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Abstract

Depression is a common and disabling disorder, representing a major social and economic health
issue. Moreover, depression is associated with the progression of diseases with an inflammatory
etiology including many inflammatory-related disorders. At the molecular level, the mechanisms by
which depression might promote the onset of these diseases and associated immune-dysfunction are
not well understood. In this study we assessed genome-wide patterns of DNA methylation in whole
blood-derived DNA obtained from individuals with a self-reported history of depression (n=100) and
individuals without a history of depression (n=100) using the I[llumina 450K microarray. Our analysis
identified 6 significant (Sidak corrected P < 0.05) depression-associated differentially methylated
regions (DMRs); the top-ranked DMR was located in exon 1 of the LTB4R2 gene (Sidak corrected P
= 1.27 x 10'%). Polygenic risk scores (PRS) for depression were generated and known biological
markers of inflammation, telomere length (TL) and IL-6, were measured in DNA and serum samples
respectively. Next, we employed a systems-level approach to identify networks of co-methylated loci
associated with a history of depression, in addition to depression PRS, TL and IL-6 levels. Our
analysis identified one depression-associated co-methylation module (P = 0.04). Interestingly, the
depression-associated module was highly enriched for pathways related to immune function and was
also associated with TL and IL-6 cytokine levels. In summary, our genome-wide DNA methylation
analysis of individuals with and without a self-reported history of depression identified several
candidate DMRs of potential relevance to the pathogenesis of depression and its associated immune-

dysfunction phenotype.



Introduction

An estimated 300 million people are affected by depression worldwide (1), representing a major
social and economic health burden. Depression is associated with a reduced life expectancy and
predicts the incidence and progression of diseases associated with an inflammatory etiology such as
cardiovascular disease and many autoimmune disorders (2). Emerging data suggests that depression is
associated with a low grade, chronic inflammatory response including an increase in inflammatory
mediators such as cytokines and chemokines (3). Moreover, depression is associated with telomere
shortening (4, 5), a marker of biological aging which is thought to be influenced by inflammation and
cellular stress (6). The most recent genome-wide association study (GWAS) meta-analysis of
depression by the Psychiatric Genomics Consortium (PGC), which identified 44 robust depression-
associated loci, strongly implicated immune-related genes (e.g. LRFN5) and biological pathways
associated with cytokine and immune responses in the etiology of depression (7). Although these
epidemiological data suggest a link between depression and inflammation, the mechanisms by which
depression might promote these diseases and associated immune-dysfunction at a molecular level are

not well understood.

Epigenetic processes—which act to developmentally regulate gene expression via modifications to
DNA, histone proteins and chromatin, independently of DNA sequence variation —have been
implicated in the etiology of both depression (8-10) and inflammatory-related diseases (11, 12). DNA
methylation, the most widely studied epigenetic mark, can be influenced by environmental factors
(e.g. smoking (13)) and stressful exposures (e.g. childhood adversity (14)) that are associated with
both depression (2, 15) and inflammatory diseases (15, 16). It is therefore plausible that epigenetic
dysregulation of immune-related genes may contribute to the immune-dysfunction phenotype

associated with depression.

In this study, we quantified genome-wide patterns of DNA methylation in whole blood-derived DNA
obtained from individuals with a self-reported history of depression (n=100) and individuals without a
history of depression (n=100). The study was designed to ensure that fifty percent of cases and

controls also had a self-reported history of an inflammatory disorder. We further integrated our



epigenetic analysis with genetic data and known biological markers of inflammation, including
telomere length (TL) and serum interleukin 6 levels (IL-6) (17, 18). We identify evidence for altered
DNA methylation at multiple immune-related loci in individuals with a history of depression, with

depression-associated co-methylation modules also correlated with TL and IL-6.

Results

Examining the association between a history of depression, immune cells and IL-6

Given the postulated role of immune-dysfunction in depression, we first examined differences in
predicted immune cell composition between our self-reported history of depression cases and
controls. Individuals with a history of depression show significantly increased CD4+ T cells (P =
0.036) and reduced levels of plasma blast cells (P = 0.024), granulocytes (P = 0.036) and memory and
effector T cells (CD8pCD28nCD45RAn) (P = 0.02). Interestingly, when we stratified the depression
individuals by a history of inflammation, individuals with a history of depression and a history of an
inflammatory disorder had significantly higher CD4+ T cells and reduced levels of plasma blast cells,
memory and effector T cells and granulocytes compared to the other 3 groups (see Supplementary
Figure 1). In contrast, the depression only group did not differ significantly from the other groups,
suggesting that individuals with both a history of depression and a history of an inflammatory disorder
have distinct immune profiles (e.g. Th1/Th2 cell activation) compared to individuals with a history of
either depression or an inflammatory condition alone. Previously, it has been shown that individuals
with depression have increased levels of the pro-inflammatory cytokine, IL-6 (19). We did not
observe increased serum IL-6 levels in our study between groups (P = 0.848), or between individuals

with and without a history of depression (P = 0.583).

Individuals with a history of depression show evidence of shortened telomeres but not DNA
methylation age acceleration

Telomere length has been widely implicated as a marker of biological age (6), and is influenced by
genetic and epigenetic regulation, as well as by inflammation and cellular stress (20). Furthermore,

shorter telomeres are robustly associated with depression (21). We examined differences in TL



between individuals with and without a self-reported history of depression using logistic regression
analysis, while controlling for a history of an inflammatory condition and potential confounders (age,
sex and estimated blood cell composition). A self-reported history of depression was significantly
associated with shortened TL after controlling for confounders (P = 0.013, see Figure 1A). Another
hypothesized proxy of biological age is the epigenetic clock (22), with elevated DNA methylation age
(DNAm Age) also linked to depression (23). Although we found a large and highly significant
positive correlation between chronological age and DNAm Age calculated using an epigenetic clock
based on DNA methylation values (22) (Pearson’s r = 0.89, P < 2.2e-16 (Supplementary Figure 2),
we found no evidence for accelerated ‘epigenetic aging’ among individuals with depression (P = 0.67;
Figure 1B). As reported previously (24-26) we found no correlation between DNAm Age
acceleration and TL (Pearson’s r = -0.004, P = 0.95; Figure 1C). Taken together, these results
indicate that a history of depression is associated with shortened TL but is not associated with DNAm

Age acceleration in this study.

Methylomic differences between individuals with a history of depression and controls — differentially
methylated positions and regions

An overview of the methodological approach used in this study is given in Supplementary Figure 3.
First, we assessed genome-wide patterns of DNA methylation in individuals with a self-reported
history of depression (cases) compared with controls using linear regression, controlling for potential
confounders (see Methods). Although no differentially methylated positions (DMP) were identified at
a stringent experiment-wide significance threshold (P < 1.66 x 107) estimated from permutation
analysis in a large dataset generated previously by our group (27), several DMPs showed evidence for
association at a more relaxed ‘discovery’ threshold (P < 2x10"%). The 10 top-ranked DMPs between
cases and controls are listed in Table S1; of note these include probes annotated to a number of loci
previously implicated in neuropsychiatric phenotypes. Most notably, the top-ranked DMP
(cg141959258) is located in intron 4 of the RNA-binding protein fox-1 homolog 3 gene (RBFOX3)
gene (also known as HRNBP3), which is implicated in the largest depression GWAS meta-analysis to

date (7).



