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Supplementary Materials 

 

Mapping Mouse Gene to Human Orthologs  

We identified the human orthologs of sensitive period genes derived from preclinical 

animal studies using the National Center for Biotechnology Information (NCBI) Gene and NCBI 

Homologene databases. Of the 57 murine genes, 55 had equivalent gene symbols for the 

human/mouse ortholog pair. The mouse gene Pirb was mapped to LILRB3 and LILRB1; the 

MHC-I (major histocompatibility complex class I) corresponded to HLA-A, HLA-B and HLA-C. 

The mapping resulted in a list of 60 unique genes for our analysis (Figure 1).  

 

Research Question 1: Examination of the association between sensitive period gene sets and 

risk for depression  

Data quality control and analysis 

The SNP-level associations were directly obtained from summary-level data provided by 

Howard et al. [1], who performed a meta-analysis of depression using data from the UK 

Biobank, 23andMe, Inc., and the Psychiatric Genomics Consortium. Their analysis was restricted 

to European only samples (n=807,553) and overlap between the three subsamples was removed. 

Sample-specific data quality control procedures are described in detail in the original 

publication.  

To perform the gene-level analysis, both imputed and genotyped SNPs were annotated to 

genes using the 1000 Genomes reference panel build 37 in MAGMA. As the genes regulating 

sensitive period functioning were small in size (mean=102.106 kb; median=66.501 kb; 

min=27.146 kb; max=440.87 kb), we took a conservative approach and imposed no gene 

window. This conservative approach would ensure that no additional SNPs (outside our genes of 

interest) would be included. Prior studies have shown that when large windows are used, the type 

I error rate is inflated, and non-causal gene sets are identified, which could result in the inclusion 

of distant variants being annotated to the genes or gene sets of interest [2]. 

 Following our gene-level analyses, we performed a competitive gene-set analysis using 

MAGMA, which compares the gene-level results for our gene sets of interest to the gene-level 

results of the rest of the genome. The competitive analysis evaluates whether the associations in 

the gene set are on average greater than those of all other genes in the genome. With a 

competitive analysis, MAGMA tests the null hypothesis that genes in the tested gene set are 

jointly more associated with the phenotype compared to genes not in the gene set. By default, 

MAGMA corrects for the confounding effects of gene size, gene density and mean minor allele 

count by adding these variables as covariates to the gene-level regression model [3]. Further, 

MAGMA is able to explicitly account for linkage disequilibrium (LD) within 5 Mb by estimating 

the covariance structure from an appropriate reference panel, without additional pruning needed. 

Notably, the range of LD accommodated by MAGMA (5Mb) captured longer-range gene-gene 

correlations in the extended major histocompatibility complex region (MHC) as well.  

 

Research Question 2: Investigation of developmental regulation of depression-implicated 

sensitive period gene sets 

Dataset 

We assessed developmental regulation of depression-implicated sensitive period gene 

sets using data from BrainSpan, a transcriptional atlas of 57 healthy, post-mortem donors [4,5]. 

Both hemispheres (or the whole brain) were collected for 39 donors; the remaining 18 had either 
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left or right hemisphere only. Causes of death in children included: sudden infant death 

syndrome (SIDS), accidents (e.g., choking; drowning), respiratory insufficiency, asphyxia, acute 

myocarditis, homicide, and anaphylaxis.  

In the current study, we analyzed left hemisphere expression values from 31 postnatal 

samples, as right hemisphere data was absent for subjects 6-11 years of age, and gene expression 

values were only modestly correlated between left and right brain regions (average correlation in 

gene expression among subjects with data from both hemispheres was estimated to be r=0.51). 

Prenatal samples were also excluded, as we were primarily interested in the trajectories of gene 

expression during postnatal development. In our analysis, the number of samples per brain 

region ranged from 24 (amygdala and hippocampus) to 31 (medial prefrontal cortex).   

In BrainSpan, gene expression was assessed using exon microarray (ascertained at single-

exon resolution for ~1.4 million exon-level probe sets). Quality-controlled, quantile normalized 

exon microarray data [6] were downloaded from Gene Expression Omnibus (GEO; 

http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE25219). For each brain region, 

expression levels for all probes within an exon were averaged to obtain an expression value for 

each exon. Probes were assigned to genes according to annotation from the UCSC Human 

Genome (HG19) reference sequence. Taking an approach similar to prior studies [7,8], we used 

the median of all exons within each gene as the estimate of gene expression. Expression values 

are presented in log-2 values; thus, each one-unit difference represents a doubling of expression. 

Although RNA-sequencing data were available, this data was not analyzed as it was collected on 

only one-third of the sample and thus created too small of a sample for analysis. Specifically, for 

the medial prefrontal cortex, which is the brain region that our analysis focused on, the sample 

size for RNA-sequencing data was n=15, and there was no data available beyond 39 years. 

Therefore, we based our analysis on microarray data of gene expression to maximize the 

analytical sample size.  

All donors were genotyped using Illumina Omni-2.5 million SNP arrays. Details about 

the laboratory procedure are described by Kang et al. (2011) [5]. Data processing was performed 

according to the Infinium HD Assay Super, Automated Protocol for Human Omni 2.5-Quad 

BeadChip (Illumina). If any chromosomal or large-scale genomic abnormalities were detected, 

the specimens were removed from the sample. In addition to reported ethnicity by next of kin, 

genetic ancestry was corroborated and refined by cross-referencing the observed genotype allele 

frequencies with reference populations available in HapMap III. The samples were assigned to 

European, African, Asian, Hispanic or mixed ancestry accordingly based on an estimated 

likelihood for each population. The analytic sample (n=31) consisted of 18 donors of European 

ancestry, 12 donors of African ancestry, and one donor of Hispanic ancestry.  

 

Data analysis 

 To determine whether there was differential gene expression in these sensitive period 

genes across developmental stage, we fitted a linear regression model for each gene. This 

approach was suitable because the observations were not derived from repeated measures of the 

same individual and could be assumed to be independently distributed. Developmental stage was 

encoded as a categorical variable, which is a conservative approach that allowed the relationship 

between developmental stage and gene expression to be non-linear. An F-test was performed to 

compare the fitted model including developmental stage to the baseline model, which tested the 

null hypothesis that there were no differences in gene expression across developmental stages 

(against the alternative hypothesis that the expression level at least one time point was 

http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE25219
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significantly different). Building from analysis addressing the first research question, we focused 

only on genes in the gene sets that were associated with depression risk from our first analysis; 

thus, a total of 15 genes were tested. 

To identify variants shaping the gene expression trajectories (i.e., d-QTLs), we focused 

on the medial prefrontal cortex, as we saw the most evidence for developmental regulation in this 

brain region. SNPs in the BrainSpan sample were annotated to genes of interest using the 1000 

Genomes reference panel build 37. Of note, since no imputation was performed in BrainSpan, 

substantially fewer SNPs were annotated to each gene. To ensure that the SNPs tested were 

independent, we performed a clumping procedure similar to LD-based clumping to reduce the 

number of SNPs that were highly correlated. Because the sample came from mixed populations, 

it was challenging to perform LD-based clumping with a reference population. To emulate LD-

based clumping used by standard software, such as PLINK [9], we took the following steps: first, 

highly correlated variants were selected by identifying pairs of SNPs with a correlation above 

0.6. Then, the variant with a higher sample minor allele frequency (MAF) in our sample was 

retained. After the clumping procedure, we performed multiple regression analysis to test 

interactions between genotype and developmental stage. The first two principal components 

representing genetic ancestry were included as covariates.  

 

Research Question 3: Investigating interactions between genome-wide and gene-set-level 

genetic liability to depression, timing of exposure to adversity, and depressive symptoms in 

development (i.e., developmental gene-environment interplay) 

Dataset 

Data came from the Avon Longitudinal Study of Parents and Children (ALSPAC), a 

prospective, longitudinal birth-cohort of children born to mothers who were living in the county 

of Avon England (120 miles west of London) with estimated delivery dates between April 1991 

and December 1992 [10-12]. ALSPAC was designed to increase knowledge of the pathways to 

health across the lifespan, with an emphasis on genetic and environmental determinants. 

Approximately 85 percent of eligible pregnant women agreed to participate (N=14,541), and 

99% of eligible live births (n=14,062) who were alive at 1 year of age (n=13,988 children) were 

enrolled. An additional attempt to recruit eligible participants that did not join the study original 

was made when the oldest children reached approximately 7 years of age. Consequently, data 

after age 7 included new pregnancies beyond the initial sample (Phase I enrollment) described 

above. According to the current records maintained at age 24, 456, 262, and 195 additional 

participants were recruited during Phases II, III and IV respectively, resulting in an additional 

913 children being enrolled. The total sample size for analyses using any data collected after the 

age of seven is therefore 15,454 pregnancies, resulting in 15,589 foetuses. Of these 14,901 were 

alive at 1 year of age. Response rates to data collection have been good (75% have completed at 

least one follow-up). Ethical approval for the study was obtained from the ALSPAC Ethics and 

Law Committee and the Local Research Ethics Committee. More details are available on the 

ALSPAC website, including a fully searchable data dictionary: 

http://www.bristol.ac.uk/alspac/researchers/access/.  

Compared to the ALSPAC sample and the subsample with genetic data available, 

participants in the analytic sample (n=6,254) were more likely to be female. They were born to 

older mothers who had fewer previous pregnancies, more educated, and more likely to be 

married (Table S3).  

 

http://www.bristol.ac.uk/alspac/researchers/access/
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Measures 

Depressive symptoms 

 Depressive symptoms were assessed using the Short Mood and Feelings Questionnaire 

(SMFQ) [13,14], a 13-item measure commonly used in population-based studies [15-17]. The 

SMFQ was assessed through child-completed assessments on seven occasions between 

childhood and young adulthood; two assessments were collected via clinic appointments (at ages 

10.5 and 13.5 years old) and five through questionnaires (at ages 16.5, 18.5, 21, 22, and 23). 

Although the SMFQ was also assessed on three occasions through maternal reporting, we chose 

not to incorporate these parent-report assessments, given previous literature documenting 

varying concordance rates between child self-report versus parent-report of children’s depressive 

symptoms [18,19], particularly among adolescents [20]. The 13 SMFQ items are rated on a 

three-point scale (0=not at all, 1=sometimes, or 2= true), capturing the severity of depressive 

symptoms within the past two weeks. The SMFQ has been shown to correlate highly with 

questionnaire and interview measures of psychopathology and clinician-rated diagnoses of 

depression [21-25]. Internal consistency in ALSPAC has been found to be excellent (at least 

𝛼=0.80) and reliable across participants of different ages [26].  

To maximize the analytic sample size for these analyses, we constructed our analytic 

sample to comprise children who had complete SMFQ data on at least one out of the seven time 

points of child-completed assessments (n=6,254). For each completed SMFQ assessment time 

point, we summed across the 13 items to create a total SMFQ score between 0 and 26. For each 

participant, a final depressive symptom score was then calculated as the average of their SMFQ 

scores across time. We analyzed this average continuous score to maximize statistical power 

[27].  

 

Exposure to socioeconomic disadvantage 

Exposure to adversity was assessed by examining socioeconomic disadvantage measured 

using maternal reports from mail-in questionnaires. We chose socioeconomic disadvantage as 

our adversity type of interest because it represents one relatively common exposure [28] that is 

often used to capture “early life adversity” [29,30], and because previous work has demonstrated 

the robust associations between poverty and risk for mental disorders [31-33]. Our research 

group has also identified associations between socioeconomic disadvantage and risk for 

depression in prior ALSPAC-based studies [34]. To capture socioeconomic disadvantage, 

mothers indicated using a Likert-type scale (1=not difficult; 2=slightly difficult; 3=fairly 

difficult; 4=very difficult) the extent to which the family had difficulty affording the following: 

(a) items for the child; (b) rent or mortgage; (c) heating; (d) clothing; (e) food. Children were 

coded as exposed if their mothers reported that paying for three or more of these necessities was 

at least fairly difficult; this cut-point roughly corresponded to the top quartile. Questions about 

financial stress were assessed at seven time-points: when children were approximately ages 8 

months, 1.75 years, 2.75 years, 5 years, 7 years, 11 years, and 18 years. In the current study, we 

included the measurements between ages 8 months and 10.5 years to ensure that the exposure 

preceded the outcome. 

 

Exposure to caregiver physical or emotional abuse 

 Exposure to caregiver physical or emotional abuse was assessed via questionnaires 

completed by the mother and the mother’s partner. If the mother, the partner, or both provided an 

affirmative response to a set of four items related to abuse at a given timepoint, the child was 
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coded as exposed. The items included: 1) your partner was physically cruel to your children; 2) 

you were physically cruel to your children; 3) your partner was emotionally cruel to your 

children; 4) you were emotionally cruel to your children. No mandatory reporting laws were in 

place in the UK at the time of assessments [35,36], and participants were assured that their 

responses would remain confidential. The exposure was assessed at seven time-points before age 

10.5: 8 months, 1.75 years, 2.75 years, 4 years, 5 years, 6 years, and 9 years.  

 

Covariates in Regression Models 

Beyond the technical adjustments described in the main text, we additionally controlled 

for the following variables, measured at child birth: child sex (0=male, 1=female); maternal age 

(0=ages 15-19, 1=ages 20-35, 2=age>35); number of previous pregnancies (between 0-3+); 

homeownership (0=mortgage/own home; 1=rent home; 2=other); highest level of maternal 

education (1=less than O-level, 2=O-level, 3=A-level, 4=Degree or above); and maternal marital 

status (0=never married; 1=widowed/divorced/separated; 2=married). 

 

Genetic Data in ALSPAC 

 At age 7, genetic data in the ALSPAC sample were collected from a total of 9,912 

children at age 7. The genotyping was performed using the Illumina HumanHap550 quad 

genome-wide SNP genotyping platform by 23andMe, Inc. subcontracting the Wellcome Trust 

Sanger Institute, Cambridge, UK and the Laboratory Corporation of America, Burlington, NC, 

US. Raw genotype data failing the following quality control filters were excluded: gender 

mismatches; minimal or excessive heterozygosity; disproportionate levels of individual 

missingness (>3%), and insufficient sample replication (IBD < 0.8). After estimating population 

stratification through multidimensional scaling analysis using Hapmap Phase II (release 22) 

reference populations as comparisons, individuals with non-European ancestry were excluded 

from the final genetic data sample. Additional variant-level quality controls included removing 

SNPs with a minor allele frequency of < 1%, a call rate of < 95% or evidence for violations of 

Hardy-Weinberg equilibrium (p < 5x10-7). Cryptic relatedness was examined using the 

proportion of identity by descent (IBD > 0.1). Subjects that passed all quality control thresholds 

were included in the sample during subsequent phasing and genotype imputation. A total number 

of 9,115 participants and 500,527 SNPs were retained in the final genetic data sample. The 

analytic sample of the current study included 6,254 participants.  

 

Data analysis  

Estimation of SNP heritability 

Using genome-wide genetic data from the ALSPAC, we estimated the genetic variation 

and covariation using genome-wide complex trait analysis (GCTA) [37]. The GCTA heritability 

analysis integrates information on all available SNPs and estimates the lower-bound additive 

genetic variance for the phenotype of interest. We first estimated the genetic relatedness matrix, 

which provides information on genomic similarity across all genotyped SNPs between pair-wise 

sets of individuals. An estimate of the phenotypic variance attributable to all genotyped SNPs 

simultaneously were obtained by fitting genetic-relatedness as a random effect in a mixed linear 

model using a restricted maximum likelihood (REML) function, under a case-control design [38-

40] and controlling for sex and principal components. We reported heritability estimates as the 

proportion of phenotypic variance explained on the underlying prevalence-transformed liability 

scale [37]. All analyses were implemented in GCTA and R.  
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Multiple imputation  

The analytic sample consisted of children that had at least one child-completed 

assessment of depressive symptoms between ages 10.5 and 23 years. The multiple imputation of 

the missing covariates and exposure variables was guided by methodological literature [41-43], 

as well as prior studies that performed imputation using ALSPAC data [44]. The following 

variables were allowed to enter the imputation models: all covariate and exposure variables, 

maternal behavior measures during pregnancy (i.e., drinking, smoking, and drug use), other 

measures of childhood adversity (e.g., sexual or physical by anyone) [34], all behavior and 

depressive symptom measures between ages 11 and 23 years, and 10 principal components 

derived from genetic data that account for the structure of population ancestry. For each imputed 

variable, predictors in the list above correlated with the imputed variable or its missingness status 

(r<0.1) were entered into the imputation model. As all imputed variables were either binary or 

polytomous, logistic regressions or multinomial logistic regressions were performed, 

respectively. For each of the 20 imputed datasets, 25 iterations were used; convergence and data 

distribution were examined graphically. All imputation was performed in R using the MICE 

package [41]. Of note, we explored another software package that was specifically designed for 

phenotype imputation in genetic studies [45], but found that there was limited variation in the 

imputed values. Hence, MICE was used for imputation in the current study.  

 

Identifying the time-dependent effect of socioeconomic disadvantage on depression 

To understand the time-dependent effect of exposure to childhood adversity on 

depressive symptoms and determine how best to model the main environmental effect in the 

gene-by-development analysis, we explored age effects in two ways. First, given the results of 

gene expression patterns explored in the second research question, which showed a potential 

downregulation of opening genes between ages 1 and 5 years, we modeled the effect of adversity 

exposure during childhood as a categorical variable with three levels: never exposed; exposed 

during the sensitive period (between ages 1-5); and exposed at another time point (at 8 months 

and/or ages 6+).  

Second, we also performed an analysis to identify which of the three biologically defined 

time periods available explained the largest variation in depressive symptoms. We used a 

structured life course modeling (SLCMA) developed by Mishra [46] and later extended by Smith 

[47,48] to simultaneously compare competing theoretical models encoding time-varying 

exposures, and identify the best-fitting theoretical model given the observed variation in average 

depressive symptoms. In brief, variables encoding competing life course hypotheses were 

entered into a least angle regression and the variable that explained the most variation in the 

outcome was selected. For each selected model, a covariance test was performed, testing the null 

hypothesis that the variable selected is unassociated with the outcome. This method allowed us 

to assess if there was a theoretical model of each type of childhood adversity exposure that 

explained a significant amount of variation in depressive symptoms, and if so which model(s) 

was the most important. Given the observed nadir in gene expression trajectories between ages 1 

and 5 years shown in the BrainSpan data (see Figure 3), we encoded the exposure to childhood 

adversity before age 7 into three variables: exposure before 1 year, exposure between 1 and 5 

years, and exposure after 5 years. More details about the procedure have been described 

elsewhere [34]. 
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Examining gene-by-development interplay  

We constructed a categorical variable to model the exposure to childhood adversity 

during childhood. The outcome (i.e., the average depressive symptom score) was then regressed 

on the exposure variable, adjusting for the covariates, to obtain the estimates of the main 

environmental effects.  

