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Abstract

BACKGROUND: We sought to characterize methylation changes in brain and blood associated
with major depressive disorder (MDD). As analyses of bulk tissue may obscure association signals
and hamper the biological interpretation of findings, these changes were studied on a cell type—
specific level.

METHODS: In 3 collections of human postmortem brain (r7= 206) and 1 collection of blood
samples (V= 1132) of MDD cases and controls, we used epigenomic deconvolution to perform
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cell type—specific methylome-wide association studies within subpopulations of neurons/glia for
the brain data and granulocytes/T cells/B cells/monocytes for the blood data. Sorted neurons/glia
from a fourth postmortem brain collection (/7= 58) were used for validation purposes.

RESULTS: Cell type—specific methylome-wide association studies identified multiple findings
in neurons/glia that were detected across brain collections and were reproducible in physically
sorted nuclei. Cell type—specific analyses in blood samples identified methylome-wide significant
associations in T cells, monocytes, and whole blood that replicated findings from a past
methylation study of MDD. Pathway analyses implicated p75 neurotrophin receptor/nerve growth
factor signaling and innate immune toll-like receptor signaling in MDD. Top results in neurons,
glia, bulk brain, T cells, monocytes, and whole blood were enriched for genes supported by
genome-wide association studies for MDD and other psychiatric disorders.

CONCLUSIONS: We both replicated and identified novel MDD-methylation associations in
human brain and blood samples at a cell type—specific level. Our results provide mechanistic
insights into how the immune system may interact with the brain to affect MDD susceptibility.
Importantly, our findings involved associations with MDD in human samples that implicated many
closely related biological pathways. These disease-linked sites and pathways represent promising
new therapeutic targets for MDD.
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Major depressive disorder (MDD) has high prevalence (1), can start early in life, and is
often chronic, making it the leading cause of disability worldwide (2). DNA methylation
studies offer unique opportunities to improve the understanding and treatment of MDD by
identifying molecular signatures of disease features or the traces of environmental insults
that influence susceptibility (3-5). These studies also have profound translational potential,
as methylation is modifiable and may potentially serve as a diagnostic biomarker.

There exists good evidence that MDD has a systemic component that involves both the brain
and peripheral immune system (6,7). Therefore, we sought to characterize MDD-linked
methylation changes in both brain and blood. Methylation studies are typically performed

in bulk tissue that contains multiple cell types. Failure to account for multiple cell types

has several drawbacks (8). First, false-positives may occur when cell type abundances vary
between cases and controls (9,10). Second, associations may not be detectable in bulk when
case-control differences are in opposite directions between cell types or when the most
common cell types obscure signals in cells of low abundance. Third, knowing which cell
type harbors an association is key for the biological interpretation of results and the design
of follow-up experiments.

We examined methylation differences between MDD cases and controls in 3 collections of
brain samples totaling 264 individuals, as well as in 1132 independent blood samples. To

perform cell type—specific methylome-wide association studies (MWASSs) for neurons/glia
and granulocytes/T cells/B cells/monocytes, we applied epigenomic deconvolution (11,12)
and studied physically sorted neuron/glia nuclei from case and control brains. Methylation

Biol Psychiatry. Author manuscript; available in PMC 2023 February 16.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Chanetal.

Page 3

findings that were detected across the brain collections were identified by meta-analysis,
and findings in blood were compared with those of previous methylation study of MDD.
Finally, we tested for over-representation of top MWAS findings among top results from
genome-wide association studies (GWASs) for MDD and related disorders.

METHODS AND MATERIALS

Samples

We used methylation enrichment-based sequencing data from 206 postmortem brain samples
from 3 collections, as previously described (13). The sample collections were predominantly
from Australia (AUS) (30 MDD, 31 control; Brodmann area [BA] 25), United States of
America (USA) (44 MDD, 37 control; BA 10) and Canada (CAN) (39 MDD, 25 control;
BA 10). Additionally, we used array-based methylation data from physically sorted neurons
(28 MDD, 29 control) and glia (29 MDD, 29 control) from an independent sample collection
(14). Methylation enrichment-based sequencing data from whole blood of 812 cases and

320 controls was from the Netherlands Study of Depression and Anxiety (NESDA) (13,15).
Descriptions of study participants are presented in Supplement 1.