We next used Comb-p (28) to identify DMRs associated with a history of depression. Our analysis
identified six significant (Sidak corrected P value < 0.05) DMRs (Table 1); the top-ranked DMR
(spanning 9 CpG sites) is located in the promoter region of the L7B4R gene (Sidak corrected P value
= 1.27 x 10'"%). The LTB4R2-associated DMR is hypomethylated across all CpG sites in depression
cases compared to controls (Figure 2). The second ranked DMR is located in intron 1 of the HOXC4
gene (Sidak corrected P value = 1.21 x 10). The HOXC4-associated DMR is hypermethylated across
all CpG sites in cases compared to controls (Figure 3). In addition, we identified a DMR located in
the third exon of the TRIM39 gene (Sidak corrected P value = 0.00016); a DMR located upstream in
intron 10 of the DNAJC17 gene (Sidak corrected P value = 0.00023); a DMR located upstream in the
promoter region of the PNPLA2 gene (Sidak corrected P value = 0.00024) and DMR located in intron

1 of the MEF2A4 gene (Sidak corrected P value = 0.00027).

Interaction between a history of depression and an inflammatory disorder on depression-associated
DMRs

To explore the role of epigenetic variation in modifying the association between depression and
chronic inflammatory disorders we tested for statistical interactions between a self-reported history of
depression and history of an inflammatory disorder on DNA methylation at depression-associated
DMPs and DMRs. We observed a significant interaction (P < 0.05) between history of depression and
a history of inflammation on DNA methylation at six of the top-ten depression-associated DMPs. We
also observed a significant interaction between a history of depression and a history of an
inflammatory disorder on DNA methylation at more than one probe in depression-associated DMRs,

LTB4R2 and MEF2A (Table 2).

Individuals with a self-reported history of depression have higher polygenic burden for the depression
To test whether individuals with a self-reported history of depression had higher polygenic burden for
the depression, we generated a Polygenic Risk Scores (PRS) for depression in each sample using

findings from the most recent PGC GWAS meta-analysis of depression (7). Depression PRS scores



were significantly higher (P = 0.0018) in our history of depression cases compared with controls

(Supplementary Figure 4), highlighting the utility of this score.

Modules of co-methylated loci are associated with a history of depression and markers of
inflammation

We employed weighted gene co-methylation network analysis (WGCNA) (29) to undertake a
systems-level approach to identify networks of co-methylated positions associated with a history of
depression and to integrate our DNA methylation data with available genetic data and known
biomarkers of inflammation, TL and IL-6. WGCNA identified 20 modules comprising co-methylated
loci. The module eigengene (ME) was used to assess the association between DNA methylation
modules and history of depression, identifying two co-methylation modules that were nominally
significantly associated with a history of depression, of which only one module (Turquoise, P = 0.04)
remained significant after controlling for confounders. Interestingly we observed an interaction
between the history of depression and history of an inflammatory disorder (interaction P = 0.03), with
the ‘turquoise’ ME differing between individuals with both a history of depression and a history of
inflammatory disorder compared to a history of depression only (Figure 4). This co-methylation
module was also associated with both TL and IL-6 serum levels (Figure 4C and 4D) but not PRS
score for depression. To further facilitate biological interpretation of this depression-associated co-
methylation module we performed gene ontology enrichment analysis on genes annotated to probes in
the module using a logistic regression method finding that the ‘turquoise’ module is highly enriched
for pathways related to immune function (see Table S2 for details). These analyses implicate a role
for co-ordinated changes in DNA methylation at immune-related loci in individuals with a history of

depression.

Discussion
Although a number of studies have previously examined DNA methylation differences in peripheral
tissue associated with both depression (8, 9, 30, 31) and inflammatory conditions (11, 12), this

represents the first study exploring overlaps in patterns of epigenetic variation associated with a



history of depression, a history of an inflammatory disorder and measures of inflammation markers,

telomere length and IL-6.

Given that much attention has been given to the potential role of the immune system in
pathophysiology of major depression (32), we first examined the association between a history of
depression, predicted immune cell composition and IL-6 levels. Interestingly, individuals with a
history of depression and a history of an inflammatory disorder had significantly higher CD4+ T cells
and reduced levels of plasma blast cells, memory and effector T cells and granulocytes compared to
the other 3 groups. In contrast, the depression only group did not differ significantly from the other
groups. Suggesting that individuals with both a history of depression and a history of an inflammatory
disorder have distinct immune profiles (e.g. Th1/Th2 cell activation) compared to individuals with a
history of either depression or an inflammatory condition alone. Of note, T cells may play an
important neuroprotective role in the context of stress and inflammation (32-34). Previously, it has
been shown that depressed individuals have increased levels of the pro-inflammatory cytokine, 1L-6,
although both positive and negative results have been reported in individual studies (19). In the
current study, we did not observe increased serum IL-6 levels between groups (P = 0.848), or between
individuals with and without a history of depression (P = 0.583). Many clinical variables (e.g.
medication use, infection and current depressive symptoms) may have affected the relationship

between IL-6 levels and depression in our study.

Next, we examined site-specific genome-wide patterns of DNA methylation in depression cases
compared to controls. While no DMP reached experiment-wide significance, several DMPs identified
have been previously implicated in depression. Most notably, the top-ranked DMP (cg141959258) is
in intron 4 of the RBFOX3 gene, which was recently implicated in a large-scale depression GWAS
meta-analysis (7). Pathway analysis implicated RBFOX1, RBFOX2 and RBFOX3 regulatory networks
in depression (7) and mutations in RBFOX3 have been previously linked to sleep latency (35) — a
known risk factor for depression (36). RBFOX3 belongs to the Fox-1 family of genes and shows high
homology to RBFOXI and RBFOX2, and codes for the neuronal nuclei protein (37). The Fox proteins

are a highly conserved family of tissue-specific splicing regulators and RBFOX3 is thought to have a



role in neuron-specific alternative splicing (35). Moreover, this gene has been previously shown to be
differentially methylated in twins discordant for adolescent depression (9). Taken together our data

supports the role for the RBFOX3 gene in depression.

To increase the power of our study to identify regionally-coordinated changes in DNA methylation
between cases and controls we employed comb-p to identify differentially methylated regions. Our
analysis identified 6 DMRs; 2 DMRs are associated with genes previously implicated in mental
illness. The DNAJCI7 gene is a negative regulator of transcription from RNA polymerase II
promoter and has been previously associated with autism in a small study (38). The MEF2A4 gene
encodes a transcription factor and plays a key role in skeletal, cardiac, smooth muscle and neuronal
cell differentiation (39). Genetic variation in MEF24 has been previously associated with formal
thought disorder (40), a major feature of schizophrenia and other psychotic disorders, and
Alzheimer’s disease (39). The remaining 4 depression-associated DMRs are associated with immune-
related genes. The top-ranked DMR, spanning 9 CpG sites, is located within a CpG island in exon 1
of the LTB4R2 gene and overlaps the 5’UTR of both the CIDEB and LTB4R genes. Both LTB4R and
LTB4R?2 are leukotriene B-4 receptors and are thought to play a role in inflammatory responses (41).
Of note, DNA methylation at this region showed a significant depression*inflammatory disorder
interaction. The HOXC4 gene, which is located on chromosome 12, encodes the Homeobox protein
HOX-C4. The homeobox genes encode a highly conserved family of transcription factors that play a
key role in morphogenesis in all multicellular organisms. HOXC4 has been shown to be an important
regulator of transcription in B cell differentiation (42). TRIM39-RPP21 is a protein-coding gene and
overlaps the third exon of TRIM39. TRIM39-RPP21 encodes a putative PKGI-interactor that is a
novel variant of TRIM39 (43). TRIM39-RPP21 regulates the type I interferon pathway and is thus
important in regulation of viral immunity (44). The TRIM39-RPP21 —associated DMR identified in
this study is hypermethylated in depression cases compared with controls. Of interest, this DMR
overlaps a previously reported larger inflammatory bowel disease (IBD)-associated DMR (11), which
is differentially methylated in IBD cases compared to controls. We observed no evidence of a

depression*inflammatory disorder interaction at this DMR, suggesting that DNA methylation at this



locus is independently associated with a history of depression. PNPLA2 encodes the adipose
triglyceride lipase and mutations in this gene have been implicated in neutral lipid storage disease,
which is marked by triglyceride-containing droplets in the cytoplasm of neutrophils (45). Taken
together our results provide evidence for a potential role for epigenetic-dysregulation of immune-

related genes in depression.

