed by liquid chromatography coupled to mass spectrometry as described in
detail previously3. Prior to TMT labeling, samples were randomized by co-variates (age,
sex, post-mortem interval, cognitive diagnosis, and pathologies) into 50 total batches (8
samples per batch). Peptides from each individual sample (N=400) and the global internal
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standard (GIS; N=100) were labeled using the TMT 10-plex kit (ThermoFisher). High pH
fractionation was performed as previously described with slight modifications®!. Database
searches and protein quantification have been described in detail herel2. Briefly, all raw files
were analyzed using the Proteome Discoverer suite (version 2.3 ThermoFisher Scientific)
and MS2 spectra were searched against the canonical UniProtKB Human proteome database
downloaded in February 2019 with 20,338 total sequences. Percolator was used to filter
peptide spectral matches (PSM) and peptides to a false discovery rate (FDR) of less than
1%. Following spectral assignment, peptides were assembled into proteins, which were
further filtered based on the combined probabilities of their constituent peptides to a final
FDR of 1%. In cases of redundancy, shared peptides were assigned to the protein sequence
based on parsimony. Reporter ions were quantified from MS2 or MS3 scans using an
integration tolerance of 20 ppm with the most confident centroid setting.

The quality control of the proteomes has been described in detail previouslyl3. Briefly, for
each batch, the GIS were used to check for proteins outside of the 95% confidence interval
and set to missing. Proteomic analysis in 400 subjects identified 12,691 proteins. Proteins
with missing values in more than 50% of the 400 subjects were excluded. Each protein
abundance was then scaled by a sample-specific total protein abundance to remove effects of
protein loading differences, and then log, transformed. Outlier samples were identified and
removed through iterative principal component analysis (PCA). In each iteration, samples
more than four standard deviations from the mean of either the first or second principal
component were removed, and principal components were recalculated for the next iteration.
A total of 9 outlier samples were removed. We used regression to remove effects of protein
batch, MS2 versus MS3 reporter quantitation mode, sex, age at death, postmortem interval,
study (ROS vs. MAP), and the final clinical diagnosis of cognitive status from the proteomic
profile before estimating the protein weights.

Genotyping of the discovery dataset was generated by either whole genome sequencing
(WGS) and/or genome-wide genotyping by either Illumina OmniQuad Express or
Affymetrix GeneChip 6.0 platforms, as described®253, We prioritized using WGS over
genotyping where available and performed quality control of WGS and genotyping data
separately using Plink>*. We excluded individuals with genotyping missing rate >5%,
variants with Hardy Weinberg equilibrium p-value < 1E-08, variants with missing genotype
rate >5%, variants with minor allele frequency <1%, and variants that are not single
nucleotide polymorphisms (SNPs). We used KING to remove individuals who were
estimated to be closer than second degree kinship®®. Genotyping for each individual was
imputed to the 1000 Genome Project Phase 3°6 using the Michigan Imputation Server®’ and
SNPs with imputation /2 > 0.3 were retained. Finally, genotyping was filtered to include
1,190,321 HapMap SNPs from the 489 individuals of European descent from the 1000
Genomes Project!8, which is provided by FUSION and often referred to as the linkage
disequilibrium (LD) reference panel. After quality control, 376 subjects with both proteomic
and genetic data were included in the discovery analyses. Of these, 262 subjects were female
and mean age at death was 89 years old.
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Replication Human Brain Proteomic and Genetic Data

The replication human brain proteomes were profiled from the dPFC of post-mortem

brain samples donated by 198 European participants of the Banner Sun Health Research
Institute (Banner). Most subjects were enrolled as cognitively unimpaired volunteers from
the retirement communities of the greater Phoenix, Arizona, USA. Subjects received
standardized general medical, neurological, and neuropsychological tests annually during
life. A final clinicopathological diagnosis of normal cognition or Alzheimer’s disease or
other dementias was rendered after review of all standardized clinical data, the most recent
medical records, and neuropathological examination findings23. All enrolled subjects or
their legal representatives signed an informed consent and the study was approved by the
Banner Sun Health Research Institute Institutional Review Board. Only subjects with a
final clinical diagnosis of normal cognition or AD were included in the proteomic analysis.
Proteomic profiling was performed using the same approach as described for the discovery
proteomes with two differences: only MS2 scans were obtained and MS2 spectra were
searched against the UniProtKB human brain proteome database downloaded in April 2015.
A total of 11,518 proteins were quantified. We used the same quality control procedures

as the discovery proteomic data to remove proteins with more than 50% missing data, and
identify and remove outliers, and remove the effects of clinical covariates (i.e., age, sex, the
final clinical diagnosis of cognitive status) from the proteomic profile before estimating the
protein weights.

