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ABSTRACT
BACKGROUND: Major depressive disorder (MDD) is a common and highly heterogeneous psychiatric disorder, but
little is known about the genetic characterization of this heterogeneity. Understanding the genetic etiology of MDD
can be challenging because large sample sizes are needed for gene discovery—often achieved with a trade-off in the
depth of phenotyping.
METHODS: The Australian Genetics of Depression Study is the largest stand-alone depression cohort with both
genetic data and in-depth phenotyping and comprises a total of 15,792 participants of European ancestry, 92% of
whom met diagnostic criteria for MDD. We leveraged the unique nature of this cohort to conduct a meta-analysis
with the largest publicly available depression genome-wide association study to date and subsequently used
polygenic scores to investigate genetic heterogeneity across various clinical subtypes of MDD.
RESULTS: We increased the number of known genome-wide significant variants associated with depression from
103 to 126 and found evidence of association of novel genes implicated in neuronal development. We found that
a polygenic score for depression explained 5.7% of variance in MDD liability in our sample. Finally, we found
strong support for genetic heterogeneity in depression with differential associations of multiple psychiatric and
comorbid traits with age of onset, longitudinal course, and various subtypes of MDD.
CONCLUSIONS: Until now, this degree of detailed phenotyping in such a large sample of MDD cases has not been
possible. Along with the discovery of novel loci, we provide support for differential pathways to illness models that
recognize the overlap with other common psychiatric disorders as well as pathophysiological differences.
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Major depressive disorder (MDD) is the most common psy-
chiatric illness and the leading cause of disability worldwide.
Recent large-scale genome-wide association studies (GWASs)
have seen major breakthroughs in our understanding of the
genetic etiology of psychiatric disorders, including MDD (1–4).
However, the identified risk loci explain only a small fraction of
the overall heritability of MDD, reflecting the small effect sizes
of common genetic variants and its underlying heterogeneity
as a diagnostic construct. Thus, there is a need for even larger
studies to further elucidate the biological pathways contrib-
uting to depression risk.

Todate, achieving the sample sizes required todetect genome-
wide significant loci for depression has required pooling of data
from many studies around the world. Consequently, there have
been large differences between studies in terms of populations
studied and the specific criteria used for assessing depression
case status. Furthermore, information such as age of onset, indi-
vidualsymptoms, longitudinalcourse,or responseto treatmentare
not often available, thus limiting the ability to evaluate intrinsic
heterogeneity and the relative contribution of genetics thereto.
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The extent to which MDD reflects one or multiple underlying
disorders with differences in age of onset, symptom profiles,
longitudinal course, comorbidities, or response to treatment is
heavily debated (5,6). A number of subtypes of MDD have been
proposed based on differences in presentation, including
symptom-based subtypes such as atypical depression—
characterized by neurovegetative symptoms such as hyper-
somnia, increased appetite, and weight gain—and timing-
based subtypes such as early- and late-onset depression
and seasonal affective disorder (SAD) (7). Previous studies
utilizing polygenic scores (PGSs) support a role for genetic
variation in differences between subtypes, especially age of
onset. PGSs for MDD are enriched in those with earlier onset
(1,8,9), and others have found evidence of enrichment for
PGSs for schizophrenia (SCZ), bipolar disorder (BIP) (10), and
attention-deficit/hyperactivity disorder (ADHD) in those with
earlier onset (11). However, as psychiatric disorders are
genetically correlated with one another, it is not clear to what
extent the association between each PGS is capturing a
unique component of risk that is not already captured by the
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Table 1. Sample Size and Mean Value for Demographic and
Depression Variables for Individuals Who Met MDD Criteria
in the AGDS Cohort

Sample Size Mean (SD) [Range]

Age, Years 13,104 44.1 (15.1) [18–90]

Females 9836 41.4 (14.8) [18–90]

Males 3268 49 (14.9) [18–89]

BMI 13,104 28.5 (7.2) [17.1–58.7]

