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Background: Early-onset depression during childhood and adolescence is associated with a worse course of illness
and outcome than adult onset. However, the genetic factors that influence risk for early-onset depression remain
mostly unknown. Using data collected over 13 years, we examined whether polygenic risk scores (PRS) that capture
genetic risk for depression were associated with depressive symptom trajectories assessed from childhood to
adolescence. Methods: Data came from the Avon Longitudinal Study of Parents and Children, a prospective,
longitudinal birth cohort (analytic sample = 7,308 youth). We analyzed the relationship between genetic suscepti-
bility to depression and three time-dependent measures of depressive symptoms trajectories spanning 4–16.5 years
of age (class, onset, and cumulative burden). Trajectories were constructed using a growth mixture model with
structured residuals. PRS were generated from the summary statistics of a genome-wide association study of
depression risk using data from the Psychiatric Genomics Consortium, UK Biobank, and 23andMe, Inc. We used
MAGMA to identify gene-level associations with these measures. Results: Youth were classified into six classes of
depressive symptom trajectories: high/renitent (27.9% of youth), high/reversing (9.1%), childhood decrease (7.3%),
late childhood peak (3.3%), adolescent spike (2.5%), and minimal symptoms (49.9%). PRS discriminated between
youth in the late childhood peak, high/reversing, and high/renitent classes compared to the minimal symptoms and
childhood decrease classes. No significant associations were detected at the gene level. Conclusions: This study
highlights differences in polygenic loading for depressive symptoms across childhood and adolescence, particularly
among youths with high symptoms in early adolescence, regardless of age-independent patterns. Keywords:
Depression trajectories; longitudinal; polygenic risk scores; development; ALSPAC.

Introduction
Major depressive disorder (MDD) is one of the most
common, costly, and disabling mental disorders,
with lifetime prevalence estimated at 11.7% among
adolescents (Merikangas et al., 2010) and 16.6%
among adults in the United States (Kessler et al.,
2005). Although depression can emerge at any point
in the life course, nearly one third of those who have
depression report a first onset before age 21 (Zisook
et al., 2007). These early-onset cases of depression,
compared with later onset, have been associated
with worse illness course and outcomes in adult-
hood, including increased risk for adult depression
and later physical and mental health comorbidities
(McLaughlin et al., 2012). However, depression is
complex and developmentally heterogenous. Individ-
uals with depression not only have different ages of

first onset, but also show varying patterns of persis-
tence once the disorder begins. Although prior cross-
sectional studies have modeled this heterogeneity to
identify more homogenous subgroups of depression,
such studies are limited because depressive symp-
toms were assessed at a single point in time (Nandi,
Beard, & Galea, 2009).

More recent longitudinal studies have sought to
model this time-dependent heterogeneity in depres-
sive symptoms (and internalizing symptoms more
broadly) by classifying individuals into subgroups
based on their symptom trajectories over time. These
studies have prospectively and repeatedly assessed
depressive symptoms across an average of 3–6 years
of development (Ellis et al., 2017). Most studies have
characterized between three and six primary trajec-
tory classes, which include people with consistently
low symptoms, chronically high symptoms, or
decreases/increases in symptoms during childhood
and adolescence. Importantly, this body of work has
shown that subtyping depression by developmental
trajectory can help identify the factors that shape the
course of depressive symptoms over time.
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Geneticmechanisms in particularmay explain part
of the heterogeneity in depressive symptoms across
development (Cai, Choi, &Fried, 2020). Genome-wide
association studies (GWAS) suggest that common
genetic variation accounts for approximately 9% of
the variance in the heritability of adult depression
(Howard et al., 2019; Wray et al., 2018). Studies in
children have also shown some links between genetic
variation and depressive phenotypes, with a recent
study finding associations between one genetic locus
and depressive symptoms at age 13 in the ALSPAC
cohort (Sallis et al., 2017). However, most GWAShave
focusedonpresenceversusabsenceof lifetimedepres-
sion and/or cross-sectional measures, which do not
account fordepressionheterogeneity (Leeetal.,2013).
Thus, additional studies using longitudinal data are
needed to enhance our understanding of the genetic
predictors of depressive symptoms across time, espe-
cially because prior work has shown that estimates of
depressionheritabilitymay change over time (Bergen,
Gardner, & Kendler, 2007; Nivard et al., 2015).