Individuals from Banner were genotyped using Affymetrix Precision Medicine Array
following the manufacturer’s protocol using DNA extracted from brain using Qiagen
GenePure kit. We followed the same approach to quality control for the replication
genotyping as was used for the discovery genotyping, including filtering based on data
completeness, Hardy Weinberg equilibrium, MAF, and relatedness. Genotyping was also
imputed to the 1000 Genome Project Phase 3°6 using the Michigan Imputation Server®’

and SNPs with imputation /2 > 0.3 were retained. Finally, genotyping was filtered to only
include sites on the LD reference panel provided by FUSION pipeline. After quality control,
152 subjects with proteomic and genetic data were included in our replication analyses.
Among these, 87 were female and mean age at death was 85.

Brain Transcriptomic and Genetic Data

The 888 reference brain transcriptomes were profiled from post-mortem brain samples of
783 individuals of European descent recruited by the ROS/MAP, Mayo, and Mount Sinai
Brain Bank studies?2:58:59, The transcriptomes were mainly profiled from the dPFC and
also from frontal cortex, temporal cortex, inferior frontal gyrus, superior temporal gyrus,
and perirhinal gyrus. Alignment, quality control, and normalization of RNA-sequencing
data have been described in detail before30. Briefly, BAM files were converted to FASTQ
format using Picard v.2.2.4, followed by alignment of reads to GRCh38 reference genome
using STAR v.2.450, Gene-level counts were computed using STAR. Genes with < 1 count
per million in at least 50% of the samples and with missing gene length and percent GC
content were removed. Outlier samples were removed. Effects of batch, sex, post-mortem
interval, age at death, final diagnosis of cognitive status, and brain region were regressed
from these transcriptomes. Normalized gene expression values derived from alignment to
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GRCh38 were assigned the lift-over to GRCh37 gene coordinates for purposes of defining
1MB cis-variant windows used to acquire variants passing quality control and filtered for
those sites within the LD reference panel. This GRCh37 genome build matched variants to
gene locus expression for all gene features and was used to estimate mMRNA weights. After
quality control, 13,650 mRNAs remained and were considered for the TWAS. Genome-
wide genotypes were generated as previously described?2:58:59 and quality control of the
genotypes was the same as was done for the discovery dataset. Among the 783 subjects
included in the analysis, 480 were female and mean age at death was 88 years old.

Depression GWAS Data

For the discovery analysis, we used summary statistics from 500,199 participants in the
latest GWAS of depression by Howard and colleagues!? that did not include 23andMe
participants and were of European descent. Of these, 361,315 were from the UK Biobank
and 138,884 from the Psychiatric Genetics Consortium26, Approximately 34% of the
participants had depression.

For the replication analysis, we used the summary statistics of the depression GWAS of
307,354 23andMe participants of European descent from Hyde et al?! provided by 23andMe
research team for the replication PWAS of depression. These participants are independent
from the participants of the depression GWASO used in the discovery analysis. About 48%
of the 23andme participants were female and 24.6% had depression.

Statistical Approach

We used FUSION (downloaded from http://gusevlab.org/projects/fusion on May 2, 2019)16
to estimate protein weights in the discovery and replication datasets, separately. Briefly,

we estimated SNP-based heritability for each gene using protein data. For proteins with
significant SNP-based heritability (p-value <0.01), we used FUSION to compute the effect
of SNPs on protein abundance using multiple predictive models (top1, blup, lasso, enet,
bslmm)16, and the most predictive model was selected. For mRNA with significant SNP-
based heritability (p-value <0.01), we modified how FUSION estimates mRNA weights to
accommodate individuals with more than one brain region with transcriptomic data. First,
the flag -scale 1 was added to handle pre-scaled expression values, as expression was scaled
across individual tissues before filtering for matched genotype and combining across all
tissues. Second, the family ID (FID) in the plink FAM file was used to ensure that within
cross validation, all samples from the same individual were always in the same fold, and that
no fold differed in size by more than 5% from any other fold. Similar to protein weights,
mRNA weights were estimated using all models to train weights and the most predictive
model was used. Next, FUSION combined the genetic effect of depression (i.e., depression
GWAS Z-score) with the mRNA or protein expression weights by calculating the linear sum
of Zscorre x weight for the independent SNPs at the locus to perform a PWAS or TWAS1.

