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Abstract

Depression, a leading cause of global disability, arises from a multifaceted combination of genetic and environmental components. This study
explores the relationship betweenmajor depressive disorder (MDD) polygenic scores (PGS), characteristics and symptoms of depression, and
community-shared socioeconomic factors derived from postal code data in a cohort of 12,646 individuals from the Australian Genetics of
Depression Study (AGDS). Our findings reveal that people living in areas with relatively higher socioeconomic advantages and education/
occupation scores are more likely to report experiencing fewer depressive symptoms during their worst depressive period, as well as fewer
number of lifetime episodes. Additionally, participants who reported depression onset later in life tend to currently reside in wealthier areas.
Interestingly, no significant interaction between genetic and socioeconomic factors was observed, suggesting their independent contribution
to depression outcomes. This research underscores the importance of integrating socioeconomic factors into psychiatric evaluation and care,
and points to the critical role of public policy in addressing mental health disparities driven by socioeconomic factors. Future research should
aim to further elucidate the causal relationships within these associations and explore the potential for integrated genetic and socioeconomic
approaches in mental health interventions.
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Major depressive disorder (MDD) is a common mental disorder
affecting millions of people worldwide, and it is considered the
leading contributor to global disability and suicide (World Health
Organization, 2017). Its prevalence differs across various demo-
graphic groups, influenced by factors such as sex, age, geographical
location, and socioeconomic status (World Health Organization,
2017). The etiology of MDD is considered to be multifaceted,
arising from a complex interplay between genetic, environmental,
and sociodemographic elements, thereby highlighting the multi-
dimensional nature of the disorder (Ferrari et al., 2013; Kendler &
Karkowski-Shuman, 1997).

Advancements in genetic research, particularly through
genomewide association studies (GWAS), have shed light on the
genetic architecture of MDD. These studies identify MDD as a
highly polygenic disorder, with genetics accounting for about 30%
to 40% of the variation in susceptibility to this condition (Kendler
&Karkowski-Shuman, 1997). In this context, the development and

employment of polygenic scores (PGS) have been crucial. PGS
aggregate the effects of numerous risk-associated single nucleotide
polymorphisms (SNPs), offering a quantified insight into the
cumulative genetic vulnerability to depression (Sullivan et al., 2000;
Wray et al., 2018). Previous studies have confirmed the MDD PGS
predictive capacity of depression diagnosis, symptomatology, and
other relevant features such as the number of depressive episodes,
the age at onset, and co-occurrence with other psychiatric
disorders (Hyde et al., 2016).

While previous research has extensively investigated the
relationship between MDD and various socioeconomic indicators
(Guan et al., 2022; Lloyd-Jones et al., 2019), the integration of
genetic risk factors within these analyses has not been as closely
explored. The environment in which individuals grow up and
reside, encompassing factors like early life stress, parental care,
social interactions, and exposure to trauma, has been recognized as
a significant moderator of genetic predisposition to depression
(Jaffee & Price, 2007;Mitchell et al., 2021; Uher &McGuffin, 2010).
Research that incorporates both genetic and environmental aspects
acknowledges that depression PGS, combined with variables such
as chronic stress, inadequate parenting, limited social interactions,
or trauma, can aggravate depressive symptomatology (Brugha
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et al., 1985; Mullins et al., 2016; Peen et al., 2010). However, these
studies often overlook the importance of socioeconomic
disparities as a key element of the environmental impact.
Some studies that have focused on socioeconomic factors as
major environmental variables found significant associations
between genetic risk for MDD and indicators of lower
socioeconomic status, including unemployment, marital dis-
cord, and financial strain (Agerbo et al., 2021; Machlitt-Northen
et al., 2022; Musliner et al., 2015). A recent study showed that
educational attainment, lower wealth, and limited access to
participation in cultural activities correlates with individual
levels of depressive symptoms independently from their
polygenic predisposition to depression (Zhang et al., 2023).