In addition to longitudinal data, polygenic risk
scores (PRS), which capture the additive effect of
multiple alleles using summary statistics from
GWAS, have been used recently to examine genetic
liability to depression. PRS have been used to assess
the aggregate impact of genetic contributions on
depressive phenotypes at various ages. For example,
PRS of depression have recently been associated
with self- or maternal-reported childhood psy-
chopathologies, such as internalizing symptoms
from age 7 to 16 (Akingbuwa et al., 2020), emotional
problem trajectories from age 4 to 17 (Riglin et al.,
2018), clinically measured depressive symptoms
between age 7 and 18 (Halldorsdottir et al., 2019),
as well as self-reported adolescent depressive symp-
tom trajectories from age 10 to 22 (Kwong et al.,
2019; Rice et al., 2018). Although these studies have
provided important new insights into the genetic
underpinnings of depression, they collectively have
two main limitations. First, most studies focus on
narrower age ranges and few include children
younger than 7 years old. Thus, there has been
limited attention to the earliest manifestations of
depressive symptoms, which is a shortcoming
because some symptoms can emerge as early as
preschool (Whalen, Sylvester, & Luby, 2017).
Accounting for the complete age span when symp-
toms emerge and occur is needed to capture the full
course of depressive symptoms during development
and to identify the factors that drive and shape
symptom trajectories across the life course. Second,
because longitudinal studies have focused almost
exclusively on age-related changes in symptoms,
genetic links to age-independent patterns, such as
changes in symptom length and recurrence fre-
quency across time, are poorly understood. For
example, young people may have characteristic
patterns of responding to positive and/or negative
life events that can influence the chronicity and

recurrence of any given depressive episode (Hawri-
lenko, Masyn, Cerutti, & Dunn, 2020). Efforts to
disentangle biological and environmental sources of
this interindividual variability in depressive symp-
tom patterns are needed.

To address these gaps and determine how poly-
genic factors shape depressive symptom trajectories,
we examined the genetic contributions to depressive
symptoms across a 13-year period (from age 4 to
16.5). To our knowledge, this is the longest time
span examined for depressive (or internalizing)
symptoms across childhood and adolescence. Rec-
ognizing that developmental heterogeneity encom-
passes not only symptom trajectories across time,
but also the age at onset and burden of symptoms,
we modeled the developmental patterns of depres-
sive symptoms using three measures. First, we
assessed classes of depressive symptom trajectories,
constructed using a new form of growth mixture
modeling that includes structured residuals to
account for symptom changes over time (GMM-SR;
Hawrilenko et al., 2020). Second, we modeled the
onset of depressive symptoms at age 4, coinciding
with the earliest time period reported in prior studies
(Whalen et al., 2017). Third, we examined the
cumulative burden of depressive symptoms, reflect-
ing the overall level of depressive symptoms across
childhood and adolescence. We assessed both poly-
genic and gene-specific mechanisms on these three
measures in two ways. We first tested whether our
measures were associated with polygenic risk for
depression, using summary statistics generated
from recent large-scale GWAS of depression (Howard
et al., 2019). We then performed the first genome-
wide, gene-level analysis of longitudinal depressive
phenotypes to determine whether specific genes were
implicated in these associations.