Meta-analysis of the discovery and replication PWAS was performed using METALS2, For
the hypothesis driven meta-analysis, i.e. meta-analysis of the genes found to be significant
in the discovery PWAS, we declared as replicated for genes with meta-analysis p-values
lower than the p-values of the discovery dataset and had the same direction of association
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in both datasets. For the proteome-wide meta-analysis for all genes present in both the
discovery and replication PWAS, genes with FDR ¢ <0.05 after the meta-analysis and

with the same directions of association in both the discovery and replication datasets were
declared replicated. The effective sample size for METAL was calculated using this formula:
Nefr = 2/ (1/Ncases + 1/Ncontrots)®-

Summary data-based Mendelian Randomization8 (SMR, downloaded from https:/
cnsgenomics.com/software/smr on May 22, 2019) was used to test whether the depression
PWAS-significant genes (from the FUSION approach) were associated with depression via
their cis-regulated brain protein expression. We used Plink®# to estimate protein quantitative
trait loci (pQTL) in the discovery proteomic dataset by linear regression. Next, we used the
pQTL results and the discovery depression GWAS summary statistics to perform SMR18,
We used the conservative unadjusted p-value < 0.05 from Heterogeneity in Dependent
Instrument (HEIDI) to suggest that presence of linkage likely influences the main SMR
findings. In addition, we performed SMR using the depression GWAS summary statistics
from all 807,553 participants from Howard et all0 and the pQTL results from joining

both the ROS/MAP and Banner proteomic profiles to determine mediation and pleiotropy/
causality for the significant genes from the proteome-wide meta-analysis of the discovery
and replication PWAS.

For genes with both mRNA and protein abundance associated with depression, we applied
SMR for two molecular traits3! to the eQTL summary statistics from Siebert et al%2 and
pQTL summary statistics from the discovery proteomic profile to determine if ¢/is-regulated
mMRNA level mediates association between SNP and cis-regulated protein levels for these
genes.

Similarly, we performed SMR and HEIDI on the significant FUSION PWAS genes
identified for neuroticism, BMI, and WHRadjBMI. For neuroticism, the meta-analysis
GWAS summary statistics?” did not include beta and standard error, for which we calculated
using the formula z / sqrt(2p(1- p)(n + z2)) and se=1/ sqrt(2p(1- p)(n + z2)), where p is
allele frequency and n is sample size, as provided by SMR method paper!8.

Protein-protein interaction network and pathway analysis—To investigate
networks based on protein-protein interaction (PPI) among the 25 causal proteins from the
meta-analysis of the depression PWAS, we used GeNets, a web platform for network-based
genomic analyses?4. GeNets used the PPI information from the InWeb database, a curated
and computationally derived PPI network of 420,000 PPIs of high and lower probability
interactions®3. GeNets implements an algorithm originally presented in Clauset et al®* that
identifies so-called communities in a set of genes. A community is a set of genes that are
more connected to one another than they are to other groups of genes. Additionally, GeNets
enables gene set enrichment analysis on genes within a PP1 network using the canonical
pathways from 2199 gene sets in the MSigDB2°. GeNets applied a hypergeometric test to
obtain p-value for the gene set enrichment and used Bonferroni correction to adjust for
multiple hypothesis testing.
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Brain cell-type specificity—Using human brain single-cell RNA-sequencing data
profiled from the dPFC from Mathys et al32, we examined the cell-type specific expression
of the 19 significant genes from the PWAS of depression. First, we performed data
preprocessing and transformation using the Seurat package version 3.1.2%°. Genes were
removed if they had fewer than 3 counts in a cell, and cells were removed if they had unique
feature counts over 2,500 or less than 200. The RNA counts were normalized and scaled
using the NormalizeData and ScaleData functions. The data had 17,926 genes in 70,634
cells before and 17,775 genes in 53,083 cells after quality control and normalization. We
then focused on the 5 main cell types provided by Mathys et al 2019 using FindMarkers
function: excitatory neuron, inhibitory neuron, astrocyte, microglia, and oligodendrocyte.
For the 19 depression causal genes, we performed differential expression analysis to
compare their expression levels in one cell type versus the rest of the other cell types using
Wilcoxon Rank Sum test to determine if they are highly expressed in a particular cell type.
The data met the assumptions of the statistical test used. For multiple testing correction, we
used false discovery rate (FDR) adjusting for all 17,775 genes. We presented in Figure 2a
only genes that had FDR p <0.05. Following the same approach, we determined if the 25
potentially causal genes from the meta-analysis of the discovery and replication depression
PWAS are highly expressed in a particular cell type.