Next, we used WGCNA analysis to identify networks of co-methylated modules associated with a
history of depression, depression PRS, TL and serum IL-6 levels. Our analysis identified one
depression-associated module (‘Turquoise module’), which remained nominally significant after
controlling for confounders (P = 0.04). Interestingly, we also observed a history of depression*history
of an inflammatory disorder interaction (interaction P = 0.03), where the Turquoise ME differs
between individuals with both a history of depression and a history of inflammatory disorder
compared to a history of depression only. This supports the hypothesis that individuals with a history
of both depression and inflammatory disorders have distinct epigenetic signatures compared to those
with a history of depression alone. Moreover, the ‘Turquoise’ co-methylation module was associated
with markers of inflammation, TL and IL-6 serum levels. This co-methylation module was not
associated with PRS for depression, suggesting that genetic risk for depression is not underlying the
observed changes in DNA methylation. Furthermore, this depression-associated co-methylation
module was highly enriched for pathways related to immune function. These analyses implicate a role
for co-ordinated changes in DNA methylation at immune-related loci, which are associated with a

history of depression, TL and IL-6 serum levels.

Despite the power of the methodological approaches used in this study, there are several limitations.
First, our analysis was based on a relatively small number of samples (n = 200); although we had 80%
power (see (46) for details) to detect DNA methylation difference > ~10% between cases and
controls, we are relatively underpowered to detect smaller changes (< 10%) in DNA methylation
which are frequently observed in DNA methylation studies of complex diseases, including depression.

Second, in this study we used DNA derived from whole blood and cellular heterogeneity is a



potentially important confounder in DNA methylation studies (47-49). However, we used a
previously reported in silico method to estimate the blood cell composition in each sample and
included these estimates in our statistical models. Third, we used a measure of self-reported history of
depression in our study. Previous studies have shown the utility of using a self-reported measure of
depression in genetic studies. For example, the recent depression GWAS showed that common-
variant genetic architecture of self-reported depression strongly overlapped with that of current
depressive symptoms (7). Moreover, our depression cases showed higher PRS for depression than
controls and have shortened telomere length, which provides further evidence of the self-reported
measure of depression in our study. Anti-depressant medication is often a confounder in many DNA
methylation studies of depression, in this study ~50% of our depression cases were currently taking
anti-depressants, thus we could control for current anti-depressant use in our study. Moreover, there
were more females than males in our depression cases. This is likely due to the high prevalence of
depression observed in females compared to males (50). In this study controls and cases were
matched for gender. Finally, although our study presents evidence for novel DNA methylation
changes at immune-related loci associated with depression, further replication using a larger sample
size is required to support these results. In addition, future studies could also examine the

transcriptional consequences of the observed DNA methylation changes.

Conclusion

In summary, genome-wide DNA methylation analysis in individuals with and without a self-reported
history of depression has identified several candidate DMRs of potential relevance to the pathogenesis

of depression and its associated immune-dysfunction phenotype.

Materials and Methods

Samples

DNA samples, extracted using standard protocols from whole blood (n=200), and serum samples were
provided by the Royal Devon and Exeter (RDE) Tissue Bank, part of the NIHR Exeter Clinical

Research Facility. Samples selected for this study included: a) 50 individuals with a self-reported



history of depression (individuals answering yes to the question ‘Has a doctor ever diagnosed you
with depression requiring regular medical treatment?’ and a self-reported history of a chronic
inflammatory condition (individuals answering yes to the questions ‘Has a doctor ever diagnosed you
with 1) Irritable bowel/Ulcerative Colitis/Crohns/Diverticulitis or 2) Rheumatoid Arthritis/Lupus), b)
50 individuals with a self-reported history of depression but no history of an inflammatory condition,
¢) 50 individuals with a self-reported history of a chronic inflammatory condition but no self-reported
history of depression or diagnosed mental health problem and d) 50 healthy controls. Groups were
matched for gender, age and body mass index (BMI) (see Table S3 for further details). All samples
included in this study were of white ethnicity. This study was approved by the University of Exeter

Medical School Research Ethics Board (REB).

Telomere length measurements

Quantitative real-time PCR (QRT-PCR) was used to measure telomere length (TL) as described
previously (51) by determining the ratio of telomere repeat copy number to single-copy gene copy
number (T/S ratio) per diploid genome in each of the DNA samples included in this study. A
difference in TL between individuals with a self-reported history of depression and individuals
without a history of depression was assessed using logistic regression, controlling for a history of an
inflammatory condition and potential confounders (i.e. age, gender and estimated blood cell

composition).

Serum interleukin-6 measurements

Serum was separated from whole blood by centrifugation at 2500g for 10 minutes at 4°C. Serum was
collected using a transfer pipette and stored long-term at -80°C. The Meso Scale V-plex plus Human
IL-6 kit (Meso Scale Diagnostics, Rockville, Maryland, USA), a highly sensitive multiplex enzyme-
linked immunosorbent assay (ELISA), was used to quantify serum levels of IL-6 at the Immunoassay
Biomarker Core Laboratory, University of Dundee. The lower limit of detection for these assays was
0.06pg/ml. All samples were assayed in duplicate and the coefficients of variation for these assays

were <30%. After quality control, we obtained serum IL-6 measurements for 171 samples.



Methylomic Profiling

Genomic DNA (500ng) was treated with sodium bisulfite using the Zymo Gold-kit and DNA
methylation levels quantified using the Illumina Infinium HumanMethylation450 BeadChip
(“Illumina 450K array”) array. The methylumi package (52) was used to extract signal intensities for
each CpG probe and perform initial quality control with data normalisation and pre-processing using
the WateRmelon package (53). Additional quality control (QC) (age checks, data quality checks) were

performed using the online epigenetic clock calculator

(http://labs.genetics.ucla.edu/horvath/dnamage/) (22). Non-specific probes on the Illumina 450K array
were removed (54). Seven out of 200 samples did not pass initial stringent quality control checks
(samples having 1% of sites with a detection p-value >0.01 and/or bisulfite metric <80%) and were
excluded. In total, 750 CpG probes with a bead count < 3 in 5% of samples and a further 1969 CpG
probes with a detection p-value >0.05 in 1% of samples were removed. Quantile normalisation of raw
B was performed using DASEN (for further details see (53)). The final analyses included 430,574
probes, and 194 samples. Raw Illumina 450K array data is deposited in the Gene Expression Omnibus

(GEO) database (accession number: GSE113725).