The influence of community-level socioeconomic factors, such
as impaired accessibility to public resources and lack of social
connectivity with neighbours, on moderating genetic predisposi-
tion to depression remains mostly unstudied. Disadvantaged
communities experience elevated rates of residential mobility,
unemployment, crime, and financial stress, among numerous
other factors, which collectively magnify the detrimental impact on
mental health due to their persistent daily exposure (Kosciuszko
et al., 2023). Recent studies indicate that factors shared within a
community, such as urbanicity, neighbourhood disadvantage, or
poverty-related stress, are associated with the severity of
psychiatric disorders (Arias-de la Torre et al., 2018; Kosciuszko
et al., 2023; Oenning et al., 2018; Santiago et al., 2011). One study
examining how urban life can act as an environmental risk factor
for schizophrenia suggests a causal association between schizo-
phrenia risk and the choice to live in more densely populated areas
(Almeida et al., 2012). Conversely, a similar study examining the
impact of urbanicity on depression outcomes found no significant
relationship between depression PGS and urbanicity when
estimating symptoms of poor mental health (Colodro-Conde
et al., 2018). This study aims to delve deeper into the relationship
between genetics and environment, particularly focusing on how
community-level socioeconomic factors moderate the genetic risk
for MDD outcomes. Our study is methodically structured to
analyze the interaction between PRS and an array of socioeco-
nomic and demographic factors, categorized by postal code,
among individuals from the Australian Genetics of Depression
Study. Through this examination, we aim to deepen our under-
standing of how collective socioeconomic circumstances at the
community level influence the development and expression of
depression. Ultimately, this investigation seeks to contribute to the
creation of targeted strategies that effectively mitigate mental
health disparities arising from socioeconomic inequalities.

Methods

The Australian Genetics of Depression Study

The Australian Genetics of Depression Study (AGDS) provides the
fundamental basis for this research, with its primary aim being to
explore the genetic and environmental risk factors of depression,
alongside understanding treatment responses in individuals
diagnosed with depression at some point in their lives (Sund
et al., 2021). Comprehensive details regarding the recruitment
process and sample characteristics can be found in previous
publications (Byrne et al., 2020; Sund et al., 2021). Participants
completed a series of questionnaires to assess diagnostic criteria for
depression and self-reported psychiatric history. They also
provided additional information about their family, general health,
and other clinical features relevant to MDD.

An essential aspect of the AGDS was the collection of saliva
samples from a group of over 16,000 participants for genotyping
analysis. These participants granted their informed consent for the
study via an online platform, adhering to the ethical standards set
forth. The QIMR Berghofer Medical Research Institute’s Human
Research Ethics Committee (QIMR) granted full approval for all
study protocols under the ethics code P2118.

To ensure the quality and accuracy of the dataset, individuals
who did not align with the Diagnostic and Statistical Manual of
Mental Disorders (DSM-5; American Psychiatric Association,
2013) criteria for MDD or presented significant gaps in their data
were excluded from analysis. Following these exclusions, the final
cohort comprised 12,646 participants, of whom 76% were women
(mean age= 48, SD= 13, min = 18, max = 86) and 24% male
(mean age= 42, SD= 15, min= 18, max = 90).

Depression Polygenic Scores

In this study we used polygenic scores for MD that were
constructed using the summary statistics provided byHoward et al.
(2019), including 23andMe. These PGS were created as part of the
AGDS study, using leaving-one-out summary statistics, which
specifically excluded QIMR samples to eliminate bias stemming
from potential sample overlap. The process of generating these
PGS followed rigorous quality control measures. This included the
removal of SNPs with alleles not matching the genotyping data and
the exclusion of indels. The construction of PGS employed the
SBayesR method, a Bayesian approach that models SNP effects as
originating from a mixture of four zero-mean normal distribu-
tions, each with distinct variances (Rojas-Garcia et al., 2015). For
the linkage disequilibrium (LD) reference, the methodology
aligned with that used by Lloyd-Jones et al. (2019). In their
approach, the LD matrix was constructed based on the HapMap3
SNPs from a carefully selected sample of 50,000 unrelated UK
Biobank individuals. Using the posterior SNP effects, the polygenic
scores for each individual in the study were calculated, employing
the –score function in PLINK (Patria, 2022).