Reporting Summary.

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

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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platform for accessing data, analyses, and tools generated by the Accelerating Medicines
Partnership (AMP-AD) Target Discovery Program and other National Institute on Aging
(NIA)-supported programs to enable open-science practices and accelerate translational
learning. The data, analyses and tools are shared early in the research cycle without

a publication embargo on secondary use. Data is available for general research use

ac
ad

cording to the following requirements for data access and data attribution (https://
knowledgeportal.org/DataAccess/Instructions). For access to results of the pQTL analysis,

protein weights, and transcript weights described in this manuscript see https://doi.org/
10.7303/syn24872746
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Figure 1.

The discovery PWAS identified 19 proteins consistent with being causal in depression.
This figure shows the Manhattan plot of the 19 proteins identified in the discovery PWAS of
depression using FUSION, followed by SMR and HEIDI. These 19 genes likely contribute

to depression pathogenesis via their ¢is-regulated brain protein abundances.
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Communities

@ Not Assigned
@ Community 1
@® Community 2

Enriched Pathways

[ Amyotrophic lateral sclerosis ALS, adj.p: 0.00017

B Calcium signaling pathway, adj.p: 0.00027

[ Dilated cardiomyopathy, adj.p: 0.00087

I Oocyte meiosis, adj.p: 0.0016

[ Metabolism of amino acids and derivatives, adj.p: 0.0084

Figure 2:
Protein-protein interaction (PPI) network and pathways among the 25 potentially causal

proteins in depression from the meta-analysis of the discovery and replication PWAS of
depression. The lines represent physical PPI. The thickness of the lines is proportional to the
evidence for the PPI. Community 1 includes CTNND1, CSE1L, SLC25A12, and PSMB4.
Community 2 includes LYRM4 and GMPPB. Enrichment of pathways was determined
using a hypergenometric test with bonforroni adjustment for for multiple testing correction.
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Figure 3:

Bar graph of single-cell type enrichment for the A. Causal genes in depression from the
discovery PWAS (n=19), and B. Causal genes in depression from the meta-analysis of

the discovery and replication PWAS (n=25). The plot shows the average log fold change
(x-axis) for each gene (y-axis) with evidence of significant enrichment within a particular
brain cell-type (color of bar). A gene can be enriched in more than one cell type and only
positive log fold change is plotted for simplicity. Enrichment is tested based on expression
of the gene in a particular cell type versus in all other cell types using Wilcoxon rank sum
test adjusted for 17,775 genes. The underlying data were from human brain single nuclei
RNA-sequencing from the dPFC, and the full statistics are presented in Supplementary Table
16.
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Results of the discovery PWAS of depression in which the depression GWAS (N=500,199) summary statistics
were integrated with the ROS/MAP human brain proteomic and genetic data (N = 376) using the FUSION
pipeline, followed by SMR and HEIDI tests. Together, these analyses identified 19 genes that are consistent
with being causal in depression. These genes contribute to depression pathogenesis via their cis-regulated
brain protein abundance.

PWAS

PWAS FDR

SMR

HEIDI

Gene Chr PWASZ D q D D Causal gene

1  B3GALTL™ 13 -6.16 7.4E-10 1.1E-06 6.1E-06 0.13 consistent
2 GMPPB™ 3 5.22 1.8E-07 8.9E-05 4.9E-06 0.28 consistent
3 CTNND1 11 -4.82 1.5E-06 5.3E-04 3.7E-03 0.69 consistent
4 CNNM2™ 10 -4.72 2.3E-06 6.8E-04 2.2E-04 0.21 consistent
5 EPHB2” 1 -4.54 5.8E-06 1.4E-03 2.3E-03 0.40 consistent
6 PSMB4 1 4.33 1.5E-05 3.0E-03 2.7TE-05 0.27 consistent
7 TKT™ 3 431 1.7E-05 3.0E-03 2.3E-03 0.37 consistent
8 TMEMS33 4 4.13 3.6E-05 5.9E-03 2.3E-02 0.18 consistent
9 THUMPD3® 3 4.06 5.0E-05 7.3E-03 7.2E-03 0.21 consistent
10 FAHD2B™ 2 -3.91 9.4E-05 1.1E-02 2.1E-03 0.32 consistent
11  P2RX7 12 -3.84 1.2E-04 1.4E-02 9.1E-05 0.06 consistent
12 CACNA2D2 3 -3.73 1.9E-04 2.0E-02 1.4E-02 0.55 consistent
13 CDH13™ 16 -3.59 3.3E-04 3.1E-02 3.5E-03 0.13 consistent
14 TRPT1 11 -3.57 3.6E-04 3.1E-02 2.8E-02 0.77 consistent
15 HIBADH™ 7 351 4.5E-04 3.6E-02 9.8E-03  0.93 consistent
16 LMBRD1 6 -3.45 5.6E-04 4.0E-02 1.6E-02 0.69 consistent
17 sSLC25A12° 2 3.43 6.0E-04 4.1E-02 42E-03 1.00 consistent
18 B3GAT3 11 -3.40 6.7E-04 4.1E-02 5.4E-03 0.92 consistent
19 NEK4* 3 3.40 6.7E-04  4.1E-02 42E-03 011 consistent
20 TMEM25 11 -3.48 5.0E-04 3.8E-02 2.8E-03 NA possible
21 RAB27B 18 5.74 9.7E-09 7.1E-06 4.5E-06 0.05 no