Estimating DNAmAge and differential blood cell counts

Using the online epigenetic clock calculator (http://labs.genetics.ucla.edu/horvath/dnamage/) (55), we

obtained DNA methylation age (DNAm Age) estimates, derived cell-type proportion estimates, and
age acceleration estimates (the residuals from a linear regression of DNAm Age on chronological age)
for each sample. A student’s t-test was used to examine the difference in DNAm Age acceleration and
a history of depression. Pearson’s correlation was used to examine the correlation between DNAmM

Age acceleration and telomere length.

Data analyses of genome-wide DNA methylation
Statistical analyses were performed using R (version 3.2.1). The Beta value (p) is a ratio between
methylated probe intensity and total probe intensities (sum of methylated and unmethylated probe

intensities) and ranges from O to 1. Linear regression was used to examine differences in DNA


http://labs.genetics.ucla.edu/horvath/dnamage/
http://labs.genetics.ucla.edu/horvath/dnamage/

methylation scores (reported as change in Beta value (AP)) between individuals with a self-reported
history of depression and individuals without a history of depression at each CpG site, controlling for
potential confounders (history of an inflammatory disorder, age, gender, anti-depressant use, chip and

estimated blood cell composition).

To identify differentially methylated regions (DMRs) in our data we used the Python module Comb-p
(28) that groups spatially correlated DMPs (seed P value < 1 x10 minimum of 3 probes) at a
maximum distance of 500 bp. DMR P values were corrected for multiple testing using Sidak

correction (56).

Genotyping and MDD polygenic risk scoring

Genomic DNA was genotyped using the Infinium® Global Screening Array-24 v1.0 (Illumina),
according to manufacturer’s instructions. PLINK (57) was used to remove samples with a call rate <
0.975 and filter variants with a call rate < 0.975, Hardy-Weinberg equilibrium P <0.0001 or minor
allele frequency of < 1%. Samples were filtered to European Ancestry only. Polygenic Risk Scores
(PRS) were calculated using the P-values and log odds ratios from the most recent genome-wide
association study (GWAS) from the PGC MDD working group (7), without external meta-analysis
study 23andMe. PRS were constructed from summary statistics of imputed single-nucleotide
polymorphisms (SNPs) from the 29 PGC depression studies analysed with external meta-analysis
studies (excluding 23andMe) (Cases (n=84,891), Controls (n=224,116)). Linkage disequilibrium (LD)
clumping was performed using default settings in PRSice, to retain the strongest signals for
association. Standard thresholds for significance (P value threshold (Pr) 5x10%, 1x10¢, 1x10*, 0.001,
0.01, 0.05, 0.1, 0.2, 0.5, 1.0) were used, and the most predictive Pt threshold (Pt < 0.5) for our cohort,
as applied in PRSice (Euesden et al., 2015), was assessed (see Supplemental Figure 5). A
depression PRS (Pr < 0.5) was constructed in 173 individuals with genotyping data available from the

EXETER 10000 epidemiological cohort using PRSice. The number of genetic variants included for



the depression PRS was 56,411. Logistic regression, with two ancestry-information dimensions as

covariates, was used to test for a difference in PRSmean between MDD cases and controls.

Weighted gene co-methylation network analysis (WGCNA)

Network analysis was performed on normalised betas values using WGCNA (29). Pair-wise
correlations were used to identify modules of highly co-methylated probes, independent of disease
status as described previously (58). Briefly, an unsigned network was created using the
blockwiseModules function based on a block size of 5,000 and using a soft threshold parameter of 6.
Each module was then labelled with a unique colour identifier and the module eigengene (ME) for
each module (a weighted average methylation profile) was calculated based on the first principal
component (PC) of the methylation matrix. To identify modules associated with a history of
depression, a t-test was used to compare mean ME values between cases (individuals with a history of
depression) and controls (individuals with no history of depression). Pearson’s correlation coefficients
were used to examine the association between ME values and continuous variables (telomere length,
natural log of IL-6, cell types, age, and depression PRS). Linear regression was used to examine the
association of two depression-associated co-methylation modules while controlling for known
confounders. Next, gene ontology enrichment analysis implementing a previously described logistic
regression approach (59) was used to test if genes (Illumina UCSC gene annotation) annotated to
probes (n=18180) in the depression-associated module predicted pathway membership, while
controlling for the number of probes annotated to each gene. Briefly, pathways were downloaded

from the Gene Ontology (GO) website (http://geneontology.org/) and genes with at least one Illumina

probe annotated to it and which mapped to at least one GO pathway were included. Pathways were
filtered to those containing between 10 and 2000 genes and a list of significant pathways (P < 0.05)
was identified as described previously (59).
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Figure legends

Figure 1. A self-reported history of depression is associated with shortened telomere length but
not DNA methylation age acceleration. (A) A self-reported history of depression is associated with
shortened telomere length (TL) (P = 0.013), TL was measured by determining the ratio of telomere
repeat copy number to single-copy gene copy number (T/S ratio) per diploid genome in study
samples. (B) A self-reported history of depression was not associated with DNA methylation age
acceleration. (C) We observed no correlation between TL and DNA methylation age acceleration in

our study.

Figure 2. DNA hypomethylation of DMR in exon 1 of the LTB4R2 gene. (A) Idiogram of
chromosome 14 with genomic coordinates of DMR illustrated. The DMR—spanning 9 CpG sites—
overlaps a CpG island (shown in blue). (B) LTB4R2-associated DMR is hypomethylated across all 9

CpG sites in depression cases compared with controls.

Figure 3. DNA hypermethylation of DMR located in intron 1 of the HOXC4 gene. (A) Idiogram
of chromosome 12 with genomic coordinates of DMR illustrated. (B) HOXC4-associated DMR is

hypermethylated across all 5 CpG sites in depression cases compared with controls.

Figure 4. Boxplots and scatterplots of Module Eigengene (ME) against (A) diagnosis (control versus
depression), (B) group (Depression (Dep), history of depression and inflammatory disorder only
(Deplnflam), history of inflammatory disorder only (Inflam), healthy control (Control), (C) Telomere

length and (D) natural log of IL-6 serum levels.






Tables

Table 1. Comb-p differentially methylated regional analysis

Probe IDs

Hg19

Annotated Gene (UCSC)

No. of Probes

SIk P value

SIk sidak P value

cg12853742, cg20007021,
cg21886367, cg26310551,
cg25576711, cgl0193721,
cg06796435, cg06823034

cg15244786, cg22370252,
€g26201952, cg27138204,
cg05992786

cg04425551, cg07905808,
cgl13079571,cg11327408,
cgl7080697, cg09020199

cgl7113968, ¢g22079077,
cgl6764778

224427660, cg18313182,
222016649, cg14522803,
206196145

cg01229787, cg16214653,
cg25885684

chr14:24780404-24780891

chr12:54446100-54446309

chr6:30297257-30297390

chr15:41061384-41061528

chr11:818752-818918

chr15:100048371-100048501

LTB4R2; CIDEB; LTB4R

HOXC4

TRIM39; TRIM39-RPP21

DNAJC17

PNPLA2

MEF24

3

1.27E-17

5.88E-13

4.87E-08

7.84E-08

9.32E-08

8.10E-08

1.12E-14

1.21E-09

0.0001576

0.0002344

0.0002416

0.0002683

Stouffer—Liptak—Kechris correction (slk); one-step Sidak (1967) multiple-testing correction. University of California, Santa Cruz Human Genome Browser (UCSC)



Table 2. Differentially Methylated regions associated with a History of Depression

DMR Probe ID Mean AB P value Interaction P value

LTB4R2
cgl2853742 -0.04194 0.0001 0.0195
cg25576711 -0.06655 0.0004 0.0235
cg26310551 -0.10142 0.0004 0.0349
cg06823034 -0.08362 0.0006 0.0433
cg20007021 -0.11113 0.0006 0.0400
cg21886367 -0.04719 0.0009 0.0127
cg06796435 -0.07357 0.0009 0.0311
cgl5364618 -0.07088 0.0010 0.0572
cgl0193721 -0.07892 0.0011 0.0402

HOXC4
cg15244786 0.08099 0.0000 0.1128
€g22370252 0.06029 0.0001 0.1007
cg26201952 0.04552 0.0002 0.0235
cg27138204 0.04620 0.0005 0.0855
cg05992786 0.04530 0.0032 0.6545

TRIM39
cg04425551 0.01938 0.0015 0.3644
cg07905808 0.01936 0.0029 0.3694
cgl3079571 0.02125 0.0054 0.4970
cgl1327408 0.01720 0.0063 0.6202
cgl7080697 0.01588 0.0137 0.9874
cg09020199 0.01379 0.0435 0.9476

DNAJC17

cgl7113968 0.02027 0.0004 0.1187
cg22079077 0.01806 0.0004 0.2361



cgl6764778 0.01619 0.0024 0.3670

PNPLA2
cg24427660 0.01786 0.0014 0.2711
cgl8313182 0.01371 0.0015 0.0779
cg22016649 0.01186 0.0022 0.4433
cgl4522803 0.01210 0.0188 0.2174
cg06196145 0.01298 0.0253 0.0557
MEF2A
cg01229787 0.04985 0.0001 0.0375
cgl6214653 0.02818 0.0012 0.0296
cg25885684 0.04698 0.0023 0.0602