Socio-Economic and Demographic Measures

The Socioeconomic Indexes for Areas (SEIFA), derived from the
2016 Australian Census of Population and Housing, offers a
comprehensive view of the socioeconomic landscape across
Australian regions (Gomez et al., 2023). SEIFA encompasses four
distinct indexes, each one evaluating a different dimension of
socioeconomic status. The Index of Relative Socioeconomic
Disadvantage (IRSD), evaluates both the presence and absence
of disadvantage in an area, incorporating factors like unemploy-
ment rates, internet access in households, and the proportion of
laborers. The Index of Relative Socioeconomic Advantage and
Disadvantage (IRSAD), expands upon this by considering aspects
of socioeconomic advantage, such as higher household incomes
(above AUD 78,000), professional or managerial occupations, and
households with multiple bedrooms. The Index of Education and
Occupation (IEO) focuses on educational and occupational
variances, considering both the advantages and disadvantages
associated with educational qualifications and vocational skills.
Lastly, the Index of Economic Resources (IER) delves into financial
aspects like car ownership, single-parent households, and high
mortgage payments.

Each geographic area in Australia is assigned a SEIFA score for
every index, reflecting its relative socioeconomic position. Table 1
illustrates the SEIFA score characteristics derived from the
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participants’ residential areas in our study. For a more in-depth
description of how these indexes are developed, their foundational
concepts, and the data sources used, the SEIFA Technical Paper
(Gomez et al., 2023) provides thorough explanations.

It is important to note that index scores are allocated to
Statistical Area Level 1 (SA1) units, not to individuals. Our
research examines the link between the average socioeconomic
environment of a participant’s residential area and their depression
outcomes. Therefore, the scores applied in our analysis represent
the mean of SA1 level scores within specific postal areas. Despite
the strong correlation between IRSD and IRSAD, the existence of
extremely disadvantaged or advantaged pockets within an area
might skew perceptions of the area’s overall socioeconomic
condition. Consequently, index scores may not precisely
capture the level of disadvantage (or advantage) experienced
by individuals residing in areas marked by such variability. This
is further addressed in the discussion as one of the study’s
limitations. Additionally, a detailed overview is presented in the
supplemental material from the SEIFA Technical Paper
(Australian Bureau of Statistics, 2021), and Supplementary
Figure 1 includes a detailed breakdown of the variables
constituting each socioeconomic index.

The classification of urbanicity for each postal area was
determined using the Modified Monash Model (MMM), a
framework that classifies areas in Australia into metropolitan,
regional, rural, and remote regions based on geographic
remoteness and population size. The Modified Monash (MM)
scale ranges from 1 to 7. The distribution of participants across
the MM categories is as follows: (1) Metropolitan areas (70.9%),
(2) regional centers (9.9%), (3) large rural towns (4.6%), (4)
medium rural towns (1.9%), (5) small rural towns (11.4%), (6)
remote communities (0.7%), and (7) very remote communities
(0.5%). Further information about this measure can be found in
the MMM fact sheet on the Australian Department of Health
and Aged Care website (Wise & Mathews, 2011).

Study Groups

Each participant’s PGS was linked to the corresponding SEIFA
scores andMM category based on their postal code. The primary
sample (N = 12,646) included participants from 1642 different
postal codes. The concentration of participants per postal code
varied significantly, with the highest being 77 individuals
in a single code, and as many as 342 codes having only one
participant.

Given the nature of the SEIFA scores being calculated for SA1
regions rather than individual or broader geographic units such
as postal codes, our study had to account for variations within
these areas. Since a single postal code can encompass numerous
SA1 areas, and considering that the scores in our study represent

an average of all SA1 scores within a specific postal code, we
constructed additional subgroups to investigate the influence of
score diversity in postal codes containing multiple SA1 areas.

Two distinct subgroups were formulated based on the
variability of SEIFA scores within the postal codes. The first
subgroup encapsulated participants residing in postal codes where
the disparity between the highest and lowest SA1 scores for each of
the four SEIFA indexes was confined to less than one standard
deviation from the mean. This subgroup, representing areas with
low score diversity, included 1542 participants. Conversely, the
second subgroup was defined with a more lenient criterion,
including postal codes where the score difference reached up to two
standard deviations. This subgroup, indicative of moderate score
diversity, encompassed 6134 participants.

The formation of these subgroups allowed for a nuanced
exploration of how socioeconomic score diversity within a postal
code might influence the association between PGS and depression
outcomes, providing a more granular understanding of the
interplay between genetics and environment.

Depression Outcomes

Our study conducted an analysis to explore the relationship
between MDD PGS, SEIFA scores, and MMM classifications,
and their collective impact on various depression outcomes.
These outcomes were specifically gauged across four dimen-
sions for each participant: (1) age at onset of depression,
(2) lifetime number of reported depressive episodes, (3) number
of symptoms during the worst period of depression, and
(4) comorbidity with self-reported anxiety disorder. Table 2
shows the distribution of depression outcomes from the primary
cohort. A notable observation from this table is the high
prevalence of severe and recurrent depression cases within the
cohort. Specifically, a significant majority (80.0%), reported
experiencing 8 or 9 symptoms, which is indicative of severe
depressive episodes. Furthermore, a substantial proportion of
the cohort (36%), disclosed having encountered 13 or more
depressive episodes over their lifetime, underlining the
recurrent nature of the disorder in our study population.

Table 1. Socioeconomic indexes for areas in the AGDS cohort (N= 12,646)

Score Mean SD Min−Max

Disadvantage (IRSD) 1018 61 565−1143

Disadvantage-Advantage (IRSAD) 1021 73 690−1181

Education-Occupation (IEO) 1028 85 759−1234

Economic Resources (IER) 1003 60 584−1194

Note: AGDS, Australian Genetics of Depression Study; IRSD, Index of Relative Socioeconomic
Disadvantage; IRSAD, Index of Relative Socioeconomic Advantage and Disadvantage; IEO,
Index of Education and Occupation; IER, Index of Economic Resources.

Table 2. Distribution of depression outcomes

Number of episodes Number of symptoms

13 þ 36.0% 9 50.44%

12 0.75% 8 29.60%

11 0.20% 7 13.17%

10 7.21% 6 4.95%

9 0.69% 5 1.85%

8 3.14% Anxiety comorbidity

7 1.90% Present 56.30%

6 7.03% Absent 43.70%

5 9.31% Age of onset

4 10.83% Mean 21 years

3 11.62% SD 11 years

2 7.40% Max 79 years

1 3.94% Min 1 year
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Statistical Analysis

The statistical analyses for this research were carried out using R
software (version 4.2.2); specifically, the MASS, ggplot2, patch-
work, and ggrepel packages. Our approach involved a three-model
strategy, each designed to evaluate specific types of associations.
Given the diverse scales of our response variables — age of onset
(continuous), number of symptoms and episodes (ordinal), and
comorbidity with anxiety (binary) — we applied different
regression techniques: linear regression for continuous variables,
proportional odds logistic regression for ordinal variables, and
logistic regression for the binary variable.

For clarity and ease of interpretation, all independent variables,
including SEIFA scores, age, and PGS, were standardized to amean
of zero and a standard deviation of 1. The standardized variables
cover the following ranges: PGS (−4.15 to 3.79), IRSAD (−4.50 to
2.16), IEO (−3.15 to 2.40), IER (−6.9 to 3.13), and MM Class
(−0.54 to 3.67). All models accounted for the covariates sex, age,
and the first 10 ancestry principal components. When exploring
interactions between socioeconomic factors and depression PGS,
terms for PGS-by-covariate and SEIFA-score-by-covariate were
included in the models. Additionally, a Bonferroni correction was
applied to all statistical analyses for multiple testing, adjusting the
significance threshold to p = .05/69 = 7.2e-04.

Model 1 evaluated the predictive capability of the depression
PGS on depression outcomes without accounting for demographic
or socioeconomic factors (Eq. 1). Model 2 introduced socioeco-
nomic measures (IRSD, IRSAD, IEO, IER, MM) as independent
variables to assess their additional impact on the associations
found in Model 1 (Eq. 2). Additionally, this model examined the
regression effects on subgroups with low and moderate SEIFA
scores diversity and determined whether IRSAD consistently
outperformed IRSD in its predictive power.

Model 3 investigated interactions between MDD PGS and
socioeconomic/demographic factors on both additive and multi-
plicative scales (Eq. 3). For multiplicative interaction analysis, ‘age
of onset’was converted to a binary variable, classifying participants
into ‘early’ or ‘late’ onset groups based on a cut-off of 23 years. The
other dependent variables remained unchanged. This conversion
enabled inclusion in logistic regression or proportional odds
logistic regression analyses. Additive interactions were explored
through linear regressions for all outcomes; including interaction
terms in the model allowed us to estimate the effects of PGS and
socioeconomic factors beyond their individual contributions. All
the regressions conducted at this stage incorporated the PGS-by-
covariate and socioeconomic factor-by-covariate terms.

Depression Outcomes � PGS þ Age þ Sex þ PCs Eq. 1

Depression Outcomes � PGS þ SEIFA þ Age þ Sex þ PCs

Eq. 2

Depression Outcomes � PGS : SEIFA þ PGS

: Covariate þ SEIFA : Covariate Eq. 3

PGS~SEIFAþ Ageþ Sex þ PCs Eq. 4

As a sensitivity analysis, we replicated our three-model
approach using the most recent SEIFA scores, derived from the
2021 Census data. Despite minor adjustments from the 2016 to
2021 SEIFA versions, such as the revision of cut-off values for
variables like ‘high income’ or ‘occupation skill level’, the 2021
edition preserves the core methodologies and consistency with its
2016 predecessor. Considering that the AGDS questionnaire was
completed closer in time to 2016, leveraging more contemporary

Figure 1. Comparison between the association of the IRSAD and
the IRSD on all depression outcomes. A logarithmic scale was
used to display p values in order to improve visualization. Colors
represent the socioeconomic variables and the group where the
regression analysis was performed. Associations with significant
standardized beta coefficients/odds ratios are shown next to the
corresponding point. The dashed line indicates the corrected
significance threshold (p= 7.2e-04).
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data could potentially enhance the accuracy of our findings. This
additional analysis phase enabled us to evaluate the impact of
employing different SEIFA versions on the performance of our
models.

Finally, a series of regression analyses were carried out to explore
the relationship between SEIFA scores and depression PGS (Eq. 4).
This exploration aimed to understand how the socioeconomic context
of an individual’s place of residence might reflect their genetic
vulnerability to depression. These analyses, while separate from the
initial three-model strategy, adhered to the same protocols for
standardization and included the same covariates, ensuring a
consistent and rigorous examination of the relationship between
socioeconomic factors and genetic predisposition to depression.

Results

Main Effects of Depression PGS

The results from the first model revealed significant associations
betweenMDDPGS and all the evaluated depression outcomes.We
observed that a higher MDD PGS correlates positively with an
increase in the number of depressive episodes (OR= 1.12, 95% CI
[1.09, 1.16], p= 3.9e-13) and the number of symptoms (OR= 1.12;
95% CI [1.08, 1.15], p= 6.1e-11). Additionally, a higher PGS
corresponded to increased odds of comorbid anxiety (OR= 1.12;

95% CI [1.08, 1.16], p= 1.1e-09). Conversely, there was a negative
relationship betweenMDDPGS and the age at the onset of depression
(β=−0.44; p= 3.5e-07). These findings indicate that individuals with
higher MDD PGS are more likely to experience their first depressive
episode at an earlier age, in addition to having more episodes and
symptoms, and a higher likelihood of anxiety comorbidity.

Main Effects SEIFA Scores and MM Class

The second model highlighted significant negative correlations
between both the number of depressive symptoms and episodes
and the likelihood of comorbid anxiety with IRSAD and
IRSD scores. Figure 1 shows that IRSAD, which accounts for
socioeconomic advantages and disadvantages, exhibited
stronger and more statistically significant effects in comparison
to IRSD, focusing solely on socioeconomic disadvantage.
Notably, in the single instance where IRSAD did not surpass
IRSD, no statistically significant results were observed.

Additionally, this analysis indicated that narrowing the focus to
participants in postal codes with low or moderate SEIFA score
diversity did not enhance the significance or strength of the
associations. Consequently, further analyses included the entire
sample of 12,646 participants. The high correlation between IRSD
and IRSAD suggests that findings for IRSAD are generally
applicable to IRSD, except where explicitly stated otherwise.

Figure 2. Relationships between socioeconomic and demographic indicators (IRSAD, IEO, IER, and MM Class), and depression outcomes.
Note: IRSAD, Index of Relative Socioeconomic Advantage and Disadvantage; IEO, Index of Education and Occupation; IER, Index of Economic Resources; MM, Modified Monash
scale.
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Figure 2 illustrates the associations between socioeconomic and
demographic factors at the postal code level and depression
outcomes. Results from Model 2 also revealed significant negative
associations between IEO and IRSAD scores and the number of
depressive symptoms, number of episodes, and odds of comorbid
anxiety, indicating that higher scores in these indexes are linked to
fewer reported symptoms and episodes, and lower odds of having
comorbid anxiety. Interestingly, IERwas the only indicator displaying
a significant positive association with the age of onset, suggesting a
propensity for later-onset depression in more affluent areas.
Furthermore, significant links were identified between urbanicity
(as indicated by MM Class) and both the number of symptoms and
episodes. However, given the marginal significance of these
associations and the uneven distribution of participants across
the MM scale, these findings warrant cautious interpretation.

The IRSAD is significantly associated with the number of
depressive episodes (OR= 0.85; 95% CI [0.82, 0.89], p= 8.90e-23),
the number of symptoms (OR= 0.84; 95% CI [0.81, 0.88],
p= 1.81e-22), and comorbid anxiety (OR= 0.92; 95% CI [0.89,
0.95], p= 2.04e-05). The IEO shows a significant coefficient of 0.86
(OR; 95% CI [0.83, 0.89], p= 4.02e-22) for the number of episodes,
0.83 (OR; 95% CI [0.80, 0.87], p= 1.24e-23) for the number of
symptoms, and 0.91 (OR; 95% CI [0.87, 0.95], p= 6.32e-06) for
comorbid anxiety. Additionally, the IER is associated with the age
of onset (β = 0.37, p= 7.18e-06, R2=0.278), the number of
symptoms (OR= 0.93; 95% CI [0.90, 0.97], p= 1.36e-04) and
the number of episodes (OR= 0.94; 95% CI [0.90, 0.96],
p= 5.18e-05). The MM Class shows a small but significant
coefficient with the number of episodes (OR= 1.06; 95% CI [1.03,
1.09], p= 1.50e-04) and the number of symptoms (OR= 1.07; 95%
CI [1.04, 1.10], p= 5.00e-05). Statistically significant associations
are denoted by asterisks, adhering to a Bonferroni-corrected
threshold of p< 7.2e-04. The black dashed line indicates the
threshold for a null effect, while blue points represent polygenic
score coefficients/odds ratios, with their average depicted by the
dashed blue line.

Interaction Effects

The third model focused on exploring interaction effects revealed
no significant additive or multiplicative interactions between
depression PGS and any of the socioeconomic or demographic
factors. Table 3 presents results from the interaction analyses
between depression PGS and IRSAD scores (results across all
variables are available in the supplementary material). Additionally,
the analysis considered potential interaction effects between the
covariates ‘Sex’ and ‘Age’ and SEIFA scores or MM classification.
Although a few instances displayed p values below .05, none reached
statistical significance after adjusting for multiple testing.

This absence of significant interactions suggests that the
combined influence of depression PGS and each socioeconomic
measure on depression outcomes is merely additive or indepen-
dent, without exceeding the sum or product of their individual
effects. Consequently, this analysis provides no evidence to support
the presence of interactions between depression PGS and the
examined socioeconomic indicator.

SEIFA 2021 and 2016 Versions

Our comparative analysis between the 2021 and 2016 versions of
the SEIFAs revealed no statistically significant differences in the
outcomes derived from these datasets, as detailed in the
supplementary materials. Although we observed consistency

across the two SEIFA versions, we decided to use the 2016
SEIFA version since it provides a more accurate representation of
the socioeconomic conditions and experiences relevant to our
participants during the study period.