22  TMEM106B 7 4.02 5.9E-05 7.9E-03 5.8E-04 0.01 no

23 FAMI172A 5 -3.56 3.7E-04 3.1E-02 1.4E-02 0.02 no

24 RGS6 14 -3.41 6.5E-04 4.1E-02 1.4E-02 0.03 no

Asterisk indicates genes whose c/s-regulated brain mRNA levels were associated with depression based on a TWAS of depression that integrated
the depression GWAS (N=500,199) with brain transcriptomic and genetic data (N=888). Chr: chromosome. SM R: summary data-level Mendelian
randomization. HEI DI : Heterogeneity in dependent instrument. NA means missing value since there were not sufficient SNPs to run the HEIDI

test.
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gTable 2:

Results of the replication PWAS and meta-analysis of the discovery and replication PWAS. A replication
PWAS was performed using an independent brain proteomic dataset (n=152) and an independent depression
GWAS (N=307,353 23andMe participants; Supplementary Table 4). Focusing on the 19 FDR-significant genes
identified by the discovery PWAS and consistent with being causal by SMR, 13 were found in the replication
PWAS and a meta-analysis was performed. Replication was declared if the unadjusted meta-analysis p-value
was smaller than both the unadjusted discovery and replication PWAS p-values and direction of effect

was consistent between the discovery and replication PWAS results. Unadjusted p-values for the discovery,
replication, and meta-analysis PWAS results are given. The direction of effect for the discovery and replication
interpretation are given. Based on the replication criteria, 9 of the 13 genes (69%) showed evidence for
replication.

Discovery  Replication

Gene Chr PWASp PWASp meta-analysisp-value Direction  Replicated
1 CTNND1 11 1.5E-06 7.5E-04 4.1E-09 - yes
2  CNNM2¥ 10 2.3E-06 1.1E-02 1.0E-07 - yes
3 P2RX7 12 1.2E-04 5.4E-04 2.8E-07 - yes
4 PSMB4 1 1.5E-05 4.8E-02 2.9E-06 ++ yes
5 FAHD2B™ 2 9.4E-05 2.6E-02 7.6E-06 - yes
6 HIBADH” 7 4.5E-04 5.4E-02 6.8E-05 ++ yes
7 CACNA2D2 3 1.9E-04 1.1E-01 6.9E-05 - yes
8 sLC25A12% 2 6.0E-04 4.6E-02 7.7E-05 ++ yes
9 CcDH13” 16 3.3E-04 8.0E-02 8.0E-05 - yes
10 B3GALTLY 13 7.4E-10 4.1E-01 3.7E-08 -— no
11 GMmPPB™ 3 1.8E-07 7.0E-01 7.2E-06 ++ no
12 THUMPD3™ 3 5.0E-05 9.0E-01 7.1E-04 ++ no
13 B3GAT3 11 6.7E-04 6.3E-01 1.2E-02 —+ no

Asterisk indicates genes whose c/s-regulated brain mRNA levels were associated with depression from a TWAS of depression integrating the
depression GWAS (N=500,199) with transcriptomic and genetic data (N=888) using FUSION. Direction refers to the direction of association
between the cis-regulated protein level and depression. Replicated refers to whether the gene fulfills criteria for replication, which are an
unadjusted meta-analysis p-value smaller than both the unadjusted discovery and replication PWAS p-values and direction of effect was consistent
between the discovery and replication PWAS results.
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Table 3:

Meta-analysis of the discovery and replication PWAS of depression yielded 38 proteins associated with

depression at FDR g < 0.05 among the 798 proteins common between the two PWAS. Among these 38

proteins, 25 were consistent with being causal based on SMR/HEIDI tests and are shown here.