Age of Onset, Years 12,538 22.5 (11.4) [7.2–79]

Number of Episodes 12,512 7.9 (4.5) [1–131]

Subtypesa

Early/late onset 10,203 –

Recurrent depression 11,014 –

Atypical depression 8032 –

MDD with comorbid anxiety 2851 –

Seasonal affective disorder 761 –

AGDS, Australian Genetics of Depression Study; BMI, body mass
index; MDD, major depressive disorder.

aSubtype sample sizes reflect number of cases that meet criteria.
Subtypes were not mutually exclusive.
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MDD-PGS. The MDD-PGS is also increased in those with
recurrent compared with single-episode depression (1,8).
Similar differences in PGSs have been found for atypical
depression compared to typical depression. Genetic risk fac-
tors for body mass index (BMI) and C-reactive protein are
differentially associated with atypical depression (12,13), and
an association between the SCZ-PGS and typical depression
has been reported (12). Likewise, a tendency for seasonal
changes in mood and behavior, the key symptom of SAD, has
been linked to polygenic risk of SCZ (14).

Another key source of heterogeneity in MDD is comorbidity
with anxiety disorders. Approximately 60% of individuals with
MDD also meet criteria for a comorbid anxiety disorder, and the
disorders share symptoms (15). Both twin andmolecular genetic
studies suggest a high degree of genetic correlation between
MDD and anxiety disorders (4,16,17). However, the extent to
which there are differences in genetic variation between MDD
with and without comorbid anxiety is not yet known.

This report first aims to identify potential novel genetic loci
for depression by conducting a GWAS of lifetime MDD
(including only participants meeting the DSM-5 criteria for
MDD as cases) and meta-analyzing the results with the largest
publicly available depression GWAS meta-analysis. Second,
we conducted a series of analyses using PGSs from 10 traits
previously shown to be genetically correlated with MDD to
investigate differences in genetic risk between subtypes of
depression according to age of onset, recurrence, comorbid
anxiety, atypical features, and SAD. This degree of detailed
clinical phenotyping in such a large sample of MDD cases has
not been previously possible.

METHODS AND MATERIALS

The Australian Genetics of Depression Study

The recruitment and sample characteristics of the Australian
Genetics of Depression Study (AGDS) have been described in
detail elsewhere (18). Briefly, more than 21,000 participants
were recruited (15,792 currently genotyped) through a dual
recruitment approach whereby participants were recruited
either through Australian government prescription records or
through a media campaign. Once enrolled in the study, par-
ticipants completed online questionnaires comprising an
obligatory core module that assessed MDD diagnosis as well
as a range of satellite modules assessing a variety of pheno-
types. Participants were assessed on DSM-5 criteria using the
Composite International Diagnostic Interview short form diag-
nostic questionnaire (19).

Participants meeting DSM-5 criteria for MDD at some point in
their lifetime (lifetimeMDD) andwho did not report a diagnosis of
SCZ, BIP, or ADHD (n = 13,104) were assigned to a number of
subtypes: early/late onset, recurrent depression, atypical
depression,MDDwithcomorbidanxiety, andSAD.Demographic
information for the AGDS cohort is reported in Table 1. Criteria
used to define subtypes are described in SupplementalMethods
in Supplement 1 and Table S1 in Supplement 2.

Clinical Trial Cohort

To maximize the sample size for GWASs, we also included 214
individuals (66% female; mean age = 51.3, SD = 12.5, range =
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21–79; mean BMI = 27.7, SD = 5.6) from a mental health cohort
providedbyDeakinUniversity’s IMPACT Institute. All individuals
in this cohort met DSM–IV criteria for MDD (20). Of these in-
dividuals, 73% exhibited moderate to severe symptoms at
baseline (score $ 25 on the Montgomery–Åsberg Depression
RatingScale) (21). All blood samples included in this cohort were
collected from individuals who had provided informed consent
for unspecified further use of their samples. As participants in
this cohort did not complete the AGDS questionnaire, subtypes
could not be determined, and therefore, for simplicity, these
samples were excluded from PGS analyses.

Control Cohort

As our control sample, we used a large volunteer community
sample from Queensland, Australia, that was invited for study
participation through random draw from the electoral roll (QSkin
cohort) (22). Participants completed a lifestyle questionnaire,
which included a disease checklist about previous diagnoses of
psychiatric disorders. QSkin study participants who reported
never having been diagnosed with any psychiatric disorders
were included as control subjects (n = 12,684; 51% female;
mean age = 61.3, SD = 7.9, range = 38–87.8; mean BMI = 27,
SD = 0.04). All protocols and questionnaires for both the AGDS
and QSkin cohorts were approved by the QIMR Berghofer
Medical Research Institute Human Research Ethics Committee.

Participants from all three cohorts were genotyped using
the Illumina Global Screening Array v2. Quality control of ge-
notype data was conducted as described in Supplemental
Methods in Supplement 1 before imputation using the Haplo-
type Reference Consortium 1.1 reference panel.

Genome-wide Association Analysis and Genetic
Correlations

Our primary GWAS consisted of only participants who met the
DSM-5 criteria for MDD and had not participated in previous
studies that contributed to the Psychiatric Genomics Con-
sortium (PGC). This led to a final sample size of 13,104 cases
journal
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from AGDS and 214 cases from the Deakin University samples
(total N = 13,318 cases, 12,684 controls). The GWAS analysis
was conducted using the SAIGE v. 0.39 (23) with the first 10
ancestry principal components as covariates.

Although common in genetic studies of MDD (24), screened
controls excluding those with any psychiatric disorder can bias
heritability estimates and genetic correlations. Additionally, as
previously reported (18), a bias with regard to the educational
attainment (EA) of volunteer participants in the AGDS and
QSkin cohorts was observed, resulting in the over-
representation of participants with a higher EA in the AGDS.
Therefore, the GWAS analysis was repeated with 1) controls
screened only for depression rather than all psychiatric disor-
ders (n = 13,696) and 2) the highest level of education achieved
included as a covariate, to evaluate their influence on the
results.

Results were filtered on a minor allele frequency . 0.01 and
R2 imputation quality metric . 0.6. The proportion of liability
variance for MDD explained by common single nucleotide
polymorphisms (SNPs) was estimated using GREML
(Supplemental Methods in Supplement 1) (25). Genome-wide
genetic correlations between the AGDS GWAS and traits of
interest were assessed using bivariate linkage disequilibrium
(LD) score regression (26) and LD Hub (27).

Meta-analysis

We conducted an inverse-variance weighted meta-analysis of
depression using the unadjusted AGDS GWAS with results
from the largest published depression GWAS from the PGC
[hereafter referred to as Howard et al. (2)] using METAL.
Annotation of the meta-analysis results is described in
Supplemental Methods in Supplement 1.

Polygenic Scores

We generated PGSs for depression using the Howard et al.
summary statistics (including 23andMe) (2). PGSs for a further
nine traits that have been shown to have high genetic corre-
lation with MDD were generated (28). These include four psy-
chiatric disorders using the most recent published studies of
SCZ (29), BIP (30), ADHD (31) and anxiety (16); BMI (32), which
has been previously found to be associated with atypical
depression; the personality trait neuroticism associated with
depression; and insomnia, which is a key symptom difference
between typical and atypical depression. Finally, we evaluated
PGSs for EA (33) and socioeconomic status (SES) as
measured by the Townsend Deprivation Index (TDI) in UK
Biobank (34) (Table S2 in Supplement 2). Recent studies have
highlighted that a considerable proportion of the genetic vari-
ance shared between psychiatric disorders is also shared with
markers of SES such as EA and TDI (35). This shared herita-
bility complicates biological interpretation of studies evaluating
genetic heterogeneity, as it has been demonstrated that both
the SNP-based heritability and genetic correlations of psy-
chiatric disorders are reduced when accounting for shared
heritability with SES and EA (36,37). We therefore sought to
investigate the associations of PGSs for these SES-related
traits and their influence on the associations of PGSs from
the other traits. To avoid bias due to potential sample overlap,
PGSs for MDD and EA were constructed using leaving-one-out
Biological P
summary statistics. All GWASs used to construct the PGSs
were obtained from European populations.

PGSs were constructed using SBayesR, a Bayesian method
that assumes that SNP effects are drawn from a mixture of four
zero-mean normal distributions with different variances (38)
(Supplemental Methods in Supplement 1).

The association between each of the PGSs with MDD in
AGDS/QSkin and subtypes of MDD within AGDS cases was
estimated using logistic regression with age at study enroll-
ment, sex, and 10 principal components included as cova-
riates. Initially, the marginal effect of each PGS was estimated,
and then all of the PGSs were fitted together in a multiple
regression to investigate their associations when adjusting for
the other PGSs. Only unrelated individuals were included in the
PGS analyses. A total of 10 PGSs were tested for association
with five subtypes of depression. A Bonferroni-corrected
threshold of .05/(10 3 5) = .001 was used to establish statis-
tical significance of associations.

RESULTS

Genome-wide Association Analysis

After combining with the clinical trial sample, a total of 13,318
cases and 12,684 controls were included in the GWAS for
MDD. The genomic inflation factor (l) was 1.08, and the LD-
score intercept was 1.025 (SE = 0.008), indicating little evi-
dence for residual population stratification (Figure S1 in
Supplement 1). The most significant hit was located in the RNA
binding protein fox-1 homolog 1 gene (RBFOX1) located on
chromosome 16 (rs113726301:G:A; odds ratio = 1.14; p =
3.6 3 1028) (Figure S2 in Supplement 1), which has been
robustly implicated in depression, neurodevelopment, and
aggression in previous studies (39–41). The potential role of
RBFOX1 as a candidate gene for MDD is discussed in detail in
the Supplementary Note of Wray et al. (1).

To assess the impact that EA differences between our
cases and controls may have on the association results and
downstream analyses, we repeated the GWAS including EA as
a covariate and found that our association signals, including
those of known depression-associated variants, were signifi-
cantly attenuated (rs113726301:G:A; odds ratio = 1.13; p =
1.03 3 1026) (Table 2; Figure S3 in Supplement 1). This is likely
driven by the fact that our volunteer depression cases had
higher EA levels than our electoral roll control sample (18).
There is no evidence of association of the RBFOX1 variant with
EA in the largest EA meta-analysis (33) (rs113726301:G:A; b =
0.002; p = .14).

SNP-Based Heritability and Genetic Correlation
Estimates

Assuming a population lifetime prevalence of 0.15 for MDD,
the estimated SNP-based heritability was 0.24 (SE = 0.01)
using GREML and 0.25 (SE = 0.03) using LD score regression.
This is similar to the estimates for MDD in UK Biobank and
larger than estimates from minimal phenotyping approaches
and from the PGC meta-analysis (h2SNP = 0.05) (5).

The genetic correlations between AGDS and previous
depression GWASs were highly significant, with an rg = 0.88,
p = 6.6 3 10267 with Howard (2) and rg = 0.92, p = 2.4 3 10227
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Table 2. Comparison of Effect Sizes and Significance Values for the Top Three Independent SNPs Identified in AGDS GWAS
With and Without Educational Attainment as a Covariate

SNP CHR Frequency b SE p Value bcovar SEcovar p Valuecovar
rs111429920 16 0.23 0.13 0.02 2.9 3 1028 0.12 0.03 1.2 3 1026

rs2904659 8 0.37 0.11 0.02 7.5 3 1028 0.11 0.02 1.6 3 1027

rs188753797 5 0.02 20.48 0.09 1.5 3 1027 20.40 0.10 8.5 3 1025

AGDS, Australian Genetics of Depression Study; CHR, chromosome; covar, covariate; GWAS, genome-wide association study; SNP, single
nucleotide polymorphism.
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with Wray (1). We further investigated the genetic correlations
with other relevant traits using LD Hub. Consistent with pre-
vious studies, MDD showed strong positive genetic correla-
tions with depressive symptoms and neuroticism and
significant genetic correlations with BIP and SCZ (Figure 1).
The genetic correlations with the EA-adjusted results were
largely similar to those observed with our unadjusted results
for all non–cognitive-related traits (Figure 1). SNP-based heri-
tability and genetic correlation estimates were not significantly
different when including controls were screened only for
depression rather than all psychiatric disorders (Figure S4 in
Supplement 1).

Novel Loci Discovered for MDD

Meta-analysis of the largest publicly available GWAS of
depression (2) and AGDS was based on 7,617,771 variants
with matching alleles in common between the two datasets.
After conditional and joint analysis, the number of independent
genome-wide significant variants increased from 103 to 126
(Figure 2; Table S3 in Supplement 2).
Figure 1. Genetic correlations between MDD and phenotypically relevant
traits estimated from genome-wide association study summary statistics
using linkage disequilibrium score regression. AGDS genome-wide associ-
ation study results from models with and without a covariate for educational
attainment. AGDS, Australian Genetics of Depression Study; MDD, major
depressive disorder; PGC, Psychiatric Genomics Consortium. rG, genetic
correlation.
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We found 232 genes associated with MDD using a gene-
based test conducted in MAGMA (Table S4 in Supplement 2).
Of these, 43 genes were uniquely identified in our meta-analysis
results (as compared with those in Howard). We found one novel
gene-set putatively associated with MDD in our meta-analysis:
GO_synaptic_membrane, p = 5.5 3 1027.

Polygenic Scores

Predicting MDD Within the AGDS. Nine of the 10 PGSs
were significantly higher in cases than controls, with the
exception being BMI. The MDD-PGS had the largest effect
with an MDD odds ratio of 1.74 per SD of PGS (Table 3). The
variance explained on the liability scale by the MDD-PGS
(assuming a population prevalence of 0.15) was 5.7% (SE =
0.3%). The odds of those in the highest decile of PGS having
MDD compared with the lowest decile was 7.3 (95% CI
6.3–8.4) (Figure 3A). We observed no significant differences in
risk between male and female participants, despite all levels of
depressive disorders, including MDD, being twice as prevalent
in females. The anxiety-PGS was the next best predictor of
MDD, with an odds ratio of 1.28 (95% CI 1.2–1.4) per SD of
PGS. The EA-PGS was also associated with MDD such that a
propensity for higher educational achievement is associated
with increased risk of MDD. However, this presumably reflects
differences in the ascertainment of cases and controls for our
study (18).

When all of the PGSs were fitted together in a multiple lo-
gistic regression model, the effect sizes of the PGSs for the
nine significant traits were attenuated but remained signifi-
cantly associated with the MDD case status (Table 3). The
variance explained on the liability scale by all the PGSs jointly
was 7.8% (SE = 0.3%).

PGS by Age of Onset

Earlier age of onset was associated with PGSs for MDD (p =
2.0 3 1024) and ADHD (p = 8.7 3 1024) (Figures 3B and 4).
When all of the PGSs were fitted in the same model, the SCZ-
PGS and EA-PGS were significantly associated with earlier age
of onset after multiple testing correction (Table S5 in
Supplement 2).

Using age of onset of 30 years as the cutoff for early onset is
somewhat arbitrary. However, we obtained similar results when
using onset prior to age 18 as the cutoff, with the associations
between the SCZ-PGS and TDI-PGS being statistically signifi-
cant (Table S6 in Supplement 2). To further investigate the
relationship between PGS for psychiatric disorders and age of
onset, ordered binned categories of age of onset were gener-
ated, and the mean PGS z score (using the entire sample of
cases and controls to estimate the mean and SD) in each
journal
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Figure 2. Manhattan plot depicting associations from a meta-analysis of Australian Genetics of Depression Study with Howard et al. (2); 126 independent
loci reaching genome-wide significance of which 23 are novel (highlighted in red).
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category calculated and plotted (Figure 3B). Sample sizes per
category are shown in Table S7 in Supplement 2.

We found that the mean MDD-PGS was highest in those
with the earliest age of onset (,10 years) with a steady
decline in every 5-year bin until ages 25–29 when it plateaus
before dropping in the 601 category. Until age 60, the mean
MDD-PGS was above the mean of the entire sample. How-
ever, for SCZ and ADHD, the mean PGS declined with later
onset, and cases with an age of onset after 35 have lower
PGS than the population average. By contrast, BIP-PGS
remained above the population mean for all ages of onset
,60 (11).

Longitudinal Course of MDD

There was an approximately linear relationship between the
number of reported episodes and the MDD-PGS (Figure 3C;
Table S8 in Supplement 2), indicating an association with more
Table 3. PGS Prediction of MDD in AGDS and QSkin Cohorts In
(Multiple Regression)

PGS

Marginal

b SE p Value

MDD 0.56 0.02 1.5 3 102

Anxiety 0.25 0.02 1.1 3 102

SCZ 0.25 0.02 9.5 3 102

BIP 0.21 0.02 7.9 3 102

ADHD 0.10 0.02 4.5 3 102

Neuroticism 0.12 0.02 2.6 3 102

Insomnia 0.13 0.02 2.4 3 102

BMI 0.01 0.02 8.0 3 102

EA 0.14 0.02 1.7 3 102

TDI 0.11 0.02 2.4 3 102

Results from PGS prediction of MDD in AGDS and QSkin cohorts show th
that many of these comorbid traits capture variability over-and-above that

ADHD, attention-deficit/hyperactivity disorder; AGDS, Australian Genetics
educational attainment; MDD, major depressive disorder; PGS, polygenic s

Biological P
recurrent disorders. We compared the PGSs for all 10 traits in
those reporting one or two episodes (n = 1498) and those with
more than two episodes (n = 11,348). Recurrence was signif-
icantly associated with the MDD, ADHD, neuroticism, and TDI
PGSs (Figure 4). When all of the PGSs were fitted together, the
MDD (p = 1.2 3 1024) and TDI (p = 1.2 3 1024) PGSs showed
independent significant associations.
MDD Clinical Subtypes in AGDS

We investigated for evidence of genetic heterogeneity be-
tween clinical subtypes of MDD including depression with
comorbid anxiety, atypical depression, and SAD (Figure 4;
Table S9 in Supplement 2). The MDD-PGS was associated
with increased likelihood of having a comorbid anxiety disorder
(p = 4.2 3 10211) but not with atypical depression (p = .45) or
SAD (p = .23). It was notable that when fitting all of the PGSs in
the same model, there was no evidence of an effect of the
dividually (Marginal) and When All Included in a Joint Model

Multiple Regression

b SE p Value
227 0.46 0.02 1.3 3 102190

52 0.06 0.01 7.4 3 1026

28 0.05 0.02 2.3 3 1023

38 0.07 0.01 1.0 3 1026

10 0.06 0.01 6.0 3 1025

32 0.05 0.02 1.7 3 1023

16 0.04 0.01 2.3 3 1023

1 0.02 0.01 1.1 3 1021

16 0.19 0.01 1.1 3 10241

10 0.07 0.02 9.1 3 1026

at MDD-PGS has the largest predictive effect. The joint model indicates
of the MDD-PGS.
of Depression Study; BIP, bipolar disorder; BMI, body mass index; EA,
core; SCZ, schizophrenia; TDI, Townsend Deprivation Index.
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indicates average PGS per age of onset category for the entire sample. (C) Association of MDD-PGS and number of reported depressive episodes in Australian
Genetics of Depression Study. Bars indicate 95% CI. ADHD, attention-deficit/hyperactivity disorder; MDD, major depressive disorder; PGS, polygenic score;
SCZ, schizophrenia; TDI, Townsend Deprivation Index.
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anxiety-PGS on anxious depression (p = .36). Given the high
genetic correlation between anxiety and depression, the cur-
rent anxiety-PGS may not explain more variance in anxiety
than was already captured by the MDD-PGS. Comorbid anx-
iety was also associated with higher SCZ-PGS (p = 6.53 1024)
and lower EA-PGS (p = 2.6 3 1028).

In agreement with previous studies (42), the SCZ-PGS was
associated with increased likelihood of typical depression (p =
7.5 3 1025). The ADHD- and TDI-PGS were associated with
atypical depression but were only marginally significant when
all PGSs were included simultaneously (p = .03 and p = .02,
respectively). This is consistent with the observation that
atypical depression is characterized by vulnerability to weight
gain, and, as has been previously found by others, the BMI-
PGS is nominally associated with atypical depression (p =
.03). However, when including all the other PGSs, the associ-
ation with BMI was not significant. No significant findings were
found with SAD.
DISCUSSION

We used the AGDS, one of the largest stand-alone depression
cohorts with both genetic data and in-depth phenotyping, to
conduct a GWAS of lifetime MDD and to investigate the role of
genetic variation in heterogeneity in MDD. The MDD GWAS
results showed very high genetic correlation with other previ-
ous MDD GWAS studies. Both phenotypic and genetic data
232 Biological Psychiatry August 1, 2022; 92:227–235 www.sobp.org/
indicate that the AGDS sample is enriched for severe, recurrent
MDD. The estimated SNP-based heritability was 0.24, larger
than estimates from minimal phenotyping in UK Biobank,
suggesting that the sample has great utility for identifying more
specific genetic associations with MDD (24).

We found one significant locus in the RBFOX1 gene. This
result is notable, given that previous GWASs of similar sample
size have failed to produce any genome-wide significant hits,
and the identification of a known depression-locus provides
additional reassurance regarding the saliency of AGDS phe-
notyping (33,39–41,43,44). A meta-analysis between the AGDS
GWAS and the most recently published GWAS of depression
from the PGC (2) increased the number of genome-wide sig-
nificant variants from 103 to 126, a marked increase in the
number of known depression loci. Among the novel associa-
tions are an intronic variant in TENM2, which encodes teneurin,
a protein known to play a key role in neuronal guidance during
development (45), and an intronic variant in NRG1 (neuregulin
1), a gene that has been implicated in risk of SCZ (46) and is
associated with chronotype (47). The identification of 23 new
loci in the meta-analysis underscores the value of AGDS to
future GWAS efforts to identify loci associated with MDD and
its subtypes.

We further utilized the deep phenotyping information to
investigate heterogeneity in MDD. Our analyses indicated that
the increased risk attributable to the MDD-PGS is the same in
men and women. As the discovery GWAS includes both men
journal
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Figure 4. PGS association for MDD and nine related traits with five MDD subtypes previously defined in the literature. Results shown are of each PGS with
each subtype individually (marginal) and when all of the PGSs were fitted together in a multiple logistic regression model (adjusted). Bars indicate 95%
confidence intervals. ADHD, attention-deficit/hyperactivity disorder; Anx, anxiety; BIP, bipolar disorder; BMI, body mass index; EA, educational attainment;
Insom, insomnia; MDD, major depressive disorder; Neur, neuroticism; PGS, polygenic score; SAD, seasonal affective disorder; SCZ, schizophrenia; TDI,
Townsend Deprivation Index.
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and women, it is possible that sex-specific effects are masked,
and future sex-specific GWASs will reveal differences in ge-
netic risk factors between the sexes. The MDD-PGS was
associated with an earlier age of onset and scaled linearly with
the number of reported episodes, indicating that those carrying
more depression risk alleles are likely to report recurrent
depression. These findings indicate that genotyping early-
onset, recurrent cases will be most useful for gene-finding
efforts.