To accommodate the complexity of the imputed data, we chose a parsimonious modeling 

approach for the GxE analyses. After conducting the main effect analyses described above, we 

then tested for interactions between genetic effects and time-dependent exposures to 

socioeconomic disadvantage. We also fitted full interaction models including the covariate-by-

environment and the covariate-by-gene interaction terms, as suggested by Keller [49], to control 

for potential residual confounding. The full interaction models and the reduced interaction 

models (i.e., GxE terms only) were compared using the pool.compare function in MICE, which 

implements an F-test for nested linear regression models in the setting of multiply imputed data 

analysis [41,50]. We additionally performed the same gene-by-development analyses in male 

and female participants separately to examine whether the patterns differed by sex.  

 

Results  

In the regression analyses of time-dependent categorical exposure effects and average 

depressive symptoms, we identified different patterns for the two types of childhood adversity 

examined. As shown in Model 2 of Tables S5-6, analyses of this biological definition revealed 

that on average, children exposed to socioeconomic disadvantage between ages 1 and 5 years 

had depressive symptoms scores that were 0.84 points higher than children who were never 

exposed during childhood (95% C.I. [0.57, 1.11], p=8x10-10). Children exposed to adversity 

outside of the sensitive period also showed marginally significant and much attenuated elevated 

depressive symptoms compared to those who were never exposed (β=0.37, 95% C.I. [-0.01, 

0.74], p=0.05). Children exposed to caregiver physical or emotional abuse between ages 1 and 5 

showed similar levels of increase in depressive symptoms compared to children exposed at other 

ages before age 7, both of which were substantial effects (βages1-5=0.87, 95% C.I.[0.54, 1.20], 

p=3.08x10-7; βother=0.83, 95% C.I.[0.47, 1.19], p=6.23x10-6). 

Results of a SLCMA model [46-48] for exposure to socioeconomic disadvantage 

provided converging evidence in support of a sensitive period between ages 1 and 5 (see Table 

S4). Specifically, exposure between ages 1 and 5 years was the life course hypothesis best 

supported by the data (pselective inference = 4.1x10-5), followed by exposure after 5 years (pselective 

inference = 0.022). For caregiver physical or emotional abuse, a similar pattern emerged: exposure 

after 5 years was the first hypothesis selected (pselective inference = 0.001), followed by exposure 

between 1 and 5 years (pselective inference = 0.002). The results revealed that exposure later in 

childhood may explain more variability in depressive symptoms, compared to exposure during 

the first year of life.   

In the analyses of gene-by-development interplay considering time-varying effects of 

exposure to socioeconomic disadvantage, we did not detect any potential interactions. The full 

interaction models accounting for residual confounding of interactions with baseline covariates 

yielded the same conclusion. The F-tests revealed that the reduced interaction models had 

sufficient fit compared to the full interaction models. Thus, we presented the reduced interaction 

models (omitting interactions with baseline covariates) in Figure 4 as our main analyses. 

In the secondary sex-stratified analyses (Figure S3), sex-specific effects emerged with 

respect to gene set-level genetic risks, adversity exposures, as well as their interactions. In 
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particular, exposure to socioeconomic disadvantage outside the sensitive period (ages 1-5) was 

only associated with depressive symptoms in females. Results from opening gene set-by-

adversity model for both types of childhood adversity (i.e., model 7) indicated that a higher 

opening gene set-level PRS was associated with lower symptoms in unexposed female 

participants but not male participants. Moreover, the interaction term between opening gene-set 

PRS and exposure to caregiver physical or emotional abuse was only significant among female 

participants, suggesting a sex-dependent increase in risk for depression due to the co-occurrence 

of exposure during a sensitive period and high genetic liability.     

 

Discussion 

The sex-specific patterns we observed in the secondary analyses of ALSPAC data 

suggest a complex pattern of sex differences that could make female children more vulnerable 

than male children to risk for psychopathology. As shown in Figure S3, in particular, between-

individual genetic differences within the opening genes (e.g., genetic orchestration that promotes 

an earlier window of plasticity) may offer a slightly protective effect against susceptibility to 

psychopathology during childhood in a nourished and enriched environment for female children, 

possibly through pathways of improved learning and emotional flexibility [51]. However, the 

same deviations in the programming of developmental plasticity may cause detrimental 

consequences in a highly stressful environment due to heightened levels of stress reactivity. The 

phenomenon of differential developmental outcomes modulated by environmental stress is 

analogous to the “dandelion/orchid” dichotomy [52]. These sex-specific patterns are consistent 

with the current understanding that females may have greater stress sensitivity as a contributor to 

risk of affective disorders [51]. 
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Table S1. Differential gene expression across developmental stage in BrainSpan among genes involved in regulating the 

opening of sensitive periods.  