Cell Type-Specific MWASs

It is impractical to sort and assay methylation in each cell type for every sample in
large-scale studies. Therefore, we used epigenomic deconvolution (Figure 1) to perform

cell type—specific MWASSs using the bulk brain and whole blood data. Deconvolution

is commonly used in gene expression studies (12,16) and may readily be applied to
methylation data (11,17,18). The approach has been validated by showing that it can detect
known associations in artificial data as well as associations observed with empirical data
from purified cells (12,17). We further showed through simulations (Code S1 in Supplement
3) 1) that if there are no effects, the model properly controls the type | error, or 2) that if the
cell type proportion estimates have errors, the model is fairly robust. We also performed cell
type—specific MWASs after permuting case-control labels. The resulting quantile-quantile
plots for brain (Figure S3 in Supplement 1) and blood (Figure S8 in Supplement 1) showed
that the p values were close to the main diagonal with average lambdas that were not
significantly different from 1. Cell type—specific MWASs are performed by first estimating
cell type proportions in all study samples with bulk data using a reference panel (9,19).
These reference panels comprise methylation profiles of physically sorted subtypes of cells
generated from a small subset of subjects. We sorted nuclei/cells from 5 frozen postmortem
brain and 6 fresh whole blood samples. Simulations (Figure S1 in Supplement 1) showed
that whereas the total number of sites used to estimate cell type proportions is critical, the
number of subjects per panel has little impact on the precision of the estimates. Thus, the
simulations show that our panel was sufficiently large (see Supplement 1). These predicted
cell type proportions are then used to test case-control differences in methylation on a cell
type—specific level using all study samples with available bulk data. To declare methylome-
wide significance we applied an appropriate (20,21) false discovery rate (FDR) threshold of
0.1.
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Reference Panels for Brain and Blood Cell Types.—For methylation enrichment-
based sequencing references for neurons (NeuN+) and glia (NeuN-), we sorted nuclei (22)
from 5 control samples from brain banks in AUS, CAN, The Netherlands, and USA (sources
of MWAS samples). To generate methylation enrichment-based sequencing references for
blood cell types, we obtained fresh whole blood samples from 6 USA subjects (23).
Granulocytes (CD15+), T cells (CD3+), B cells (CD19+), and monocytes (CD14+) were
isolated from whole blood using EasySep magnetic separation (Stemcell Technologies,
Cambridge, MA). DNA extracted from sorted nuclei/cells was then assayed using methyl-
CG binding domain sequencing (24-26). Details are discussed in Supplement 1.

Model.—While Figure 1 and its legend explain the basic principles underlying the
deconvolution method, here we present the statistical model [also see equation 2 in the
Methods section of Zheng et al. (17)]:

ne e
YUk = N mepo+ Y mMPP(MDDx P+ E
c=1 c=1

Thus, methylation measurements in bulk tissue Y2 are regressed on ¢ = 1 to 7, cell type
proportions 2, and the product of disease status for MDD coded as 0 or 1 by cell type
proportions (MDD x P,). The model allows for covariates (not shown) and residual effects
E. Coefficient m,is the effect of cell type ¢. MDD is coded 0 or 1, mMDD s the case-control

difference for cell type cthat is used to test the null hypothesis that cell type methylation
means are equal for cases and controls. Note that the model has no constant, because

ne

Y P.=1.Expanded discussion and robustness analyses are presented in Supplement 1.
c=1