Materials and methods
Cohort and analytic sample

Data came from the Avon Longitudinal Study of Parents and
Children (ALSPAC), a large population-based birth cohort out
of Avon, England, of children followed from before birth
through early adulthood (Boyd et al., 2013; Fraser et al.,
2013) (Appendix S2). The current study’s analytic sample
consisted of 7,308 children who met the following inclusion
criteria: singleton births with genotype data and at least one
measure of depressive symptoms completed between 4 and
16.5 years of age (Figure S1). Compared to the total original
ALSPAC sample, youths in our analytic sample were more
likely to be white, have slightly higher birth weights, and have
mothers who were older, married, and had higher employment,
higher education, and fewer previous pregnancies (Table S1).

Genotyping, quality control, and imputation

Nine thousand nine hundred and twelve youths in the full
ALSPAC cohort were genotyped on the Illumina Human-
Hap550-Quad genotyping platform (Illumina Inc., San Diego,
CA). After quality control, 500,527 directly genotyped SNPs
and 8,082 youths remained, of whom 7,308 (90.4%) were
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included in our analyses, based on the exclusion criteria above
(Figure S1; Appendix S2).

Depressive symptom measures

Depressive symptom scores were derived from the Strengths
and Difficulties Questionnaire (SDQ; Goodman, 1997) and the
Short Mood and Feelings Questionnaire (SMFQ; Angold,
Costello, Messer, & Pickles, 1995), both of which were
completed by caregivers via mail. Briefly, depressive symptoms
were measured with two of the five SDQ subscales, child
emotional problems and peer difficulties, as well as with the
SMFQ in adolescents. Using multiple measures helped ensure
that the most developmentally relevant depressive symptoms
were tapped at each age (Graham, Taylor, Olchowski, &
Cumsille, 2006). The SDQ subscales captured ‘internalizing
symptoms’ at seven timepoints: ages 4, 7, 8, 9.5, 11.5, 13, and
16.5 (Goodman, 2001), while the SMFQ assessed depressive
symptoms in adolescents at three timepoints: ages 11.5, 13,
and 16.5 (Angold et al., 1995). We used confirmatory factor
analysis to combine information across all questionnaire items
into a single factor score representing the latent cause of their
shared variability, which we interpreted as depressive symp-
toms (Table S2; Appendix S2) (Hawrilenko et al., 2020; Kline,
2015). Full details of the measurement invariance analyses
can be found in the technical supplement for Hawrilenko et al.
(2020). Factor score estimates of this latent score were used in
the subsequent growth mixture models (Curran et al., 2018).

Depressive symptom trajectories

In a previous analysis, Hawrilenko and colleagues used a novel
form of growth mixture modeling with structured residuals
(GMM-SR) in MPlus (version 8.0) to classify youths into distinct
subgroups using their patterns of depressive symptoms
(Hawrilenko et al., 2020; Muth�en & Muth�en, 2017). The
GMM-SR partitions individual variability in depressive symp-
toms over time into (a) an average level, (b) age-dependent
trajectories, and (c) group-specific, time-anchored patterns of
change. The latter were modeled through the structured
residual, which captured the difference between the observed
depression score and the score predicted by the age-dependent
trajectory at any timepoint. Thus, the residual represented the
influence of unmodeled events, adding an autoregressive
structure to how these unmodeled events related over time.
Positive values represented the degree to which a deviation
from average symptom levels perpetuated across time (renitent
responding), whereas negative values represented the ten-
dency for symptoms to fluctuate above and below an average
level (reversing responding). Importantly, the GMM-SR allowed
us to analyze not only depressive symptom levels as a function
of age (age-dependent patterns), but also how symptom levels
responded to change from unmodeled life events (everything
except age) within and between youths over time.

To characterize depressive symptoms across childhood and
adolescence, we analyzed three time-dependent measures of
depressive symptoms trajectories: (a) trajectory classes; (b)
onset of symptoms; and (c) cumulative burden of symptoms.
The methods used to construct these variables are described
below.

Depressive symptom trajectory classes

Based on work by Hawrilenko et al. (2020), we characterized
six overarching classes of depressive symptom trajectories
within our analytic sample (Figure 1): (a) minimal symptoms
(stable and low symptoms across development), (b) adolescent
spike (low childhood symptoms spiking to high levels in
adolescence), (c) late childhood peak (symptoms increasing
through middle childhood and decreasing over adolescence),

(d) childhood decrease (high symptoms decreasing across
childhood), (e) high/reversing (high symptoms with sharp
oscillations between ages), and (f) high/renitent (high symp-
toms with few oscillations between ages). The model-estimated
proportion of youths assigned to each trajectory class was
49.9% minimal symptoms, 2.5% adolescent spike, 3.3% late
childhood peak, 7.3% childhood decrease, 9.1% high/revers-
ing, and 27.9% high/renitent. Demographics for individuals in
each class can be found in Table S3.

Onset of depressive symptoms

Second, we measured the earliest possible onset of depressive
symptoms, captured by the intercept of each youth’s depres-
sive symptom trajectory at age 4. This intercept corresponded
to baseline depressive symptoms latent score at age 4 for each
individual (values ranged from 0.20 to 1.56, mean = 0.75;
Table S4), where lower values represented less depressive
symptoms. Given that clinically relevant depressive symptoms
can emerge at preschool age (i.e., around age 4), early
manifestations of depression may be more genetically driven
and reflect stronger pre-existing biological vulnerabilities than
symptoms that emerge at later ages (Luby, 2010; Whalen et al.,
2017).

Cumulative burden of depressive symptoms

Third,wemeasured cumulative burdenof depressive symptoms
using the area under the curve (AUC) of the depressive symptom
trajectory (Mills et al., 2018). We calculated the AUC as the
integral of the function describing depressive symptom trajec-
tories, estimated using individual growth factors (intercept,
slope, quadratic, cubic, and quartic terms). Thus, youths with
higher depressive symptoms over developmental time displayed
higher a cumulative burden of symptoms (AUC values ranged
from 0.28 to 2.53, mean = 1.13; Table S4). Of note, this mea-
sure was highly correlated with the onset of depressive symp-
toms (r = .909), suggesting that the two measures likely tap
similar dimensions of depressive symptom trajectories.

Analyses
We performed our analysis in two main stages. All
analyses were adjusted for sex and the top 10
principal components to account for population
stratification.

Polygenic risk score (PRS) analysis

We constructed PRS for depression using the latest
summary statistics from the Psychiatric Genomics
Consortium GWAS of MDD, wave 2 (PGC-MDD2;
43,204 cases; 95,680 controls), UK Biobank
(127,552 cases; 233,763 controls), and 23andMe
(75,607 cases; 231,747 controls) in PLINK v.1.07
(Howard et al., 2019; Purcell et al., 2007)
(Appendix S2). To assess polygenic influences on
depressive symptom trajectory classes, we included
PRS scores as predictors of class membership in
MPlus, using the two-step method to account for
classification uncertainty (Bakk & Kuha, 2018). The
first step estimated the unconditional six-class
GMM-SR in the current analytic sample. In the
second step, the growth model parameters (e.g.,
intercepts, slope terms, autoregressive terms) were
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fixed at the estimates found in step 1, while class
thresholds and covariate effects were freely esti-
mated. We standardized PRS as z-scores so that all
reported odds ratios (OR) could be interpreted as the
effect of moving up or down one standard deviation
of PRS on the odds of class membership. We first
used the Wald omnibus test to assess the relation-
ship between PRS and depressive symptom trajec-
tories. Multinomial logistic regressions were then
used to contrast the model-estimated probability of
assignment between different classes (Hawrilenko
et al., 2020). Since the trajectories represent differ-
ent groups of youths, these pairwise comparisons
allowed us to understand the specific patterns of
depressive symptoms differentiated by PRS. Parallel
to the class-based analysis, we tested the relation-
ship between PRS and depressive symptom onset or
cumulative burden using linear regressions in R
(version 3.6.1). We adjusted all PRS analyses for
multiple comparisons using a false discovery rate
(FDR) threshold of 5% (Benjamini & Hochberg,
1995).