DMR, differentially methylated region, Mean AP; difference between individuals with a history of depression compared
to those without, Interaction P value; P value of interaction between a history of depression and a history of
inflammation, Hgl19; Human Genome version 19, GREAT, Genomic Regions Enrichment of Annotations Tool, TSS,
transcription start site
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	Abstract
	Depression is a common and disabling disorder, representing a major social and economic health issue. Moreover, depression is associated with the progression of diseases with an inflammatory etiology including many inflammatory-related disorders. At the molecular level, the mechanisms by which depression might promote the onset of these diseases and associated immune-dysfunction are not well understood. In this study we assessed genome-wide patterns of DNA methylation in whole blood-derived DNA obtained from individuals with a self-reported history of depression (n=100) and individuals without a history of depression (n=100) using the Illumina 450K microarray. Our analysis identified 6 significant (Sidak corrected P < 0.05) depression-associated differentially methylated regions (DMRs); the top-ranked DMR was located in exon 1 of the LTB4R2 gene (Sidak corrected P = 1.27 x 10-14). Polygenic risk scores (PRS) for depression were generated and known biological markers of inflammation, telomere length (TL) and IL-6, were measured in DNA and serum samples respectively. Next, we employed a systems-level approach to identify networks of co-methylated loci associated with a history of depression, in addition to depression PRS, TL and IL-6 levels. Our analysis identified one depression-associated co-methylation module (P = 0.04). Interestingly, the depression-associated module was highly enriched for pathways related to immune function and was also associated with TL and IL-6 cytokine levels. In summary, our genome-wide DNA methylation analysis of individuals with and without a self-reported history of depression identified several candidate DMRs of potential relevance to the pathogenesis of depression and its associated immune-dysfunction phenotype.
	Introduction
	An estimated 300 million people are affected by depression worldwide (1), representing a major social and economic health burden. Depression is associated with a reduced life expectancy and predicts the incidence and progression of diseases associated with an inflammatory etiology such as cardiovascular disease and many autoimmune disorders (2). Emerging data suggests that depression is associated with a low grade, chronic inflammatory response including an increase in inflammatory mediators such as cytokines and chemokines (3). Moreover, depression is associated with telomere shortening (4, 5), a marker of biological aging which is thought to be influenced by inflammation and cellular stress (6). The most recent genome-wide association study (GWAS) meta-analysis of depression by the Psychiatric Genomics Consortium (PGC), which identified 44 robust depression-associated loci, strongly implicated immune-related genes (e.g. LRFN5) and biological pathways associated with cytokine and immune responses in the etiology of depression (7). Although these epidemiological data suggest a link between depression and inflammation, the mechanisms by which depression might promote these diseases and associated immune-dysfunction at a molecular level are not well understood. 
	Epigenetic processes—which act to developmentally regulate gene expression via modifications to DNA, histone proteins and chromatin, independently of DNA sequence variation —have been implicated in the etiology of both depression  (8-10) and inflammatory-related diseases (11, 12). DNA methylation, the most widely studied epigenetic mark, can be influenced by environmental factors (e.g. smoking (13)) and stressful exposures (e.g. childhood adversity (14)) that are associated with both depression (2, 15) and inflammatory diseases (15, 16).  It is therefore plausible that epigenetic dysregulation of immune-related genes may contribute to the immune-dysfunction phenotype associated with depression. 
	In this study, we quantified genome-wide patterns of DNA methylation in whole blood-derived DNA obtained from individuals with a self-reported history of depression (n=100) and individuals without a history of depression (n=100). The study was designed to ensure that fifty percent of cases and controls also had a self-reported history of an inflammatory disorder. We further integrated our epigenetic analysis with genetic data and known biological markers of inflammation, including telomere length (TL) and serum interleukin 6 levels (IL-6) (17, 18). We identify evidence for altered DNA methylation at multiple immune-related loci in individuals with a history of depression, with depression-associated co-methylation modules also correlated with TL and IL-6.
	Results
	Examining the association between a history of depression, immune cells and IL-6 
	Given the postulated role of immune-dysfunction in depression, we first examined differences in predicted immune cell composition between our self-reported history of depression cases and controls. Individuals with a history of depression show significantly increased CD4+ T cells (P = 0.036) and reduced levels of plasma blast cells (P = 0.024), granulocytes (P = 0.036) and memory and effector T cells (CD8pCD28nCD45RAn) (P = 0.02). Interestingly, when we stratified the depression individuals by a history of inflammation, individuals with a history of depression and a history of an inflammatory disorder had significantly higher CD4+ T cells and reduced levels of plasma blast cells, memory and effector T cells and granulocytes compared to the other 3 groups (see Supplementary Figure 1). In contrast, the depression only group did not differ significantly from the other groups, suggesting that individuals with both a history of depression and a history of an inflammatory disorder have distinct immune profiles (e.g. Th1/Th2 cell activation) compared to individuals with a history of either depression or an inflammatory condition alone. Previously, it has been shown that individuals with depression have increased levels of the pro-inflammatory cytokine, IL-6 (19). We did not observe increased serum IL-6 levels in our study between groups (P = 0.848), or between individuals with and without a history of depression (P = 0.583).
	Individuals with a history of depression show evidence of shortened telomeres but not DNA methylation age acceleration
	Telomere length has been widely implicated as a marker of biological age (6), and is influenced by genetic and epigenetic regulation, as well as by inflammation and cellular stress (20). Furthermore, shorter telomeres are robustly associated with depression (21). We examined differences in TL between individuals with and without a self-reported history of depression using logistic regression analysis, while controlling for a history of an inflammatory condition and potential confounders (age, sex and estimated blood cell composition). A self-reported history of depression was significantly associated with shortened TL after controlling for confounders (P = 0.013, see Figure 1A). Another hypothesized proxy of biological age is the epigenetic clock (22), with elevated DNA methylation age (DNAm Age) also linked to depression (23).  Although we found a large and highly significant positive correlation between chronological age and DNAm Age calculated using an epigenetic clock based on DNA methylation values (22) (Pearson’s r = 0.89, P < 2.2e-16 (Supplementary Figure 2), we found no evidence for accelerated ‘epigenetic aging’ among individuals with depression (P = 0.67; Figure 1B). As reported previously (24-26) we found no correlation between DNAm Age acceleration and TL (Pearson’s r = -0.004, P = 0.95; Figure 1C). Taken together, these results indicate that a history of depression is associated with shortened TL but is not associated with DNAm Age acceleration in this study. 
	Methylomic differences between individuals with a history of depression and controls – differentially methylated positions and regions
	An overview of the methodological approach used in this study is given in Supplementary Figure 3. First, we assessed genome-wide patterns of DNA methylation in individuals with a self-reported history of depression (cases) compared with controls using linear regression, controlling for potential confounders (see Methods). Although no differentially methylated positions (DMP) were identified at a stringent experiment-wide significance threshold (P < 1.66 x 10-7) estimated from permutation analysis in a large dataset generated previously by our group (27), several DMPs showed evidence for association at a more relaxed ‘discovery’ threshold (P < 2x10-05). The 10 top-ranked DMPs between cases and controls are listed in Table S1; of note these include probes annotated to a number of loci previously implicated in neuropsychiatric phenotypes. Most notably, the top-ranked DMP (cg141959258) is located in intron 4 of the RNA-binding protein fox-1 homolog 3 gene (RBFOX3) gene (also known as HRNBP3), which is implicated in the largest depression GWAS meta-analysis to date (7).
	We next used Comb-p (28) to identify DMRs associated with a history of depression. Our analysis identified six significant (Sidak corrected P value < 0.05) DMRs (Table 1); the top-ranked DMR (spanning 9 CpG sites) is located in the promoter region of the LTB4R gene (Sidak corrected P value = 1.27 x 10-14). The LTB4R2-associated DMR is hypomethylated across all CpG sites in depression cases compared to controls (Figure 2). The second ranked DMR is located in intron 1 of the HOXC4 gene (Sidak corrected P value = 1.21 x 10-9). The HOXC4-associated DMR is hypermethylated across all CpG sites in cases compared to controls (Figure 3). In addition, we identified a DMR located in the third exon of the TRIM39 gene (Sidak corrected P value = 0.00016); a DMR located upstream in intron 10 of the DNAJC17 gene (Sidak corrected P value = 0.00023); a DMR located upstream in the promoter region of the PNPLA2 gene (Sidak corrected P value = 0.00024) and DMR located in intron 1 of the MEF2A gene (Sidak corrected P value = 0.00027).
	Interaction between a history of depression and an inflammatory disorder on depression-associated DMRs
	To explore the role of epigenetic variation in modifying the association between depression and chronic inflammatory disorders we tested for statistical interactions between a self-reported history of depression and history of an inflammatory disorder on DNA methylation at depression-associated DMPs and DMRs. We observed a significant interaction (P < 0.05) between history of depression and a history of inflammation on DNA methylation at six of the top-ten depression-associated DMPs. We also observed a significant interaction between a history of depression and a history of an inflammatory disorder on DNA methylation at more than one probe in depression-associated DMRs, LTB4R2 and MEF2A (Table 2). 
	Individuals with a self-reported history of depression have higher polygenic burden for the depression