Covariates in Methylome-wide Association Testing

To test each CpG site for association with MDD, we performed multiple regression analyses
that included several classes of covariates. We included measured technical variables
including the quantity of methylation-enriched DNA captured, batch, and peak location
(26), as well as demographic variables for age and sex. For NESDA blood samples, we

also included smoking status, alcohol use, body mass index, and 3 principal components
(PCs) from a GWAS to capture ancestral differences. For brain, we included postmortem
interval. PC analysis on the methylation data was performed on the covariate-adjusted data
to capture any remaining unmeasured sources of variation. We used a scree test to select
the methylation PCs to include in the final MWAS (1 PC for AUS, CAN, USA, and
NESDA). In the bulk brain and whole blood MWASs, predicted cell type proportions were
also included as covariates to control for cell type heterogeneity (23). Raw array-based data
were processed following Lehne et al. (27), and demographics, technical variables, and PCs
were included as covariates. For all analyses, covariates and PCs were included in the final
MWASs.
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Meta-analyses

To identify top bulk brain and cell type—specific MWAS findings that replicated among

the 3 sets of brain collections (AUS, CAN, USA), we performed a meta-analysis using
Stouffer’s weighted zscore method (28) after transforming ¢statistics from each MWAS into
Z statistics.

Pathway, Colocalization, and Gene Overlap Testing

Pathway, colocalization, and gene overlap testing were performed using circular
permutations (29) that generate the empirical test-statistic distribution under the null
hypothesis while preserving the correlational structure of the data (see Supplement 1).
Pathway analyses were performed with the Reactome (30) database using 10,000 circular
permutations. Pathway tests were restricted to only the top 1000 findings to prevent
oversaturation. We also tested whether our MWAS findings colocalized with UCSC Genome
Browser genomic feature tracks, Roadmap Epigenomics Project chromHMM 15-state
chromatin model tracks (31), Genotype-Tissue Expression (GTEX) expression quantitative
trait loci (eQTLs), known expression quantitative trait methylation (eQTMs) (32,33), or
colocalized and/or shared top genes from previous MDD MWASs and GWASS using
100,000 circular permutations. In general, we tested the top 0.5%, 0.1%, or 0.05% of sites
from our MWASs for enrichment testing across asymmetrical datasets (i.e., methylation
enrichment-based sequencing vs. methylation arrays) and corrected for testing multiple
thresholds. Expanded details can be found in Supplement 1.

RESULTS
Cell Type-Specific MWASSs in Brain

Predicted proportions of neurons to glia (approximately 1:3) matched expectations for
cortex (34) and showed no significant case-control differences (Table S1 in Supplement

1). Quantile-quantile plots for the cell type—specific MWASs (Figure S3 in Supplement 1)
suggested that multiple CpGs had discernible effects within individual cell types. MWAS of
permuted case-control status for each analysis yielded average lambdas of approximately 1
(Figure S4 in Supplement 1), which indicated no evidence of test-statistic inflation under
the empirical null. To identify top findings in neurons, glia, and bulk brain, we performed
meta-analyses across the AUS, CAN, and USA brain sample collections for 17,321,920
CpGs.

Neurons and Glia.—No CpGs reached methylome-wide significance (FDR 0.1) among
the meta-analyses for the MWASs for neurons or glia (Tables S2 and S3 in Supplement

2). The top site in neurons (p value = 8.52 x 1078) was found in an intergenic region
situated between the serotonin receptor gene H7R4 and the beta-adrenergic receptor gene
ADRB2. In glia, the top site (p value = 5.18 x 1078) was also intergenic in a region that

was most near 7PRA1 Many top results were shared between neurons and glia (i.e., 419 of
the top 1000 from both) and were found at genes such as RBFOX2, HERCZ, TRIMS3, and
RNF111. Encoding splicing regulators that are important for neuronal development (35), the
RBFOX regulatory network has been implicated in previous genetic (36) and methylation
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(37) studies of depression. HERCZ, TRIM3, and RNF111all encode ubiquitin ligases that
influence neurodevelopment and synaptic plasticity (38-43).

The top findings that were unique to neurons included those at TRAPPCY (pvalue = 1.04

x 107%) and HRH4 (pvalue = 1.77 x 1076). Highly expressed in neurons and involved in
nuclear factor-xB and nerve growth factor (NGF) signaling (44), rare variants in TRAPPC9
have been associated with intellectual disability (45,46). Encoding a histamine receptor,
HRH4is located in a region implicated in a pharmacogenomic study of citalopram response
(47).