Gene-level analyses

To assess specific genetic influences on trajectory
features,weperformedgenome-wide, gene-level asso-
ciations with our three outcome measures using
regression analyses in MAGMA (version 1.06)(de
Leeuw, Mooij, Heskes, & Posthuma, 2015). For our
gene-based analysis of trajectory classes, we focused
on the two largest and most conceptually different
classes, minimal symptoms and high/renitent.
Because no tools currently exist to account for

measurement error/classification uncertainty inher-
ent to GMM in genome-wide analyses, we usedmodal
class assignment to generate a case/control subset of
youths in these two classes (Appendix S2). Although
this approach may lead to liberal estimates of stan-
dard errors by not accounting for the uncertainty
associated with GMM, point estimates remained
unbiased (Vermunt, 2017). Briefly, each youth
received a probability of assignment to each class,
summing to 100%, and were assigned to the class in
which they had the highest probability (i.e., modal
class). The average probability of assigned class
across all individuals was 76% (standard devia-
tion = 18%; Figure S2). Using this approach, 4,416
youthswere classifiedasminimal symptoms (controls)
and 1,895 youths were classified as high/renitent

(cases). Sensitivity analyses using a higher probabil-
ity threshold or continuous class probabilities for the
high/renitent class can be found in Appendix S2.

Our analyses of depressive symptom onset and
cumulative burden used the continuous variables
described earlier across all youths (N = 7,308). A
significance threshold of p < 2.93e-6 was set to
account for multiple testing of 17,044 genes; a
nominal significance threshold was set at p < 1e-4.

Sensitivity analysis of maternal PRS

Given that depressed mothers may be more likely to
rate their children as depressed, we performed a
sensitivity analysis to determine if our results were
biased by the use of maternal reports for youths’
depressive symptoms. To this end, we included
maternal PRS for depression as predictors of child

Figure 1 Six classes were characterized using latent score analysis across ages 4–16.5 in 7,308 youths of the ALSPAC cohort. The latent
scores were a composite score that captured depressive symptoms measured from the SDQ and SMFQ. Youth with higher scores had more
depressive symptoms at that specific age. The percent of individuals assigned to each trajectory class was based on the model-estimated
proportions. These were slightly different from the modal class proportions used in the MAGMA analysis, as they took into account the
second and third place class assignments for each individual
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depressive symptom trajectories in 5,301 mother–
child pairs (Appendix S2). Since mother and youth
PRS were strongly correlated (r = .52), we expected a
decrease in youth PRS effects when controlling for
maternal PRS.

Results
PRS were associated with depressive symptom
trajectory classes

Our initial analysis revealed a significant relation-
ship between PRS for depression and depressive
symptom trajectories (v2 = 45.8, p < 1e-4; Fig-
ure S3), showing that the probability of class mem-
bership varied across PRS (Figure 2, Figure S4). To
understand which specific patterns within trajecto-
ries drove these results, we examined pairwise
contrasts between each pair of trajectories for a total
of 15 contrasts (Table 1; Figure S5). Four contrasts
showed statistically significant differences following
multiple-test correction (FDR < 0.05). Specifically,
one standard deviation increase in PRS was associ-
ated with increased odds of assignment to the late
childhood peak (OR = 1.30, 95% CI: 1.10–1.54),
high/reversing (OR = 1.23, 95% CI: 1.07–1.41), or
high/renitent classes (OR = 1.28, 95% CI: 1.17–
1.38), as compared to the minimal symptoms class.
Similarly, each one-unit increase in the standardized
PRS was associated with increased odds of being
assigned to the high/renitent class compared to the
childhood decrease class (OR = 1.22, 95% CI: 1.05–
1.42). When accounting for maternal PRS, these
effects decreased an average of 34% (range: 28%–
45%) in statistically significant contrasts (Table S5;
Appendix S2).

PRS were associated with depressive symptom onset
and cumulative burden

We next assessed whether PRS might influence
features of depressive symptom trajectories beyond
class alone. We found that higher PRS were associ-
ated with higher onset depressive symptoms
(p = 2.1e-10, b = .018) and higher overall cumulative
burden of depressive symptoms (p = 4.1e-16,
b = .042) across all youths.

Gene-based analyses revealed nominal associations
with depressive symptom trajectory class, onset, and
cumulative burden

Finally, we attempted to identify specific genes
associated with our three outcome measures. No
genes reached statistical significance at the genome-
wide level (p < 2.93e-6) when comparing youths in
the high/renitent class to those in the minimal
symptoms class, or when modeling onset and cumu-
lative burden of depressive symptoms (Figures S6,
S7, S8, S9; Table S6). However, seven different genes
were nominally associated with depressive symptom
features (GABRA4, LRR1, SIX5, DMPK, DKK1,
SMDT1, DWMD). Of note, SIX5 and DMPK were
nominally associated with both onset and cumula-
tive burden of depressive symptoms.

Discussion
In this study, we examined the role of genetic
contributions in shaping developmental patterns of
depressive symptoms trajectories (class, onset, and
cumulative burden) across a 13-year age range that
spanned childhood and adolescence. Using the

Figure 2 The probability of assignment to depressive symptom trajectory classes was skewed with PRS. The probability of class
membership was calculated from the multinomial logistic regressions of estimated class probability. Negative PRS indicated lower genetic
risk for depression, whereas positive PRS indicated higher risk. All classes showed differences in probability of assignment based on PRS,
except the adolescent spike class [Colour figure can be viewed at wileyonlinelibrary.com]
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GMM-SR, we characterized six independent depres-
sive symptom trajectories, which provided additional
insight into the specific patterns of depressive symp-
toms that may be driven by genetic or environmental
factors (Hawrilenko et al., 2020). Using trajectory
classes, onset, and cumulative burden of depressive
symptoms, we showed that polygenic influences may
shape depressive symptom trajectories across devel-
opment.

Similar to previous studies, our results showed
that genetic liability may best discriminate between
generally high versus low patterns of depressive
symptoms during development (Kwong et al., 2019;
Rice et al., 2018). However, our results extended
beyond this known relationship, showing for the first
time that these associations hold true irrespective of
age-associated patterns of responding (i.e., renitent
and reverse responding). As age-associated patterns
of responding capture how youths respond to life
events, fluctuations in depressive symptoms
between timepoints may reflect coping mechanisms
that are environmentally driven or learned, rather
than genetic (Waugh & Koster, 2015).

Our results also further refined the time period
when PRS may influence high depressive symptoms,
showing that increased genetic risk for depression
may manifest through elevated depressive symptoms
during late childhood to early adolescence (approx-
imately age 10–15). This result was in line with
previous work that showed an association between
PRS of depression and early-adolescent onset
depressive symptom trajectories (Rice et al., 2018).
As such, early adolescence may be a period when
symptoms linked to genetic liability for depression
are more likely to emerge.

Of note, the childhood decrease class has not been
previously described in the depression genetics
literature. This class was closer to the minimal
symptoms class in terms of genetic influences, which
may reflect maternal or other environmental influ-
ences. Indeed, Hawrilenko et al. (2020) reported that
higher maternal psychopathology and education

distinguish the childhood decrease class from the
minimal symptoms class. The contrast between the
childhood decrease and high/renitent classes also
showed one of the largest decreases in effect size
when maternal PRS for depression was included in
the analysis (Appendix S2). Thus, the childhood
decrease class may represent youths who are at
lower risk for depression, but whose early-life
depressive symptoms are driven by early-life events
not captured by the depression PRS. Since genetics
are stable throughout the life course, it is possible
that genetic vulnerability or resilience to depression
could manifest throughout childhood and adoles-
cence and that while depressive symptom trajecto-
ries vary, individual risk for depression later in life
may remain the same. Previous work has also shown
that the impact of genetics on depression (i.e.,
heritability) increases over time, suggesting that
some youths may self-select environments that
reinforce their genetic susceptibility to depression
(Bergen et al., 2007).

The only depressive symptom trajectory not asso-
ciated with PRS was the adolescent spike class.
Although the small size of this class may have
affected our ability to detect significant associations,
we detected associations between PRS and other
classes of moderate size. As such, membership to
this class may be primarily driven by environmental
factors or sex-specific mechanisms, as shown by
Hawrilenko et al. (2020). Indeed, the adolescent
spike class showed an inflection point consistent
with periods related to both internal (i.e., puberty)
and external factors previously associated with
depression, such as social environment, academic
testing, and the like (Graber, Lewinsohn, Seeley, &
Brooks-Gunn, 1997). However, these results are in
contrast to previous work showing that depression
PRS is associated with trajectories that arise later in
adolescence or early adulthood (Kwong et al., 2019;
Rice et al., 2018). These findings highlight the
importance of multiple timepoints and broader
developmental periods when assessing the factors

Table 1 Odds of reference class assignment for each one standard deviation difference in standardized PRS

Reference category

Minimal
symptoms Adolescent spike

Late childhood
peak

Childhood
decrease High/ reversing

Alternative
Category

Minimal
symptoms

Adolescent
spike

1.14 (0.94, 1.38)

Late childhood
peak

1.30 (1.1, 1.54)* 1.14 (0.89, 1.46)

Childhood
decrease

1.04 (0.90, 1.21) 0.92 (0.73, 1.15) 0.80 (0.65, 0.99)

High/
reversing

1.23 (1.07, 1.41)* 1.08 (0.86, 1.35) 0.95 (0.77, 1.17) 1.18 (0.98, 1.42)

High/ renitent 1.28 (1.17, 1.38)* 1.12 (0.92, 1.36) 0.98 (0.82, 1.18) 1.22 (1.05, 1.42)* 1.04 (0.89, 1.22)

*Statistically significant at FDR < .05.
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influencing depressive symptoms, as shorter time
periods may not have captured these distinct pat-
terns of developmental heterogeneity. Future studies
with access to data extending into adulthood may be
able to further refine these trajectories and deter-
mine whether they do indeed reflect depressive
symptom trajectories that continue into adulthood.

Beyond the polygenic influences of depression, we
found no significant associations between individual
genes and depressive symptom trajectories.
Although the lack of associations may, in part, be
due to small sample size, the genes identified at more
relaxed p-value thresholds may reflect pathways
impacting the manifestation of symptoms during
development. For instance, GABRA4, a member of
the GABAergic pathway, was nominally significant in
the analyses of youths in the high/renitent and
minimal symptoms classes. As this pathway has
been previously associated with depression, our
results could potentially point to a role in shaping
developmental profiles of depression (Luscher, Shen,
& Sahir, 2011). In contrast to our PRS results, our
lack of significant gene-level associations may also
emphasize the polygenicity of depression, where its
characteristics cannot be attributed to specific
genes. Nevertheless, more comprehensive genome-
wide analyses, such as gene sets or pathway anal-
yses, in larger samples may extend these findings by
providing insight into the specific pathways shaping
patterns of depressive symptoms across develop-
ment.

Finally, previous work using these trajectories has
shown that maternal psychopathology, abuse, and
neighborhood-level disadvantage may increase the
risk of belonging to all classes other than the
minimal symptoms group (Hawrilenko et al., 2020).
Given that depressive symptoms are highly corre-
lated with environmental factors in this sample, the
high variation in depressive symptom onset, cumu-
lative burden, and overall trajectory may be attrib-
uted to factors not captured by genetics alone
(Hawrilenko et al., 2020; Smoller et al., 2019).
Genetic and environmental factors may also interact
to drive depressive symptom trajectories, leading to
the more complex phenotypes observed in our study.

Limitations
There are some limitations to the present study.
Aside from the relatively small sample size of this
cohort for genetic analyses, this longitudinal sample
is subject to attrition and self-selection over time and
is composed of mainly European-ancestry youths,
reducing the generalizability of our findings to other
populations (Boyd et al., 2013). Depressive symptom
scores were generated from maternal reports only,
which may introduce inconsistencies over time or
bias in reporting through residual maternal depres-
sion. However, when controlling for maternal

depression PRS in our analyses, we only observed a
small decrease in the effects of child PRS on depres-
sive symptoms trajectories (Appendix S2). These
results suggested that maternal polygenic risk was
not as strong a predictor as the child’s own polygenic
risk, despite child depressive symptoms being
reported by their mothers. The PRS were also
primarily generated from studies of depression in
European adults, limiting the interpretability of
findings in non-European populations (Howard
et al., 2019). In addition, PRS built on summary
statistics from adults may not be entirely reflective of
genetic influences on depressive symptoms during
early life. Nevertheless, as childhood and adult
depression are highly correlated, our results likely
captured a subset of youths that display increased
genetic predisposition to lifetime depression. Finally,
PRS only explain a very small portion of the variance
in depression (1%–2%), which limits their ability to
fully explain the genetic mechanisms influencing
depressive symptom trajectories and may reduce
their application to clinical settings (Martin, Daly,
Robinson, Hyman, & Neale, 2019).

Conclusions
Overall, our findings point to PRS as potential
detectable early risk factors for depressive pheno-
types during childhood and adolescence, particu-
larly in youth with higher depressive symptoms
during early adolescence, provide new insights into
how polygenic influences may shape depressive
symptom trajectories. These findings may ultimately
lead to the identification of genetic factors that shape
age of depression onset and overall disease course,
providing early targets to guide depression preven-
tion efforts.

Supporting information
Additional supporting information may be found online
in the Supporting Information section at the end of the
article:

Appendix S1. Members of the Major Depressive Disor-
der Working Group of the Psychiatric Genomics Con-
sortium.

Appendix S2. Supplemental methods.

Table S1. Summary of the analytical subsample from
the ALSPAC cohort.

Table S2. Means, standard deviations, and correlations
for study variables.

Table S3. Child and mother characteristics stratified by
latent class.

Table S4. Growth parameters for the unconditional six-
class growth mixture model with structured residuals.

Table S5. Sensitivity analysis examining difference in
PRS effects when controlling for mother’s PRS score.

Table S6. Summary of gene-based hits using MAGMA.

Figure S1. Flowchart of ALSPAC sample selection.
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Figure S2. Probability of class assignment for individ-
uals within their assigned latent class.

Figure S3. The PRS with pT < 0.1 was the ‘best fit’
polygenic risk score.

Figure S4. Model estimated proportions of individuals
in each latent class.

Figure S5. Polygenic risk scores identified differences
in membership to classes of depressive symptom
trajectories.

Figure S6. Quantile-quantile (QQ) plots of gene-level
genome-wide associations showed good model fit of the
MAGMA analysis.

Figure S7. Depressive symptom developmental fea-
tures showed nominal gene-level associations.

Figure S8. MAGMA analysis of the probability of
assignment to the high/renitent class.

Figure S9. MAGMA analysis of youths in the high/
renitent versus minimal symptoms class.
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Key points

� The genetic factors that influence early-onset depression and depressive symptoms over developmental time
remain mostly unknown.

� PRS for depression can discriminate between high and low patterns of depressive symptoms during
development, particularly during early adolescence.

� PRS may be detectable risk factors for early-onset depressive phenotypes, particularly in youth with higher
depressive symptoms.

� Further research is needed to understand the environmental and biological mechanisms driving depressive
symptom trajectories.
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