Participants with earlier age of onset also had higher SCZ-,
ADHD-, EA- and TDI-PGS. While these results further highlight
a likely neurodevelopmental pathway to MDD (48) with onset
early in life, they also highlight the role of social deprivation in
influencing age of onset. Further study of the shared genetic
component of risk between MDD and other neuro-
developmental disorders (e.g., SCZ, ADHD, autism) may yield
further insights into the genetic etiology of early-onset
depression. Furthermore, generating risk scores from multiple
disorders will improve prediction of those individuals most at
risk of any major mood or psychotic disorders early in life. An
accurate identification of those individuals at greatest risk has
major implications for the development and deployment of
prevention and early intervention initiatives (49,50).

The association of early onset with increased EA-PGS is
surprising, given that EA has been found to be protective for
MDD (1). However, this is likely due to an ascertainment bias in
the sample. Older participants had higher PGS for EA, implying
that among older participants, those who are well-educated
were more likely to participate than others in their age group
(Figure S4 in Supplement 1). While many report an early age of
onset, those with higher EA-PGS also report longer time since
Biological P
the most recent episode and better current mental health after
adjusting for age, indicating that those with higher EA-PGS
were more likely to have had depression early in life but to
have been in remission longer. The PGS results are also rein-
forced by analysis of self-reported education in the sample.
Earlier onset was significantly more frequently reported by
those with a tertiary qualification than by those with secondary
or below accounting for the effects of age and sex (odds ratio =
1.29, p , 2.2 3 10216), providing further support that those
with earlier onset were more likely to enroll in the study if they
have higher levels of education.

The importance of SES and gene-environment correlation in
MDD is reinforced by the finding of a positive association of the
TDI-PGS with recurrence. However, even after controlling for
the EA- and TDI-PGS, recurrence is associated with PGSs for
MDD and ADHD, indicating that patients with recurrent
depression carry a higher genetic load for multiple disorders,
not all of which can be attributed to the effects of SES.

The findings of differential PGS associations across
various clinical subtypes reinforce the hypothesis of
considerable genetic heterogeneity in pathways to MDD. Of
particular note was the association of the ADHD-PGS with
four of the five clinical subtypes including a nominal asso-
ciation with atypical depression, a finding supported by a
recent study in UK Biobank showing higher genetic correla-
tion of atypical depression with ADHD (51). This suggests a
strong neurodevelopmental aspect and one related to diffi-
culty in establishing regular daily activity, sleep-wake, and
other circadian rhythms. These findings provide preliminary
support for differential pathways to illness models that
recognize both the overlap with other common major mood
sychiatry August 1, 2022; 92:227–235 www.sobp.org/journal 233
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or psychotic disorders, and the likely pathophysiological
differences. This has implications for future gene-mapping
efforts for the identification of differential neurobiological
pathways to MDD and, hence, for the potential development
of new more personalized therapies for MDD.

Owing to the previous unavailability of large samples with
deep phenotyping, it has, until now, been difficult to study
genetic sources of heterogeneity in MDD (52). While AGDS
provides an ideal resource for investigating this heterogeneity,
the findings should be interpreted considering some potential
limitations. First, while our results suggest that the sample is
enriched for recurrent depression, it is possible that individuals
with the most severe cases were unable to enroll in the study.
Second, we were unable to assess whether each one of the
participant’s reported episodes met the DSM-5 criteria. Third,
the absence of associations between various clinical MDD
subtypes and certain polygenic scores may still reflect insuf-
ficient power to detect these effects owing to differences in
sample sizes between the subtypes and of the discovery
GWASs from which the PGSs are derived. Finally, our control
cohort was screened on a single medical history question and
not DSM criteria.
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