Finally, among top unique glia findings were sites (top p value = 4.43 x 1077) located in an
intergenic region nearest to ZC3H12A, which is involved in innate immune regulation (48),
and GR/KS3, which is involved in glutamate signaling. Notably, GR/K3 has been linked to
recurrent MDD (49).

The top findings for neurons were enriched at DNase | hypersensitivity sites, and both
neuron and glia results were enriched at introns and transcription factor binding sites (Tables
S4 and S5 in Supplement 2). Results for neurons and glia were not overrepresented at
chromHMM chromatin states (31) nor eQTLs for brain (Tables S4 and S5 in Supplement

2). However, as chromatin states and eQTLs for brain were generated from bulk tissue, they
may not accurately capture cell type—specific states. For neurons, 81 top CpGs mapped to
known eQTMs (Table S6 in Supplement 2), and for glia, 71 sites mapped to eQTMs (Table
S7 in Supplement 2).

Complementary Analyses in Sorted Neurons and Glia.—To check the results
obtained via epigenomic deconvolution, we performed MWASSs on array-based methylation
data from sorted neuronal (28 MDD, 29 control) and glial (29 MDD, 29 control) nuclei

of independent samples (14) (Tables S8 and S9 in Supplement 2; Figures S6 and S7 in
Supplement 1). We tested for CpG colocalization between the top sites from deconvoluted
neurons/glia and nominally significant MWAS findings (p value <.05) from the sorted
nuclei. The top 0.05% of results for deconvoluted neurons were significantly enriched
among nominally significant results for sorted neurons (70 CpGs, pvalue = 4.20 x 1073).
Results for deconvoluted glia colocalized with 270 CpGs among nominally significant
results for sorted glia but were not enriched (p value = .48).

Bulk Brain.—Bulk brain analysis may have better power for sites that are affected in
similar fashion across multiple cell types. Therefore, we also performed meta-analyses
among the MWASs of bulk brain methylation data. However, no CpG reached methylome-
wide significance (FDR 0.1) in the meta-analysis for bulk brain (Table S10 in Supplement
2), where the top site (pvalue = 1.03 x 10~7) was situated in an intergenic region between
the glucose transporter SLC5A4 and human telomerase reverse transcriptase regulator
RFPL3. This finding is notable given the abnormal glucose tolerance, decreased telomere
length, and increased epigenetic aging that is observed in patients with MDD (50-53).

The top findings in bulk brain also included sites located in ASTNZ2 (p value = 1.29 x 107%)
and RBFOX1 (pvalue = 2.09 x 1076). Variants in both the neuronal—glial adhesion molecule
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ASTNZ and the RNA-slicing regulator RBFOX1 obtained genome-wide significance in a
recent meta-analysis of large MDD GWASs (36). Bulk brain results were not enriched for
any particular genomic feature consensus track or eQTLs but were significantly enriched
at predicted chromatin states for “Bivalent-Poised TSS” and “Flanking Bivalent TSS-Enh”
(Table S11 in Supplement 2) with 86 CpGs mapping to known eQTMs (Table S12 in
Supplement 2).

Cell Type-Specific MWASSs in Blood

Mean predicted cell type proportions were 55.8%, 31.3%, 9.3%, and 3.6% for granulocytes
(CD15), T cells (CD3), B cells (CD19), and monocytes (CD14), respectively. With the
exception of monocytes, the predicted cell type proportions differed significantly between
cases and controls (Table S13 in Supplement 1). Cases tended to have increased myeloid cell
(granulocytes, monocytes) and decreased lymphocyte (T cells/B cells) levels, as generally
expected (54,55).

After quality control, 21,869,561 CpGs were available for testing. The quantile-quantile
plots (Figure S8 in Supplement 1) suggested that associations mainly involved monocytes
and T cells. No methylome-wide significant findings (FDR 0.1) were observed for
granulocytes or B cells. Permutations of case-control status for each MWAS (Figure S9
in Supplement 1) again suggested that the observed effects were not inflation artifacts.

Monocytes.—The MWAS for monocytes yielded 904 methylome-wide significant CpGs
(Table S14 in Supplement 2). Top genic findings for monocytes included /7PRZ,

SHANKZ, KATNALZ, and GRIA1. Also present among methylome-wide significant
results for monocytes were sites within CDC42BPB that was implicated by a previous
methylation meta-analysis of depressive symptoms (56). Findings for monocytes were
significantly enriched at 5'-and 3 -UTRs, CpG islands and shores, brain-specific DNase

I hypersensitivity sites, genes, transcription factor binding sites, and promoters (Table S15
in Supplement 2). Overlap with chromatin state tracks showed enrichment at “Active TSS,”
“Strong Transcription,” “Weak Transcription,” and “ZNF Genes and Repeats,” along with
significant enrichment at blood eQTLs (Table S15 in Supplement 2) and mapping of 137 top
results to known eQTMs (Table S16 in Supplement 2).

T Cells.—In T cells, 9 CpGs passed methylome-wide significance (Table S17 in
Supplement 2) with the top site (pvalue = 3.57 x 1079) found in an intergenic region

located most near GRIAZ and FAM198B. Significant genic findings for T cells involved
MTA3, DABZIP, and STRADB. Top results for T cells were enriched for a number of
genomic features including 5'-UTRs, DNase | hypersensitivity sites, and introns, as well at
chromatin states for “Flanking Bivalent TSS-Enhancer” and “Bivalent Enhancer” (Table S18
in Supplement 2) with 142 top sites mapping to eQTMs (Table S19 in Supplement 2).

Whole Blood.—Only one intergenic site in whole blood passed the FDR threshold of
0.1 employed in the current analysis (top site p= 2.54 x 1079 that was most proximal to
CYPZ2J2and HOOKI (Table S20 in Supplement 2). As the cell types showing the largest
signals in our MWASs are of relatively low abundance (T cells and monocytes), statistical
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power may be lacking to detect many of these differences in whole blood, as they represent
a minority of cells. Nonetheless, top results from whole blood were significantly enriched

at features like CpG islands, exons, splice sites, promoters, and virtually all regulatory
chromatin states (Table S21 in Supplement 2), with 145 top sites mapping to known eQTMs
(Table S22 in Supplement 2).

Top Findings Are Replicated at Loci Implicated in Past Methylation Studies of Depression

Story Jovanova et al. (56) reported significant associations at CODC42BPB and ARHGEF3
from a large multicohort MWAS meta-analysis for depressive symptoms in whole blood. We
tested for enrichment between our top results versus the top 41 loci from the meta-analysis
of Story Jovanova et al. The most significant enrichment was observed for the top 0.05%

of our whole blood results (6 CpGs, pvalue = 2.50 x 10~3), which was driven by the

CpG at CDC42BPB. In contrast, our results for T cells/monocytes and neurons/glia/bulk
brain were not enriched for CpGs implicated by Story Jovanova et al. However, their study
was performed in whole blood rather than on a cell type—specific level, included some
cohort data that was not corrected for cell type heterogeneity, and again relied on sparse
methylation array data.

Thus, we additionally tested whether genes implicated by our top results were significantly
overrepresented for genes at the top 41 loci reported by Story Jovanova et a/. Results showed
that genes implicated by the top 0.5% sites of our MWASs for whole blood (43 genes, p
value = 3.00 x 1072), T cells (37 genes, p value = 2.03 x 1072), monocytes (40 genes, p
value = 2.10 x 1074), neurons (37 genes, pvalue = 1.25 x 1072), glia (35 genes, p value =
2.56 x 1072), and bulk brain (37 genes, p value = 5.04 x 1073) were indeed over-represented
for those that had been previously reported to harbor methylation associations (including
CDC42BPB and ARHGEF3) with depressive symptoms. Thus, different methylation sites
may influence the same disease-related genes in multiple tissues and cell types.

Top Findings Are Overrepresented at Genes From GWAS of MDD and Other
Neuropsychiatric Disorders

We tested for overlap of genes between the top findings of our cell type—specific MWASs
and the top 10,000 variants from GWASs for attention-deficit/hyperactivity disorder (57),
anxiety disorders (58), autism spectrum disorder (59), bipolar disorder (60), MDD (36),

and schizophrenia (60). We also tested against 869 variants for neurodegenerative disease
collected from GWAS Catalog data (61). To check for specificity, we also tested our findings
versus the top 10,000 variants for breast cancer (62).

Given the large differences in power and strength of association signals between our
different methylation studies, we conservatively selected only the top 1000 findings from
each MWAS to test for gene overlap against GWAS. As expected, none of our MWAS
results were enriched at genes associated with breast cancer.

In contrast, our results (Table 1) showed very robust and highly significant
overrepresentation of genes implicated by MDD GWASs and the top 1000 sites from
MWASs of neurons, glia, bulk brain, T cells, monocytes, and whole blood. Results for
neuron and bulk brain MWASs were further over-represented for genes associated with
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bipolar disorder. Genes associated with anxiety disorders were overrepresented among
top MWAS results from monocytes and whole blood. Finally, neuron and glia results
significantly overlapped genes associated with neurodegenerative disease.

Pathway and Cross-Tissue Analyses

To investigate the possible biological mechanisms and processes underlying our findings, we
performed pathway analyses for the top 1000 sites from our MWASS.

For neurons, top findings were enriched for 22 pathways (Table S23 in Supplement 2) that
clustered into 6 groups. The first major cluster (Figure 2; red) was populated for terms
related to “Signaling by Rho GTPases” and neurotrophin-mediated cell death like “p75 NTR
Receptor-mediated Signaling ”“and “Death Receptor Signaling.” Other clusters centered on
G protein—coupled receptor signaling (Figure 2; orange) and transforming growth factor g
signaling (Figure 2, green).

Results in glia drove enrichment of 41 pathways (Table S24 in Supplement 2) that
segregated into 9 clusters. The first cluster (Figure 3; red) involved transforming growth
factor B signaling and cell cycle processes. The second and predominant cluster (Figure
3; yellow) contained many overlapping pathways related to innate immune response via
toll-like receptors (TLRs) and inflammatory cytokine signaling.

Bulk brain findings showed enrichment of only 6 unrelated pathways that involved
“Reproduction,” cell cycle processes, posttranslational protein modification, ribosomal RNA
expression, and hormone metabolism (Table S25 in Supplement 2).

Findings for monocytes drove enrichment of 14 pathways that grouped into 5 clusters (Table
S26 in Supplement 2). The first major cluster (Figure 4; red) involved “Signaling by Rho
GTPases,” and a second cluster (Figure 4; orange) centered around cell cycle processes.

T cell results contributed to the enrichment of only 4 pathways for “Keratinization” (driven
by blood-expressed keratins KR772, KRT73, KRT86), cellular respiration, and integrin
signaling (Table S27 in Supplement 2).

Lastly, top results from whole blood led to enrichment of 16 pathways that gathered into
6 smaller clusters (Table S28 in Supplement 2). The third cluster for pathways whole
blood (Figure 5; green) implicated “p75 NTR Receptor-mediated Signaling” and “Death
Receptor Signaling,” which were also key pathways in neurons. Other notable pathways
included “Neuronal System,” and a sixth cluster (Figure 5; orange) again involving cell
cycle processes.

Based on the apparent overlap of implicated pathways between our results in brain and
blood, we investigated whether top results were enriched across tissues and cell types.

We did not observe evidence of overlap between the top 1000 findings across tissues on

a CpG-to-CpG level. However, when we examined results on a gene level, we observed
significant overlap between genes associated with the top 1000 sites from T cells and bulk
brain MWASs (33 genes, pvalue = 2.99 x 1072). Notably, the overlap included both ASTN2
and RBFOXI1. While these results do not suggest that top cell type—specific methylation
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signals are typically shared across tissues, they do imply that methylation may impact
disease-related processes in multiple tissues and cell types via a related networks of genes.