	To test whether individuals with a self-reported history of depression had higher polygenic burden for the depression, we generated a Polygenic Risk Scores (PRS) for depression in each sample using findings from the most recent PGC GWAS meta-analysis of depression (7). Depression PRS scores were significantly higher (P = 0.0018) in our history of depression cases compared with controls (Supplementary Figure 4), highlighting the utility of this score.
	Modules of co-methylated loci are associated with a history of depression and markers of inflammation
	We employed weighted gene co-methylation network analysis (WGCNA) (29) to undertake a systems-level approach to identify networks of co-methylated positions associated with a history of depression and to integrate our DNA methylation data with available genetic data and known biomarkers of inflammation, TL and IL-6. WGCNA identified 20 modules comprising co-methylated loci. The module eigengene (ME) was used to assess the association between DNA methylation modules and history of depression, identifying two co-methylation modules that were nominally significantly associated with a history of depression, of which only one module (Turquoise, P = 0.04) remained significant after controlling for confounders. Interestingly we observed an interaction between the history of depression and history of an inflammatory disorder (interaction P = 0.03), with the ‘turquoise’ ME differing between individuals with both a history of depression and a history of inflammatory disorder compared to a history of depression only (Figure 4). This co-methylation module was also associated with both TL and IL-6 serum levels (Figure 4C and 4D) but not PRS score for depression. To further facilitate biological interpretation of this depression-associated co-methylation module we performed gene ontology enrichment analysis on genes annotated to probes in the module using a logistic regression method finding that the ‘turquoise’ module is highly enriched for pathways related to immune function (see Table S2 for details). These analyses implicate a role for co-ordinated changes in DNA methylation at immune-related loci in individuals with a history of depression. 
	Discussion
	Although a number of studies have previously examined DNA methylation differences in peripheral tissue associated with both depression (8, 9, 30, 31) and inflammatory conditions (11, 12), this represents the first study exploring overlaps in patterns of epigenetic variation associated with a history of depression, a history of an inflammatory disorder and measures of inflammation markers, telomere length and IL-6. 
	Given that much attention has been given to the potential role of the immune system in pathophysiology of major depression (32), we first examined the association between a history of depression, predicted immune cell composition and IL-6 levels. Interestingly, individuals with a history of depression and a history of an inflammatory disorder had significantly higher CD4+ T cells and reduced levels of plasma blast cells, memory and effector T cells and granulocytes compared to the other 3 groups. In contrast, the depression only group did not differ significantly from the other groups. Suggesting that individuals with both a history of depression and a history of an inflammatory disorder have distinct immune profiles (e.g. Th1/Th2 cell activation) compared to individuals with a history of either depression or an inflammatory condition alone. Of note, T cells may play an important neuroprotective role in the context of stress and inflammation (32-34). Previously, it has been shown that depressed individuals have increased levels of the pro-inflammatory cytokine, IL-6, although both positive and negative results have been reported in individual studies (19). In the current study, we did not observe increased serum IL-6 levels between groups (P = 0.848), or between individuals with and without a history of depression (P = 0.583). Many clinical variables (e.g. medication use, infection and current depressive symptoms) may have affected the relationship between IL-6 levels and depression in our study. 
	Next, we examined site-specific genome-wide patterns of DNA methylation in depression cases compared to controls. While no DMP reached experiment-wide significance, several DMPs identified have been previously implicated in depression. Most notably, the top-ranked DMP (cg141959258) is in intron 4 of the RBFOX3 gene, which was recently implicated in a large-scale depression GWAS meta-analysis (7). Pathway analysis implicated RBFOX1, RBFOX2 and RBFOX3 regulatory networks in depression (7) and mutations in RBFOX3 have been previously linked to sleep latency (35) – a known risk factor for depression (36). RBFOX3 belongs to the Fox-1 family of genes and shows high homology to RBFOX1 and RBFOX2, and codes for the neuronal nuclei protein (37). The Fox proteins are a highly conserved family of tissue-specific splicing regulators and RBFOX3 is thought to have a role in neuron-specific alternative splicing (35). Moreover, this gene has been previously shown to be differentially methylated in twins discordant for adolescent depression (9). Taken together our data supports the role for the RBFOX3 gene in depression. 
	To increase the power of our study to identify regionally-coordinated changes in DNA methylation between cases and controls we employed comb-p to identify differentially methylated regions. Our analysis identified 6 DMRs; 2 DMRs are associated with genes previously implicated in mental illness.  The DNAJC17 gene is a negative regulator of transcription from RNA polymerase II promoter and has been previously associated with autism in a small study (38). The MEF2A gene encodes a transcription factor and plays a key role in skeletal, cardiac, smooth muscle and neuronal cell differentiation (39). Genetic variation in MEF2A has been previously associated with formal thought disorder (40), a major feature of schizophrenia and other psychotic disorders, and Alzheimer’s disease (39). The remaining 4 depression-associated DMRs are associated with immune-related genes. The top-ranked DMR, spanning 9 CpG sites, is located within a CpG island in exon 1 of the LTB4R2 gene and overlaps the 5’UTR of both the CIDEB and LTB4R genes. Both LTB4R and LTB4R2 are leukotriene B-4 receptors and are thought to play a role in inflammatory responses (41). Of note, DNA methylation at this region showed a significant depression*inflammatory disorder interaction. The HOXC4 gene, which is located on chromosome 12, encodes the Homeobox protein HOX-C4. The homeobox genes encode a highly conserved family of transcription factors that play a key role in morphogenesis in all multicellular organisms. HOXC4 has been shown to be an important regulator of transcription in B cell differentiation (42). TRIM39-RPP21 is a protein-coding gene and overlaps the third exon of TRIM39. TRIM39-RPP21 encodes a putative PKGI-interactor that is a novel variant of TRIM39 (43). TRIM39-RPP21 regulates the type I interferon pathway and is thus important in regulation of viral immunity (44). The TRIM39-RPP21 –associated DMR identified in this study is hypermethylated in depression cases compared with controls. Of interest, this DMR overlaps a previously reported larger inflammatory bowel disease (IBD)-associated DMR (11), which is differentially methylated in IBD cases compared to controls. We observed no evidence of a depression*inflammatory disorder interaction at this DMR, suggesting that DNA methylation at this locus is independently associated with a history of depression. PNPLA2 encodes the adipose triglyceride lipase and mutations in this gene have been implicated in neutral lipid storage disease, which is marked by triglyceride-containing droplets in the cytoplasm of neutrophils (45). Taken together our results provide evidence for a potential role for epigenetic-dysregulation of immune-related genes in depression.
	Next, we used WGCNA analysis to identify networks of co-methylated modules associated with a history of depression, depression PRS, TL and serum IL-6 levels. Our analysis identified one depression-associated module (‘Turquoise module’), which remained nominally significant after controlling for confounders (P = 0.04). Interestingly, we also observed a history of depression*history of an inflammatory disorder interaction (interaction P = 0.03), where the Turquoise ME differs between individuals with both a history of depression and a history of inflammatory disorder compared to a history of depression only. This supports the hypothesis that individuals with a history of both depression and inflammatory disorders have distinct epigenetic signatures compared to those with a history of depression alone. Moreover, the ‘Turquoise’ co-methylation module was associated with markers of inflammation, TL and IL-6 serum levels. This co-methylation module was not associated with PRS for depression, suggesting that genetic risk for depression is not underlying the observed changes in DNA methylation. Furthermore, this depression-associated co-methylation module was highly enriched for pathways related to immune function. These analyses implicate a role for co-ordinated changes in DNA methylation at immune-related loci, which are associated with a history of depression, TL and IL-6 serum levels.
	Despite the power of the methodological approaches used in this study, there are several limitations. First, our analysis was based on a relatively small number of samples (n = 200); although we had 80% power (see (46) for details) to detect DNA methylation difference > ~10% between cases and controls, we are relatively underpowered to detect smaller changes (< 10%) in DNA methylation which are frequently observed in DNA methylation studies of complex diseases, including depression. Second, in this study we used DNA derived from whole blood and cellular heterogeneity is a potentially important confounder in DNA methylation studies (47-49). However, we used a previously reported in silico method to estimate the blood cell composition in each sample and included these estimates in our statistical models. Third, we used a measure of self-reported history of depression in our study. Previous studies have shown the utility of using a self-reported measure of depression in genetic studies. For example, the recent depression GWAS showed that common-variant genetic architecture of self-reported depression strongly overlapped with that of current depressive symptoms (7). Moreover, our depression cases showed higher PRS for depression than controls and have shortened telomere length, which provides further evidence of the self-reported measure of depression in our study. Anti-depressant medication is often a confounder in many DNA methylation studies of depression, in this study ~50% of our depression cases were currently taking anti-depressants, thus we could control for current anti-depressant use in our study. Moreover, there were more females than males in our depression cases. This is likely due to the high prevalence of depression observed in females compared to males (50). In this study controls and cases were matched for gender. Finally, although our study presents evidence for novel DNA methylation changes at immune-related loci associated with depression, further replication using a larger sample size is required to support these results. In addition, future studies could also examine the transcriptional consequences of the observed DNA methylation changes. 