Relationship Between SEIFA Scores and Depression PGS

The results obtained from the analysis between depression PGS
and socioeconomic factors revealed significant correlations.
Specifically, we found that depression PGS were negatively
associated with both IRSAD (β = −2.38, p= 2.7e-04) and IEO
(β = −2.8, p= 1.5e-04), suggesting that higher depression PGS are
prevalent in areas with more pronounced socioeconomic disadvan-
tages and diminished educational opportunities. Interestingly, among
all the socioeconomic variables we analyzed, the IER showed the
weakest association with depression PGS (β = −0.4, p = .45). This
relatively weak and nonsignificant correlation implies that the
economic resources context, as measured by IER, might not be a
strong determinant in the residential patterns of individuals with
higher genetic predispositions to depression.

Discussion

The complexity of depression stems from the interplay between
genetic predispositions and environmental influences. Previous
studies have extensively investigated the correlation between MDD
and socioeconomic factors, yet the cumulative impact of genetic risk
alongside community-shared socioeconomic contexts on depression
outcomes has been less explored. This study aimed to bridge this gap
by examining the intersection of community-shared socioeconomic
and demographic factors, genetic risk, and MDD outcomes.

We confirmed that higher MDD PGS are significantly
associated with more severe depressive symptoms, an increased
number of episodes, a higher likelihood of comorbid anxiety, and
an earlier onset of depression in the AGDS sample. This aligns with
existing literature underscoring the relevance of PGS in MDD
diagnosis and its outcomes (Halldorsdottir et al., 2019; Musliner
et al., 2021; Purcell et al., 2007).

Our findings indicate that residing in areas with higher
socioeconomic advantage, particularly as measured by IRSAD and
IEO, correlates with fewer reported depressive symptoms and
episodes, and lower odds of having comorbid anxiety. This aligns
with prior research suggesting that favorable socioeconomic
conditions in neighborhoods serve as protective factors against
the aggravation and occurrence of depressive symptoms (Beard

Table 3. Additive and multiplicative interactions effects (IRSAD x DepPGS)

Additive Multiplicative

Depression
outcome Beta p value

Depression
outcome OR p value

Age of onset 0.013 .872 Early age of
onset

0.989 .619

Comorbid
anxiety

−0.0006 .891 Comorbid
anxiety

0.997 .884

Number
symptoms

0.002 .733 Number
symptoms

1.003 .840

Number
episodes

0.031 .417 Number
episodes

1.012 .421

Note: IRSAD, Index of Relative Socioeconomic Advantage and Disadvantage; DepPGS,
depression polygenic scores.
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et al., 2009; Wray et al., 2018). Similarly, we observed a notable
correlation between later depression onset and currently residing
in wealthier areas (IER). In contrast, the association between
urbanicity and depression outcomes was less pronounced,
indicating the need for further studies that include a more diverse
representation of rural and remote communities to fully under-
stand the role of urbanicity in depression outcomes.

Debate exists between social causation and social selection
theories: the first one proposes that social variables, including
urbanicity and socioeconomic status, may lead to mental health
issues, while the second one suggests that those with mental health
disorders may end up living in specific socioeconomic environ-
ments through mechanisms related to their disorder. Therefore,
caution must be taken when attributing a direction of causation
between genetic risk, phenotype, and socioeconomic or envi-
ronmental factors. These results may support the role of
community-shared socioeconomic factors in modulating mental
disorder prevalence, although the causal direction with mental
health remains ambiguous. Notably, the overlap among SEIFA
scores due to shared variables complicates their interpretation as
entirely independent indicators. This is exemplified in Figure 2,
where IRSD, IRSAD, and IEO indices demonstrate similar
patterns and statistical significance, likely attributable to shared
variables. For instance, the IEO index includes variables such as
the proportion of nontertiary educated, unemployed, or school-
ing individuals, which are also prevalent in IRSAD. However,
IRSAD and IER share distinct variables like income levels,
mortgage status, and homeownership, absent in IEO. Crucially,
these overlaps underline the pivotal influence of education and
employment variables on the association between SEIFA scores
and lifetime depression severity, as indicated by symptom count
and episode frequency. The association between depression
outcomes and lower educational-occupational scores in the area
in which participants reside at the time they enrol in the AGDS
may suggest that experiencing depression, and its corresponding
severity, might act as an obstacle to educational attainment or
occupational trajectory. On the other hand, previous literature
has shown that higher education can provide individuals with
better coping mechanisms, a broader social network, and
increased self-efficacy (Wang et al., 2010), all of which can act
as buffers against mental health challenges.