DISCUSSION

In one of the most comprehensive methylation studies of MDD to date, we characterized
methylome-wide associations with MDD in large collections of brain and blood samples at
a bulk tissue and a cell type—specific level. Using epigenomic deconvolution, we identified
novel findings in neurons and glia in a meta-analysis of 3 brain collections and replicated
our findings in a fourth sample of sorted nuclei. A cell type-specific MWAS in blood

also uncovered associations in CD14 monocytes and CD3 T cells that were not detected

in whole blood. Whereas we did not observe much cross-tissue overlap in our findings on
a CpG-to-CpG level, we did find evidence that similar genes from our own results and
those from Story Jovanova et al. (56) were consistently implicated in multiple tissues/cell
types. Strong overlap with GWASs of MDD and some related disorders further supported
the robustness of our findings and highlighted the shared liabilities among neuropsychiatric
disorders.

Our results implicated NGF receptor (p75NTR) signaling in MDD that aligned with previous
methylation investigations of depressive symptoms (56) and chronic MDD (63). A fine
balance of signaling through the generally prosurvival Trk receptors and apoptotic p75NTR
is needed for normal neuro-development and neuron survival (64). Notably, our results
suggested differences in both neurons and whole blood of MDD cases and controls,
suggesting that systemic perturbations of NGF or p75NTR signaling are present in MDD.
This seems plausible considering that psychosocial stress, a major risk factor for MDD,
alters both circulating and brain concentrations of NGF (65-69).

Our glial MWAS vyielded results that also strongly implicated TLR activation in MDD.
TLRs are key components of the innate immune system (70), which itself has long been
suspected to play a role in the pathogenesis of MDD (71). Importantly, both acute and
chronic stress affect the innate immune system via TLRs in both blood and brain (6,72-74).
Therefore, our findings also suggest that methylation changes in glia could be indicative

of the effects of stress in the brains of patients with MDD, especially when we consider
that both astrocytes and microglia mediate the innate immune system in the brain through
TLRs (75). Further, innate immune activation and neuroinflammation can induce microglia
to increase production of NGF (76,77) and can interact with transforming growth factor

B signaling (78), which was also implicated by our neural and glial MWASs. Finally,

we did not find substantial evidence of human leukocyte antigen involvement in any of

our analyses. Altogether, our findings suggest that MDD is characterized by stress-linked
activation of the innate immune system leading to systemic inflammatory responses that
affect cells in both brain and blood.

As antidepressant treatment, smoking status, alcohol use, and body mass index information
was available for the NESDA blood samples, we checked for or controlled for the influences
of these confounders in our case-control analyses in blood. This information was not
available for the 3 postmortem brain sample collections. However, top MDD associations
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for neurons, glia, and bulk brain contained none of the sites that were associated with
antidepressant use (Supplement 1), smoking status, alcohol use, or body mass index detected
in the NESDA sample, nor methylation sites in the AHRR gene previously associated with
smoking (79). Therefore, these variables were unlikely to be major confounders in our
analyses.

Patients with MDD are at increased risk for suicide. Although suicide has been

associated with changes in methylation in the brain (80,81), it is unclear whether suicide
was a confounder in our analyses, as these changes may have preexisted death. The
nonexperimental nature of research with human subjects makes disentangling these effects
difficult. However, observing overlap with GWASs of MDD improves causal inferences
since genotype antecedes disease, as does observing some overlap with results from blood of
living patients. Ultimately, follow-up experiments using in vitro epigenetic editing (82,83) in
appropriate cellular or animal models to study causality and translational potential (84) are a
necessary future goal.

In conclusion, our cell type—specific MWASSs revealed associations otherwise obscured in
bulk brain and whole blood, and they provided mechanistic insights into underlying disease
processes. Collectively, results pointed toward stress-related neuroinflammation, potentially
via p75NTR/NGF and innate immune TLR signaling, as key components of MDD. Critically,
these results appear to corroborate and provide links between the neurotrophic (85) and
neuroimmune hypotheses of depression (86). Whereas peripheral-neuroimmune interactions
are known to influence behavior in animal models, our findings involved actual associations
in human patients that implicated a synergistic set of biological pathways plausibly linked to
MDD pathology. As both these methylation sites and the biological processes they affect are
modifiable, our findings represent promising novel targets for improving MDD treatment.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figurel.
Epigenomic deconvolution for testing case-control differences in subpopulations of cells.