Meta-
Discovery Replication Meta- analysis
PWASp PWASp Z score analysisp Direction FDR q SMRp HEIDIp Causal

CTNND1 1.5E-06 7.5E-04 -5.9 4.1E-09 - 7.4E-06  26E-04  0.89 yes
RAB27B 9.7E-09 7.0E-02 57 1.1E-08 ++ 9.4E-06  9.0E07 014 yes
B3GALTL 7.4E-10 4.1E-01 -55 3.9E-08 - 23E-05  16E-06 0.9 yes
CNNM2 2.3E-06 1.1E-02 -5.3 1.0E-07 - 46E-05  18E05 059 yes
P2RX7 1.2E-04 5.4E-04 -5.1 2.8E-07 - 84E-05  25E-06  0.31 yes
PSMB4 1.5E-05 4.8E-02 47 3.0E-06 ++ 76E-04  29E06 063 yes
GMPPB 1.8E-07 7.0E-01 45 7.6E-06 ++ 14E-03  38E05 037 yes
FAHD2B 9.4E-05 2.6E-02 -45 7.6E-06 - 14E03  17E03  0.08 yes
PPP3CC 3.9E-03 1.3E-03 42 2.5E-05 ++ 38E-03  6.5E-05  0.38 yes
ABCAS 1.0E-03 1.2E-02 4.1 3.7E-05 ++ 47E-03  17E-04 093 yes
CSELL 1.4E-02 4.0E-04 -4.1 5.0E-05 - 59E-03  6.3E-03 043 yes
HIBADH 4.5E-04 5.4E-02 40 6.9E-05 ++ 69E-03  33E03 094 yes
CACNA2D2 1.9E-04 1.1E-01 -4.0 7.0E-05 - 69E-03  39E-03  0.90 yes
SLC25A12 6.0E-04 4.6E-02 4.0 7.7E-05 ++ 72E03  75E-04 099 yes
LYRM4 5.2E-03 7.8E-03 3.8 1.3E-04 ++ 10E-02  22E04 069 yes
CCDCY2 2.2E-03 2.6E-02 -3.8 1.6E-04 - 12E-02  87E-04 0.6 yes
LRP4 1.4E-02 9.8E-03 -35 4.7E-04 - 28E-02  15E03 029 yes
MKRN1 2.6E-03 8.3E-02 35 5.4E-04 ++ 30E-02  14E-03 072 yes
THUMPD3 5.0E-05 9.0E-01 34 7.4E-04 ++ 34E-02  15E-03  0.78 yes
ccs 9.5E-04 2.8E-01 33 9.1E-04 ++ 39E-02  18E-02 031 yes
ADCY3 3.7E-02 5.5E-03 -33 9.3E-04 - 39E-02  6.0E03 077 yes
NFXL1 1.5E-03 2.6E-01 -3.2 1.2E-03 - 44E-02  12E03 065 yes
GDI2 9.5E-03 5.7E-02 -3.2 1.3E-03 - 46E-02  19E-02  0.90 yes
PDXDC1 1.5E-03 2.9E-01 -3.2 1.4E-03 - 48E-02  12E02 049 yes
ATGT7 3.6E-01 3.0E-05 3.2 1.5E-03 ++ 49E-02  47E-03  0.88 yes

Nat Neurosci. Author manuscript; available in PMC 2021 October 21.



	Abstract
	Results
	Discovery PWAS of depression
	Replication PWAS of depression
	Meta-analysis of the discovery and replication PWAS of depression
	Specificity of the depression PWAS results
	Examination of the potential depression-causal proteins at the mRNA level
	Cell-type enrichment of expression of potential depression-causal genes
	Novelty of the protein findings

	Discussion
	Methods
	Discovery Human Brain Proteomic and Genetic Data
	Replication Human Brain Proteomic and Genetic Data
	Brain Transcriptomic and Genetic Data
	Depression GWAS Data
	Statistical Approach
	Protein-protein interaction network and pathway analysis
	Brain cell-type specificity

	Reporting Summary.

	References
	References
	Figure 1.
	Figure 2:
	Figure 3:
	Table 1.
	gTable 2:
	Table 3:

