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Abstract

Background. In this study, we examined the relationship between polygenic liability for depres-
sion and number of stressful life events (SLEs) as risk factors for early-onset depression treated
in inpatient, outpatient or emergency room settings at psychiatric hospitals in Denmark.
Methods. Data were drawn from the iPSYCH2012 case-cohort sample, a population-based
sample of individuals born in Denmark between 1981 and 2005. The sample included
18 532 individuals who were diagnosed with depression by a psychiatrist by age 31 years,
and a comparison group of 20 184 individuals. Information on SLEs was obtained from
nationwide registers and operationalized as a time-varying count variable. Hazard ratios
and cumulative incidence rates were estimated using Cox regressions.
Results. Risk for depression increased by 35% with each standard deviation increase in poly-
genic liability (p < 0.0001), and 36% (p < 0.0001) with each additional SLE. There was a small
interaction between polygenic liability and SLEs (β =−0.04, p = 0.0009). The probability of
being diagnosed with depression in a hospital-based setting between ages 15 and 31 years ran-
ged from 1.5% among males in the lowest quartile of polygenic liability with 0 events by age 15,
to 18.8% among females in the highest quartile of polygenic liability with 4+ events by age 15.
Conclusions. These findings suggest that although there is minimal interaction between polygenic
liability and SLEs as risk factors for hospital-treated depression, combining information on these
two important risk factors could potentially be useful for identifying high-risk individuals.

Introduction

Depression is a common disorder, affecting up to 20.6% of people at some point during their
lifetimes (Hasin et al., 2018). Although most individuals with clinical depression are treated in
a primary care setting (Musliner et al., 2019; Olfson, Kroenke, Wang, & Blanco, 2014; Wang
et al., 2007), in some cases, depression can require secondary treatment by specialists or even
inpatient hospitalization (Pedersen et al., 2014). Although the biological mechanisms that give
rise to an episode of depression are not clearly understood, a number of risk factors for depres-
sion have been consistently identified, including family history (Weissman et al., 2016), female
gender (Weissman et al., 1993), and in particular, stressful life events (SLEs) such as the death
of a relative, divorce, or serious illness (Hammen, 2005; Kessler, 1997). The existence of a rela-
tionship between stress and depression is beyond doubt (Anda et al., 2006; Dahl et al., 2017);
however, most individuals experience stress and SLEs at some point in their lives, and relatively
few go on to receive a depression diagnosis in a secondary care setting (Dahl et al., 2017).
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The diathesis-stress model posits that an individual’s likeli-
hood of developing depression is a combination of his underlying
vulnerability (i.e. ‘diathesis’) related to factors such as genetics,
biology or personality, and the external environments he encoun-
ters throughout his life (i.e. ‘stress’) (Monroe & Simons, 1991).
Typically, this model conceptualizes the relationship between
diathesis and stress as an interactive one, meaning that the greater
the diathesis, the larger the depressogenic impact of stress. Recent
findings from large, genome-wide association studies suggest that
the underlying genetic architecture of depression is polygenic,
meaning that large numbers of common genetic variants, each
with small effects, contribute additively to depression (Howard
et al., 2019; Wray et al., 2018). This genetic liability can be sum-
marized in a single variable called a polygenic risk score (PRS),
which is a weighted sum of risk contributions from many genetic
variants.

To our knowledge, nine studies have previously examined the
interaction between PRSs and stress as risk factors for depression
(Arnau-Soler et al., 2019; Coleman et al., 2020; Colodro-Conde
et al., 2018; Fang, Scott, Song, Burmeister, & Sen, 2020;
Mullins et al., 2016; Musliner et al., 2015; Peterson et al., 2018;
Peyrot et al., 2014, 2018). The first study (Peyrot et al., 2014) showed
an interaction between PRS and childhood trauma that appeared to
follow the traditional ‘fan-shape’ where the slope of the PRS effect
was steeper among individuals who had experienced childhood
trauma relative to those who had not. However, subsequent
PRS × stress studies have yielded inconsistent results, with some
finding evidence for interaction (Arnau-Soler et al., 2019; Coleman
et al., 2020; Colodro-Conde et al., 2018; Fang et al., 2020; Mullins
et al., 2016) and some failing to do so (Mullins et al., 2016;
Musliner et al., 2015; Peterson et al., 2018; Peyrot et al., 2018).

A great challenge facing G × E research involving SLEs is that
previous studies have typically as a matter of necessity been con-
ducted retrospectively, meaning that individuals are classified as
cases or non-cases and then asked to report on their past history
of SLEs. This approach has several limitations – first, it fails to
take into account the time-varying nature of SLEs, which can
and often do occur at multiple points in the lifespan. Second, it
introduces the potential for recall bias, given that individuals
with depression are more likely to recall SLEs that occurred in
the past (Colman et al., 2016). Third, it precludes the direct esti-
mation of the incidence (i.e. risk) of developing depression, which
requires following a population of unaffected individuals forward
in time.

To address these issues, we conducted a prospective analysis of
the interaction between PRS for depression and SLEs, measured
as a time-varying covariate, in a large, population-based sample
of individuals born in Denmark and followed for up to 21
years. Our primary aim in this study was to characterize the indi-
vidual and combined effects of these two risk factors on risk for
developing depression in early life. As a secondary aim, we exam-
ined potential differences between men and women, as female sex
is a consistent risk factor for both depression and certain types of
SLEs, and at least one previous study found evidence that the
PRS × SLE interaction was stronger in women (Colodro-Conde
et al., 2018).

Methods

Study design

Data for this study were drawn from the iPSYCH2012 sample
(Pedersen et al., 2018), which has a case-cohort design

(Prentice, 1986). A case-cohort design is similar to a nested case-
control design in that a case group and a comparison group are
selected from a larger cohort (i.e. the ‘full cohort’). However
unlike a case-control design, members of the comparison group
are not controls per se, as they are not selected on the basis of
the absence of case status. Rather, the comparison group consists
of a random sample of individuals (i.e. the ‘subcohort’), selected
from the full cohort irrespective of case status. Thus, some of
the cases are also members of the subcohort, and some are not.
This design is useful because it allows for the unbiased calculation
of risk and hazard ratios for multiple potential outcomes of inter-
est, but at a fraction of the cost of a cohort study as only a subset
of non-cases need to be genotyped (Prentice, 1986).

Case-cohort data are analyzed using survival analysis as in
cohort studies, with the addition of sample weights to account
for the under-sampling of non-cases. All members of the subco-
hort, including cases, contribute person time to the survival ana-
lyses. Cases inside the subcohort are included in the risk sets for
other cases who develop the outcome before them. In contrast,
cases outside the subcohort do not contribute person time to
the analyses, and contribute only to the risk set in which they
themselves are the case (Barlow, 1994; Barlow, Ichikawa,
Rosner, & Izumi, 1999; Petersen, Sorensen, & Andersen, 2003;
Prentice, 1986; Self & Prentice, 1988). For a more comprehensive
overview of the design and analysis of case-cohort studies, see
Musliner et al. (2019), online Supplementary materials or
Barlow et al. (1999).

Data source and case ascertainment

The iPSYCH2012 case-cohort sample was drawn from the full
cohort of all singletons born in Denmark between May 1981
and 31 December 2005 who were alive and living in Denmark
on their first birthday and who had known mothers (N = 1 472
762) (Pedersen et al., 2018). The sample includes a random sub-
cohort of 30 000 individuals, and all individuals (N = 57 377) who
received a mood disorder, schizophrenia, autism, or ADHD diag-
nosis in a Danish psychiatric hospital between 1994 and 2012.
Psychiatric diagnoses were obtained from the Danish
Psychiatric Central Research Register (DPCRR) (Mors, Perto, &
Mortensen, 2011) which includes all inpatient contacts at
Danish psychiatric hospitals since 1969 and all outpatient and
emergency contacts since 1995. As the vast majority of psychia-
trists in Denmark operate in publically funded psychiatric hospi-
tals, the DPCRR is considered almost complete in terms of
records of diagnoses given in secondary care (Mors et al.,
2011). Approximately 4% of individuals in the random subcohort
are also cases, meaning they received at least one of the psychiatric
diagnoses listed above.

Study sample

For this study, we selected all individuals from the subcohort who
were alive and residing in Denmark at age 10 years and who
reached the age of 10 before the end of follow-up on 31
December 2012 (N = 26 062). In addition, we included all indivi-
duals diagnosed with depression [ICD, 10th revision (ICD-10):
F32–F33] from among the cases outside the subcohort (N =
24 327). The sample was further restricted to individuals of
European ancestry, individuals who were successfully genotyped
and passed quality control (QC), and unrelated individuals
(pi-hat < 0.20). The final sample included 38 716 persons:
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18 153 depression cases outside the subcohort, and 20 563 subco-
hort members of whom 379 were also depression cases (18 532
depression cases total). The oldest individuals (those born in
1981) were 31 years old at the end of follow-up, thus the max-
imum follow-up time was 21 years.

Genetic data

Since May 1981, dried blood spot samples from PKU screenings
given to all newborn babies in Denmark have been stored in the
Danish Newborn Screening Biobank (Norgaard-Pedersen &
Hougaard, 2007). DNA was extracted from these blood spots
and amplified in triplicate at the Danish State Serum Institute
(Hollegaard et al., 2009, 2011; Pedersen et al., 2018). The samples
were genotyped at The Broad Institute of Harvard and MIT
(Cambridge, MA, USA) using the Infinium PsychChip v1.0
array (Illumina, San Diego, CA, USA) according to the manufac-
turer’s protocols (Pedersen et al., 2018). This array was developed
in collaboration with the Psychiatric Genomics Consortium
(Sullivan et al., 2018) to tag ∼300 000 SNPs spread across the gen-
ome and an additional ∼200 000 variants associated with com-
mon psychiatric disorders. QC and imputation were conducted
using the Ricopili pipeline (Lam et al., 2019). Samples were
excluded if they had call rates <95%, inbreeding coefficient >0.2,
or if the genetically determined sex did not match the sex
recorded in the Danish Civil Registration System (DCRS)
(Pedersen, 2011). Altogether, 90% of the sample (N = 77 639)
passed QC. Variant calls were improved by a filtering process
that excluded variants with call frequency <0.98 or a Hardy–
Weinberg Equilibrium p value <1 × 10−6. Genetic variants that
passed QC were phased and subsequently imputed using
Shape-IT (Delaneau, Coulonges, & Zagury, 2008) and
IMPUTE2 (Howie, Donnelly, & Marchini, 2009) with 1000 gen-
omes phase 3 (Genomes Project Consortium et al., 2015) as the
reference panel.

Polygenic risk score
The PRS for depression was generated using a Meta-PRS, which
combines externally and internally trained PRSs (Albiñana et al.,
2020). This approach of combining internal and external data
has been found to improve predictive accuracy over methods that
use either external or internal data alone (Albiñana et al., 2020).

The externally trained component (PRSext) was built using the
LDpred software (Vilhjalmsson et al., 2015), using the most recent
GWAS results for depression (Howard et al., 2019) as the discov-
ery dataset. To build PRSext, we used the set of 166 906 SNPs from
the iPSYCH2012 genotyped set that overlapped with HapMap3
and the discovery GWAS (excluding SNPs with ambiguous
nucleotides). The LD reference panel was obtained from a ran-
dom sample of 10 000 unrelated individuals of European ancestry
from the iPSYCH2012 subcohort. We used the infinitesimal
model ( p = 1), which assumes all variants are causal, as this
model resulted in the highest predictive accuracy for depression
in an internal cross-validation test.

For the internally trained component (PRSint), we selected 539
744 SNPs from the iPSYCH2012 genotyped set where minor allele
frequency >1% and missing values <10%. We then used the
BOLT-LMM software (Loh et al., 2015; Loh, Kichaev, Gazal,
Schoech, & Price, 2018) on the unrelated individuals of
European ancestry to obtain per-SNP prediction βs (BLUP)
including in the model genotype wave, sex, age, and the first

two ancestral principal components (PCs) as covariates. These
βs were then used as weights (wint) to generate PRSint.

Finally, the meta-PRS was obtained from the linear combin-
ation of the internally and externally trained components, with
weights trained using linear regression (lm function in R):

MetaPRS = w0 + wintPRSint + wextPRSext

To avoid overfitting, we used 10-fold cross-validation by
training the PRSint using 9/10ths of the data and then using two-
fold cross-validation in the remaining 10% of the data to fit the p
parameter for the PRSext and the regression weights for the
meta-PRS. The resulting meta-PRS was standardized [mean = 0,
standard deviation (S.D.) = 1] using the mean and SD from the
iPSYCH2012 subcohort.

Stressful life events

The following SLEswere included in the analyses: family disruption,
parental unemployment due to disability, childhood maltreatment,
severe somatic illness, and death of a close relative. A prior register-
based study fromDenmark showed that these events are all individu-
ally associated with depression, and that the number of SLEs has a
dose–response relationship with depression risk (Dahl et al.,
2017). Data on family disruption were obtained from the DCRS,
which includes information on peoples’ full address and dates of
moving (Pedersen, 2011). Family disruption in childhood was
broadly defined as all instances in which a child’s parents or parental
figures ceased to live together, including divorce/separation of bio-
logical parents, and divorce/separation between a child’s biological
parent and a cohabitating step-parent. Family disruption in adult-
hood was defined as the individual him or herself ceasing to cohabi-
tate with a spouse, or a partner with whom he or she shared a child.
Parental unemployment due to disability was measured using
employment records from the Danish Register on Personal Labor
Market Affiliation (Petersson, Baadsgaard, & Thygesen, 2011).
Parental disability was defined as November 1 on the first year a
child’s mother or father was recorded as receiving a disability
pension. Maternal and paternal disability were handled as separate
events. Childhood maltreatment was defined as the date on which
the child received a diagnosis of neglect or abandonment (ICD-10
codes T74.0), sexual abuse (T74.2, Z61.4, Z61.5), physical abuse
(T74.1), psychological abuse (T74.3) or other or unspecified mal-
treatment syndromes (T74.8, T74.9) in the Danish National
Patient Register (DNPR) (Lynge, Sandegaard, & Rebolj, 2011).
Severe somatic illness in the individual or the individual’s’s first-
degree relatives (parents, siblings, children) was also determined
using diagnoses from the DNPR. Individuals were coded as 0, 1 or
2+ based on their score of the Charlson Comorbidity Index
(Charlson, Pompei, Ales, & MacKenzie, 1987; Thygesen,
Christiansen, Christensen, Lash, & Sorensen, 2011). Finally, death
of a first-degree relative was assessed using vital statistics from the
DCRS. Deaths of a parent, sibling, or child were handled as separate
events.

Statistical analyses

Hazard ratios were estimated from Cox regressions with the add-
ition of sample weights to account for the case-cohort design. We
assigned weights based on the method proposed by Prentice
(1986) in which members of the subcohort, including cases,
receive a weight of 1, and cases outside the subcohort receive
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weight 0. SLEs were defined as a time-varying count variable
representing the number (0–4+) of events experienced by each
individual at a given point in time starting at age 10 and ending
on the date of first depression diagnosis, death, emigration or 31
December 2012, whichever came first. Individuals entered the
analyses with however many SLEs they had experienced prior to
age 10, and contributed person time to that strata until they
experienced a new SLE, or were censored. Analyses were con-
ducted in R and SAS 9.4.

We first fit main effects models including PRS, SLEs, sex, birth
year, and the first five PCs. We evaluated the linearity of the asso-
ciations by first modeling SLEs as a categorical variable, and mod-
eling the PRS using restricted cubic splines (Gray, 1992;
Perperoglou, Sauerbrei, Abrahamowicz, & Schmid, 2019). As
the effects of both the PRS and SLE variables were linear, we mod-
eled both SLEs and PRS as continuous linear variables in all sub-
sequent models. Next, we fit an interaction model including all
terms from the main effects model as well as an interaction
term for PRS and SLEs. We also fit a saturated version of the
interaction model including all PRS-by-covariate interaction
terms and all SLE-by-covariate interaction terms to account for
potential confounding (Keller, 2014). As the results from the satu-
rated model differed only slightly from those of the non-saturated
interaction model, we proceeded with the more parsimonious
unsaturated model. We examined potential sex interactions by fit-
ting a second interaction model that included two-way interac-
tions for PRS and SLEs, PRS and sex, and SLEs and sex, and a
three-way interaction term for PRS × SLEs × sex.

Assessing interaction on the additive scale
Interaction can occur on either the multiplicative or the additive
scale. Interaction on the multiplicative scale is present when the
combined effects of two risk factors is larger (positive interaction)
or smaller (negative interaction) than the product of the individ-
ual effects. Interaction on the additive scale is present when the
combined effects of two risk factors are larger or smaller than
the sum of the individual effects (Knol, van der Tweel, Grobbee,
Numans, & Geerlings, 2007). The absence of interaction on one
scale does not preclude the presence of interaction on the other,
and it is possible for an interaction to be negative on the multi-
plicative scale and positive on the additive scale (Knol et al.,
2007). Cox regressions assess interaction on the multiplicative
scale, therefore to also assess interaction on the additive scale,
we calculated the excess risk due to interaction (RERI) (Knol
et al., 2007), which has been shown to be the optimal measure
for additive interaction in proportional hazards models (Li &
Chambless, 2007). The 95% confidence intervals for the RERI
were obtained by bootstrapping (n = 1000).

Gene-by-environment correlation
Previous research has suggested that genetic liability may be asso-
ciated with the likelihood of experiencing SLEs – a phenomenon
known as gene–environment correlation (Kendler & Karkowski-
Shuman, 1997; Middeldorp, Cath, Beem, Willemsen, &
Boomsma, 2008). We tested for potential gene–environment cor-
relation by estimating the hazard of experiencing one or more
SLEs during the follow-up period associated with each S.D.
increase in PRS. Because SLEs are associated with depression
and the case-cohort sample includes a disproportionate number
of depression cases relative to the true underlying population,
we examined the PRS-by-SLE association in the subcohort only
(n = 20 563).

Absolute risk
To estimate the absolute risk of depression, we fit Cox regression
models with the number of SLEs and PRS quartile as fixed covari-
ates. We used age 15 years as the cut-off for experiencing SLEs
and estimated the absolute risk of depression after age 15 years
stratified by the number of SLEs prior to age 15 years.
Therefore, for these analyses, we used the subsample of indivi-
duals who were not diagnosed with depression or censored due
to death, emigration, or end of follow-up prior to age 15 (16
520 depression cases, 15 292 subcohort members, total N = 31
812). We then estimated risk by deriving the Nelson–Aalen esti-
mator of the cumulative incidence C(t) as P(t) = 1− exp(− C(t)
exp (PRS × β)) where β was estimated in the Cox regression
model.

Results

Sample characteristics including sex, calendar year at birth, age at
depression diagnosis, and number of SLEs at the start of follow-up
(age 10) for depression cases and subcohort members are shown
in online Supplementary Fig. S1. Compared to subcohort mem-
bers, depression cases were more likely to be female, to have
been born in an earlier calendar year, and to have experienced
one or more SLEs before age 10 years. Among cases, median
age at first depression diagnosis was 19 years (interquartile range
= 17–23 years).

Figure 1 shows the distributions of the number and types of
SLEs experienced by the members of the iPSYCH2012 subcohort
from birth to age 31 years. Because the subcohort is a random
sample of the Danish population, these distributions represent
the patterns of SLEs experienced from birth through age 31 in
the entire Danish population born during that time period. The
number of SLEs increased steadily with age; by their early 30s,
over half of the individuals in the subcohort had experienced at
least one SLE (Fig. 1a). Predictably, the most common event
was family disruption (Fig. 1b). The associations between individ-
ual SLE and depression were fairly consistent in our sample (see
online Supplementary Fig. S2).

Main effects of PRS and SLEs on depression

Figure 2 illustrates the main effects of both PRS and SLEs on
depression. As in prior research (Dahl et al., 2017), there was a
dose–response relationship between the number of SLEs and
depression risk. Individuals with 4+ SLEs were 3.8 times more
likely to develop depression than individuals with no SLEs (HR
= 3.8, 95% CI 3.6–4.0). The hazard of depression increased by
36% with each additional SLE (HR = 1.36, 95% CI 1.33–1.39; p
< 0.0001) (Table 1). Each standard deviation increase in PRS
was associated with a 35% increase in risk for depression (HR
= 1.35, 95% CI 1.31–1.38; p < 0.0001) (Table 1). There was also
a smaller, but still significant, association between PRS and risk
for SLEs in the subcohort, such that each S.D. increase in PRS
was associated with a 9% increase in the hazard of experiencing
at least one SLE after age 10 (HR = 1.09, 95% CI 1.07–1.11).

Interactions between PRS and SLEs as risk factors for
depression

Figure 3 shows the interactions between SLEs and PRS. The inter-
action term for PRS and SLEs was small but statistically signifi-
cant (β =−0.04, p = 0.001) (Table 1). The interaction effect on
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the additive scale was again small, and in this instance positive
(RERI = 0.09, 95% CI 0.06–0.12). Results from the model includ-
ing the three-way interaction with gender showed that the effect
of PRS was slightly stronger in females (HRint = 1.08, 95% CI
1.01–1.16; p = 0.02), however there was no difference in the inter-
action between PRS × SLEs by gender (Table 1). The cumulative
incidence of secondary-treated depression from age 15 to age 31
stratified by PRS quartile and number of SLEs is shown in
Fig. 4. Estimates of the probability of depression ranged from

1.5% among males in the bottom PRS quartile with 0 SLEs at
age 15 to 18.8% among females in the top PRS quartile with 4+
SLEs by age 15.

Discussion

Our aims in this study were to characterize the relationship
between SLEs and polygenic liability as risk factors for early-onset
depression treated in hospital-based care, and determine if this

Fig. 1. Distribution of the number and type of stressful life events from birth to age 31 in a random sample of individuals born in Demark between 1981 and 2005.
(a) Number of stressful life events. (b) Type of stressful life events.

Fig. 2. Main effects of PRS and SLEs on risk for receiving a depression diagnosis in secondary-care settings by age 31. (a) Main effect of PRS on depression. (b) Main
effect of SLEs on depression.
Note. Predicted values obtained from a Cox proportional hazards model including the following covariates: SLEs as a categorical variable, PRS as a continuous
variable with restricted cubic splines, sex, birth year, and the first five ancestral principal components. Panel A shows the predicted log hazard ratios for PRS
with covariates adjusted to the following levels: SLEs = 0, sex = female, birth year = 1989, PC01 = 0.0003836, PC02 =−0.000254, PC03 = 0.00001914, PC05 =
0.00001004. Panel B shows the predicted log hazard ratios for different SLE levels with PRS adjusted to 0, and all other covariates adjusted to the same levels
as in Panel A.

Psychological Medicine 221

https://doi.org/10.1017/S0033291721001410 Published online by Cambridge University Press

https://doi.org/10.1017/S0033291721001410


relationship differs by sex. We found statistically significant inter-
actions between SLEs and the PRS on the multiplicative and
additive scales, however the effect sizes were small and in opposite
directions. As a result, we believe these findings do not support
the idea that SLEs and PRS interact with one another as risk fac-
tors for depression. Although our results suggested that the effect
of PRS itself might be slightly stronger in women, the interaction
between SLEs and PRS did not differ by gender.

The absence of interaction between PRS and SLEs does not
mean there is no value in examining both variables together.
Like many prior studies, we found significant main effects for
both PRS and SLEs that operated in a more or less additive
fashion. The large differences in risk for depression among
individuals with high PRS and SLEs v. low indicate that

combining information on PRS and SLEs
could potentially help identify groups of individuals at particu-
larly high risk for developing depression in early life. These
individuals might benefit from targeted interventions such as
increased monitoring by their primary care physicians, teachers,
and counselors; education to improve awareness of depression
signs and symptoms; or triage into specialized care upon recog-
nition of early signs or symptoms.

Methodological considerations

This study has numerous strengths, including large sample size,
prospective design, and representative sampling. Most notably,
the detailed, longitudinal nature of the registers allowed us to

Table 1. Results from Cox proportional hazards models estimating the main effects and interactions for PRS, SLEs and sex on risk for early-onset depression
diagnosed in secondary-care settings

Main effects model Interaction model 1: PRS × SLE
Interaction model 2: PRS × SLE ×

SEX

Covariate HR (95% CI) p HR (95% CI) p HR (95% CI) p

PRS 1.35 (1.31–1.38) <0.0001 1.42 (1.37–1.47) <0.0001 1.35 (1.28–1.42) <0.0001

SLE 1.36 (1.33–1.39) <0.0001 1.38 (1.357–1.41) <0.0001 1.39 (1.35–1.44) <0.0001

Sex 2.27 (2.16–2.39) <0.0001 2.28 (2.17–2.39) <0.0001 2.32 (2.17–2.47) <0.0001

Birth year 1.09 (1.08–1.09) <0.0001 1.09 (1.08–1.09) <0.0001 1.09 (1.08–1.09) <0.0001

PRS × SLE – – 0.96 (0.94–0.99) 0.0009 0.99 (0.96–1.02) 0.50

PRS × SEX – – – – 1.08 (1.01–1.16) 0.02

SLE × SEX – – – – 0.98 (0.94–1.03) 0.46

PRS × SLE × SEX – – – – 0.96 (0.92–1.00) 0.08

Note. All models also adjusted for the first five ancestral principal components. PRS and SLEs both modeled as continuous variables.

Fig. 3. Multiplicative and additive interactions between PRS and SLEs as risk factors for receiving a depression diagnosis in secondary-care settings by age 31.
(a) Effect of PRS on depression by number of SLEs. (b) Hazard ratio by PRS and SLE.
Note. Panel A shows results obtained from a Cox regression model including PRS and SLEs (modeled as continuous variables), sex, birth year and the first five
ancestral principal components. Panel B shows results for the interaction on the additive scale. RERI estimates were obtained from the multiplicative Cox
model using the following formula described in Knol et al.: (eβ1+β2+β3)–eβ1–eβ2 + 1, where β1 is the coefficient for the effect of SLEs, β2 is the coefficient for the effect
of PRS, and β3 is the coefficient for the interaction effect between PRS and SLEs. The effect of SLEs represents the increase in depression risk associated with a 1
unit increase in SLEs (i.e. going from 0 to 1 SLE, or going from 1 to 2 SLEs) where PRS = 0. The effect of PRS represents the increase in depression risk associated
with each 1 S.D. increase in PRS where SLEs = 0.
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construct an SLE measure that varied over time, providing a more
fine-grained image of how stress is distributed in the Danish
population from birth through age 30. To our knowledge, no
prior G × E study has been able to incorporate this level of detail
on SLEs without relying on retrospective self-report.

A number of methodological considerations need to be kept in
mind when interpreting the results, however. First, the
iPSYCH2012 sample does not include as cases individuals who
experienced depression but were not treated, or treated outside
of hospital settings. Prior research has shown that only around
25% of individuals who receive medical treatment for depression
in Denmark are seen for depression in secondary-care settings
within 5 years of onset (Musliner et al., 2019). Therefore, these
results may not generalize to individuals with depression treated
outside of secondary care settings, or they may be biased toward
the null due to the presence of untreated or primary-care treated
cases in the comparison group. In addition, experiencing SLEs
and other systematic factors may be directly or indirectly asso-
ciated with receiving treatment for depression. However, the
focus on hospital-treated depression patients also makes these
results potentially more useful for psychiatrists operating in
these settings, as they pertain precisely to those patients that psy-
chiatrists generally see in their practice.

Second, the register-based nature of the SLE measures has both
benefits and drawbacks. Because information on SLEs comes from
population-based registers, certain events, such as death of a rela-
tive, are nearly 100% accurate and reliable. Others, such as child-
hood maltreatment, capture only a small proportion of the true
cases in the population and still others, such as family disruption,
capture the event but not its context. For example, while the death
of a family member can be assumed to be highly stressful in vir-
tually all cases, a family separation might be highly stressful, or it
might be amicable, or it might even mark the end of a stressful
period depending on the context. We were also unable to measure
events not included in the registers, such as bullying.

Third, there is likely an association between an individual’s
genetic makeup and his or her likelihood of experiencing
SLEs. Indeed, having a parent with a serious mental illness is
itself a source of stress in childhood, making it even more diffi-
cult to disentangle the relationships between genes, stress, and
subsequent psychopathology. In this study, the PRS for depres-
sion was associated with SLEs, which suggests that some degree
of gene–environment correlation was likely present.

Fourth, the iPSYCH2012 sample is young, with age at first
depression diagnosis ranging from 10 to 31 years and a median
age at onset of 19. As a result, these findings may not generalize
to depression with onset in middle or late life. Furthermore,
because of their youth, some of the cases are almost certainly
experiencing depression that is in fact part of an as-yet undiag-
nosed bipolar or schizophrenia illness (Musliner & Ostergaard,
2018; Musliner, Munk-Olsen, Mors, & Østergaard, 2017). Our
prior work showed that PRSs for schizophrenia and bipolar dis-
order were associated with progression to psychotic disorders
and bipolar disorder, respectively, among individuals with depres-
sion, however PRS for major depression was not (Musliner et al.,
2020).

Fifth, the sample was restricted to individuals of European
ancestry, which limits the potential for confounding due to popu-
lation stratification, but also limits the generalizability of the
results to non-European populations. The almost exclusive focus
on samples of European ancestry is a disturbing trend in the
field which could exacerbate health disparities if/when PRSs are
incorporated into clinical care (Martin et al., 2019).

Finally, the PRS used in this study was calculated using sum-
mary statistics from GWAS studies of depression that did not
incorporate information on stress – thus, any SNPs that only
have an association with depression among individuals exposed
to stress, or SNPs with strong plasticity effects, would not have
been included.

Conclusions

In this large, population-based sample of individuals born in
Denmark between 1981 and 2002, we did not find convincing evi-
dence to support the existence of a clinically meaningful inter-
action between PRS and SLEs as risk factors for secondary-
treated depression in early life. However, differences in risk
based on PRS and number of SLEs suggest that combining
individual-level information on PRS and SLEs could help identify
groups of individuals at increased risk for developing depression
before age 31.
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