(A) In step 1 of the deconvolution method, reference methylomes from purified samples

of sorted cells are used to estimate cell type proportions. For one subject at a time, bulk
methylation data are regressed on the most informative sites in the reference methylomes

to obtain predicted proportions of each cell type. (B) After cell type proportions have

been predicted for each subject in the study, step 2 uses these proportions to estimate
case-control differences at each CpG site. (C) To illustrate how cell type—specific differences
are predicted, we present a simple example. Since bulk methylation and proportions of
neurons/glia will differ between subjects, we can regress bulk methylation levels (y-axis)

on the proportion of neuronal cells (x-axis). Thus, extrapolating the regression line to the
point where the proportion of neurons is 0 (i.e., there are only glia cells) estimates the group
mean methylation in glia, and extrapolation to the point where the proportion of neurons

is 1 estimates the group mean methylation in neurons. By allowing the regression lines to
differ between controls (black dots) and cases (red crosses), we obtain different predicted
cell type—specific group means that can be tested for significance using standard statistical
tests. See Methods and Materials and Supplement 1 for discussion of the statistical models.
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Figure 2.

Neurons

Page 18

Genes (ticks every 3 genes)

Significantly enriched pathways for neurons. As pathways often share genes, the raster plot
visualizes the clustering of pathways (y-axis) determined on the basis of their overlapping
genes (x-axis). The solid rectangles indicate genes that both were among the top methylome-
wide association study results and were members of the listed pathway. Note that only genes
that were among the top methylome-wide association study results, rather than all possible
pathway members, are plotted. Only pathways containing a minimum of 3 overlapping
genes and those passing nominal significance (a <.05) were retained. Complete pathway
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names, gene names, odds ratios, and p values are presented in Table S5 in Supplement

2 for deconvoluted neurons and Table S9 in Supplement 2 for sorted neurons. ECM,
extracellular matrix protein; G1/S, G1 phase/S phase; G2/M, G2 phase/mitosis; GPCR, G
protein—coupled receptor; GTPase, guanosine triphosphate hydrolase enzyme; JNK, ¢c-Jun
N-terminal kinase; NADE, p75NTR-associated cell death executor; NRAGE, neurotrophin
receptor—interacting MAGE homolog; NRIF, neurotrophin receptor interacting factor; p75
NTR, neurotrophin receptor p75; TGF, transforming growth factor.
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Figure 3.

Glia

Significantly enriched pathways for glia. See Figure 2 for an explanation of the plot.
Complete pathway names, gene names, odds ratios, and p values are presented in Table
S6 in Supplement 2 for deconvoluted glia and Table S10 in Supplement 2 for sorted glia.
CORPIl, coat protein complex 1I; ECM, extracellular matrix protein; FCERI, Fc epsilon
receptor; G1/S, G1 phase/S phase; MAPK, mitogen-activated protein kinase; NFxB, nuclear
factor-xB; PTKS®, protein-tyrosine kinase 1; TGF, transforming growth factor; TRAFC,

tumor necrosis factor receptor-associated factor family protein.
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Monocytes
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Significantly enriched pathways for monocytes (CD14). See Figure 2 for an explanation of
the plot. Complete pathway names, gene names, odds ratios, and p values are presented in
Table S14 in Supplement 2 for monocytes. EPH, ephrin receptor; G2/M, G2 phase/mitosis;

PKN, protein kinase N.
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Figureb.
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Significantly enriched pathways for whole blood. See Figure 2 for an explanation of the
plot. Complete pathway names, gene names, odds ratios, and p values are presented in
Table S14 in Supplement 2 for monocytes. COPI, tethering coat protein complex I; DDX58/
IFIH1, DExD/H-box helicase 58/interferon induced with helicase C domain 1; FCERI,

Fc epsilon receptor; G2/M, G2 phase/mitosis; p75 NTR, neurotrophin receptor p75; RNP,

ribonucleoprotein particle.
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