	Conclusion
	In summary, genome-wide DNA methylation analysis in individuals with and without a self-reported history of depression has identified several candidate DMRs of potential relevance to the pathogenesis of depression and its associated immune-dysfunction phenotype.
	Materials and Methods
	Samples
	DNA samples, extracted using standard protocols from whole blood (n=200), and serum samples were provided by the Royal Devon and Exeter (RDE) Tissue Bank, part of the NIHR Exeter Clinical Research Facility. Samples selected for this study included: a) 50 individuals with a self-reported history of depression (individuals answering yes to the question ‘Has a doctor ever diagnosed you with depression requiring regular medical treatment?’ and a self-reported history of a chronic inflammatory condition (individuals answering yes to the questions ‘Has a doctor ever diagnosed you with 1) Irritable bowel/Ulcerative Colitis/Crohns/Diverticulitis or 2) Rheumatoid Arthritis/Lupus), b) 50 individuals with a self-reported history of depression but no history of an inflammatory condition, c) 50 individuals with a self-reported history of a chronic inflammatory condition but no self-reported history of depression or diagnosed mental health problem and d) 50 healthy controls. Groups were matched for gender, age and body mass index (BMI) (see Table S3 for further details). All samples included in this study were of white ethnicity. This study was approved by the University of Exeter Medical School Research Ethics Board (REB). 
	Telomere length measurements
	Quantitative real-time PCR (QRT-PCR) was used to measure telomere length (TL) as described previously (51) by determining the ratio of telomere repeat copy number to single-copy gene copy number (T/S ratio) per diploid genome in each of the DNA samples included in this study. A difference in TL between individuals with a self-reported history of depression and individuals without a history of depression was assessed using logistic regression, controlling for a history of an inflammatory condition and potential confounders (i.e. age, gender and estimated blood cell composition).
	Serum interleukin-6 measurements
	Serum was separated from whole blood by centrifugation at 2500g for 10 minutes at 4°C. Serum was collected using a transfer pipette and stored long-term at -80°C. The Meso Scale V-plex plus Human IL-6 kit (Meso Scale Diagnostics, Rockville, Maryland, USA), a highly sensitive multiplex enzyme-linked immunosorbent assay (ELISA), was used to quantify serum levels of IL-6 at the Immunoassay Biomarker Core Laboratory, University of Dundee. The lower limit of detection for these assays was 0.06pg/ml. All samples were assayed in duplicate and the coefficients of variation for these assays were <30%. After quality control, we obtained serum IL-6 measurements for 171 samples.
	Methylomic Profiling
	Genomic DNA (500ng) was treated with sodium bisulfite using the Zymo Gold-kit and DNA methylation levels quantified using the Illumina Infinium HumanMethylation450 BeadChip (“Illumina 450K array”) array. The methylumi package (52) was used to extract signal intensities for each CpG probe and perform initial quality control with data normalisation and pre-processing using the WateRmelon package (53). Additional quality control (QC) (age checks, data quality checks) were performed using the online epigenetic clock calculator (http://labs.genetics.ucla.edu/horvath/dnamage/) (22). Non-specific probes on the Illumina 450K array were removed (54). Seven out of 200 samples did not pass initial stringent quality control checks (samples having 1% of sites with a detection p-value >0.01 and/or bisulfite metric <80%) and were excluded. In total, 750 CpG probes with a bead count < 3 in 5% of samples and a further 1969 CpG probes with a detection p-value >0.05 in 1% of samples were removed. Quantile normalisation of raw β was performed using DASEN (for further details see (53)). The final analyses included 430,574 probes, and 194 samples. Raw Illumina 450K array data is deposited in the Gene Expression Omnibus (GEO) database (accession number: GSE113725). 
	Estimating DNAmAge and differential blood cell counts
	Using the online epigenetic clock calculator (http://labs.genetics.ucla.edu/horvath/dnamage/) (55), we obtained DNA methylation age (DNAm Age) estimates, derived cell-type proportion estimates, and age acceleration estimates (the residuals from a linear regression of DNAm Age on chronological age) for each sample. A student’s t-test was used to examine the difference in DNAm Age acceleration and a history of depression.  Pearson’s correlation was used to examine the correlation between DNAm Age acceleration and telomere length.
	Data analyses of genome-wide DNA methylation
	Statistical analyses were performed using R (version 3.2.1). The Beta value (β) is a ratio between methylated probe intensity and total probe intensities (sum of methylated and unmethylated probe intensities) and ranges from 0 to 1. Linear regression was used to examine differences in DNA methylation scores (reported as change in Beta value (∆β)) between individuals with a self-reported history of depression and individuals without a history of depression at each CpG site, controlling for potential confounders (history of an inflammatory disorder, age, gender, anti-depressant use, chip and estimated blood cell composition).
	To identify differentially methylated regions (DMRs) in our data we used the Python module Comb-p (28) that groups spatially correlated DMPs (seed P value < 1 x10-03, minimum of 3 probes) at a maximum distance of 500 bp. DMR P values were corrected for multiple testing using Šidák correction (56). 
	Genotyping and MDD polygenic risk scoring
	Genomic DNA was genotyped using the Infinium® Global Screening Array-24 v1.0 (Illumina), according to manufacturer’s instructions. PLINK (57) was used to remove samples with a call rate < 0.975 and filter variants with a call rate < 0.975, Hardy-Weinberg equilibrium P < 0.0001 or minor allele frequency of < 1%. Samples were filtered to European Ancestry only. Polygenic Risk Scores (PRS) were calculated using the P-values and log odds ratios from the most recent genome-wide association study (GWAS) from the PGC MDD working group (7), without external meta-analysis study 23andMe. PRS were constructed from summary statistics of imputed single-nucleotide polymorphisms (SNPs) from the 29 PGC depression studies analysed with external meta-analysis studies (excluding 23andMe) (Cases (n=84,891), Controls (n=224,116)). Linkage disequilibrium (LD) clumping was performed using default settings in PRSice, to retain the strongest signals for association.  Standard thresholds for significance (P value threshold (PT) 5x10-8, 1x10-6, 1x10-4, 0.001, 0.01, 0.05, 0.1, 0.2, 0.5, 1.0) were used, and the most predictive PT threshold (PT < 0.5) for our cohort, as applied in PRSice (Euesden et al., 2015), was assessed (see Supplemental Figure 5).   A depression PRS (PT < 0.5) was constructed in 173 individuals with genotyping data available from the EXETER 10000 epidemiological cohort using PRSice. The number of genetic variants included for the depression PRS was 56,411. Logistic regression, with two ancestry-information dimensions as covariates, was used to test for a difference in PRSmean between MDD cases and controls. 
	Weighted gene co-methylation network analysis (WGCNA)
	Network analysis was performed on normalised betas values using WGCNA (29). Pair-wise correlations were used to identify modules of highly co-methylated probes, independent of disease status as described previously (58). Briefly, an unsigned network was created using the blockwiseModules function based on a block size of 5,000 and using a soft threshold parameter of 6. Each module was then labelled with a unique colour identifier and the module eigengene (ME) for each module (a weighted average methylation profile) was calculated based on the first principal component (PC) of the methylation matrix. To identify modules associated with a history of depression, a t-test was used to compare mean ME values between cases (individuals with a history of depression) and controls (individuals with no history of depression). Pearson’s correlation coefficients were used to examine the association between ME values and continuous variables (telomere length, natural log of IL-6, cell types, age, and depression PRS). Linear regression was used to examine the association of  two depression-associated co-methylation modules while controlling for known confounders. Next, gene ontology enrichment analysis implementing a previously described logistic regression approach (59) was used to test if genes (Illumina UCSC gene annotation) annotated to probes (n=18180) in the depression-associated module predicted pathway membership, while controlling for the number of probes annotated to each gene. Briefly, pathways were downloaded from the Gene Ontology (GO) website (http://geneontology.org/) and genes with at least one Illumina probe annotated to it and which mapped to at least one GO pathway were included. Pathways were filtered to those containing between 10 and 2000 genes and a list of significant pathways (P < 0.05) was identified as described previously (59). 
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	Figure 1. A self-reported history of depression is associated with shortened telomere length but not DNA methylation age acceleration. (A) A self-reported history of depression is associated with shortened telomere length (TL) (P = 0.013), TL was measured by determining the ratio of telomere repeat copy number to single-copy gene copy number (T/S ratio) per diploid genome in study samples. (B) A self-reported history of depression was not associated with DNA methylation age acceleration. (C) We observed no correlation between TL and DNA methylation age acceleration in our study.
	Figure 2. DNA hypomethylation of DMR in exon 1 of the LTB4R2 gene. (A) Idiogram of chromosome 14 with genomic coordinates of DMR illustrated. The DMR—spanning 9 CpG sites—overlaps a CpG island (shown in blue). (B) LTB4R2-associated DMR is hypomethylated across all 9 CpG sites in depression cases compared with controls. 
	Figure 3. DNA hypermethylation of DMR located in intron 1 of the HOXC4 gene. (A) Idiogram of chromosome 12 with genomic coordinates of DMR illustrated. (B) HOXC4-associated DMR is hypermethylated across all 5 CpG sites in depression cases compared with controls.
	Figure 4. Boxplots and scatterplots of Module Eigengene (ME) against (A) diagnosis (control versus depression), (B) group (Depression (Dep), history of depression and inflammatory disorder only (DepInflam), history of inflammatory disorder only (Inflam), healthy control (Control), (C) Telomere length and (D) natural log of IL-6 serum levels.
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