Our analysis did not uncover significant interaction effects
between depression PGS and socioeconomic variables, suggesting
that the influence of these variables on depression outcomes might
operate independently, without amplifying or mitigating each
other’s impact. Nonetheless, since interaction effects are known to
be harder to detect, the absence of interaction effects might also be
attributed to the limitations in our study such as dataset size or
composition.

An interesting result is the significant association between
SEIFA scores and MDD PGS, which highlights the relationship
between genetic susceptibility to depression and shared socioeco-
nomic factors within communities. The observed link between
higher depression PGS and residing in socioeconomically
disadvantaged areas could indicate that individuals genetically
predisposed to depression may be more affected by the stressors
and challenges of economic adversity. This vulnerability may arise
from limited access to resources, exposure to daily stress, or
reduced chances for social and economic mobility. On the other
hand, individuals at greater risk of depression might face
difficulties in securing professional roles or achieving optimal
performance in their careers. This can lead to financial struggles

and stressful situations, further confining them to economically
deprived areas.

These findings underscore the importance of considering
socioeconomic contexts in psychiatric care and the formulation of
public policies aimed at mitigating the impact of socioeconomic
factors on mental health in disadvantaged communities. The lack
of significant gene-environment interaction effects in our findings
suggests an independent effect of genetic and socioeconomic
factors on depression outcomes. However, this interpretation
requires further investigation for greater clarity. Further research,
potentially using longitudinal data or methodologies like
Mendelian randomization, is needed to clarify these associations
and determine the causal directions of our findings.

Our study, while insightful, has several limitations that must be
acknowledged. First, the use of postal code-level data to
approximate community-shared socioeconomic factors offers a
broad overview but may not accurately reflect the socioeconomic
experiences of participants. This generalized approach could
potentially overlook nuanced, individual-level socioeconomic
variations. Second, our reliance on self-reported data for
depression outcomes introduces the possibility of recall bias and
inconsistencies in reporting, either as under-reporting or over-
reporting. Additionally, our socioeconomic indicators, though
comprehensive, may not encompass all relevant factors that could
impact depression characteristics, suggesting the need for a more
exhaustive set of variables in future research. A further limitation is
the temporal mismatch between the assessment of depression
outcomes — based on an individual’s lifetime or their worst
episode— and the collection of postcode data, which reflects their
current residence. This discrepancy means we cannot ascertain the
socioeconomic context during the actual period of depression
experience. Lastly, the composition of our study sample,
predominantly wealthier and more educated individuals, restricts
the diversity and hence the generalizability of our findings. A more
heterogeneous sample would be beneficial in future studies to
ensure broader applicability of the results.

Conclusion

This study has demonstrated the presence of significant, yet
independent, associations between genetic predispositions to
depression (reflected through MDD PRS) and shared socioeco-
nomic factors within communities. Our analysis indicates that
individuals displaying fewer depressive symptoms and episodes,
along with a reduced likelihood of comorbid anxiety, tend to reside
in areas characterized by higher socioeconomic status and better
education-occupation outcomes. Additionally, a trend towards
later onset of depression was observed in participants who reported
living in wealthier areas. Importantly, we found no significant
interaction between genetic predispositions and socioeconomic
factors, implying that these factors independently contribute to
depression outcomes. This observation calls for further research to
substantiate these findings and deepen our understanding of the
complex interplay between genetics and environment in mental
health. The findings of this research underscore the critical
importance of considering socioeconomic factors in the delivery of
psychiatric care and the formulation of public policies aimed at
reducing mental health disparities. By integrating insights on both
genetic susceptibilities and socioeconomic environments, future
interventions can be better tailored to address the multifaceted
nature of depression and improve mental health outcomes across
diverse communities.
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