Gene 
Hippocampus Amygdala Medial Prefrontal Cortex 

p-value Increased R2  p-value Increased R2 p-value Increased R2 

GABBR1 0.4419 0.342 0.4676 0.333 0.5879 0.211 

GABRA2 0.539 0.308 0.0917 0.507 0.6293 0.198 

GABRB3 0.5086 0.316 0.2561 0.41 0.667 0.181 

GAD1 0.3679 0.331 0.6299 0.264 0.0128 0.52 

GAD2 0.6236 0.26 0.0693 0.512 0.0024 0.535 

SLC6A1 0.2682 0.393 0.4975 0.311 0.0175 0.485 

NPTX2 0.1866 0.387 0.1932 0.446 0.1698 0.353 

CLOCK 0.8176 0.186 0.4596 0.32 0.6194 0.161 

GABRA1 0.8543 0.179 0.5329 0.292 0.0154 0.461 

NTRK2 0.6115 0.21 0.9855 0.079 0.0368 0.464 

OTX2 0.8388 0.19 0.2726 0.353 0.0725 0.409 

CHRNA4 0.1629 0.462 0.1937 0.419 0.0204 0.504 

P-values were obtained from F-tests comparing models with j categorical developmental stage, adjusting for covariates to 

the covariate-only model. The approach tested the hypothesis: b1=b2=…=bj=0. Compared to ordinal coding, the 

categorical coding of developmental stage was chosen to capture any presence of nonlinear differential gene expression 

across ages.  

Bolded values indicate genes differentially expressed based on the significance threshold p<0.05. Increased R2 values were 

obtained by subtracting the variance explained by covariate-only model from the variance explained by the age + 

covariates model, to reflect the additional variation in gene expression explained by developmental stage.  
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Table S2. F-statistics and p-values testing the interactions between developmental 

stage and SNP-level genetic variation (d-QTLs) in BrainSpan.  

Gene Number of SNPs tested SNP F-statistic p-value 

GABRA1 3 rs4367330 3.84 0.0179 

GABRA2 9 rs1442060 11.14 0.0001 

rs16859306 4.14 0.0313 

GABRB3 39 rs12324292 3.79 0.0188 

rs6576603 4.01 0.0336 

rs878960 3.41 0.0279 

GAD2 2 rs7900976 9.48 0.0004 

NTRK2 35 rs1187350 3.43 0.0273 

rs2277192 4.88 0.0182 

rs2808707 3.89 0.0171 

rs7046974 4.06 0.0308 

Two SNPs (rs1442060 and rs7900976) showed significant interactions with 

developmental stage after correcting for multiple testing at the gene level 

(α=0.05/number of SNPs tested). In particular, the interaction effect at rs1442060 was 

still significant after a more stringent Bonferroni correction accounting for the total 

number of SNPs tested (α=0.05/144=0.0003). 
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Table S3. Sociodemographic characteristics of the analytic sample (N=6,254) compared to the entire ALSPAC sample and genetic 

subsample.  

  ALSPAC  

(N=15445) 

Genetic 

Subsample  

(N= 8082) 

Analytic 

Sample  

(N=6254) 

ALSPAC vs. 

Analytic 

Genetic 

Subsample vs. 

Analytic 

  n (%) n (%) n (%) χ2 test  

p-value 

χ2 test  

p-value 

Sex    <0.001 <0.001 

  Males  7542 (51.3)  4138 (51.2)  3026 (48.4)  
  

  Females  7152 (48.7)  3944 (48.8)  3228 (51.6)  
  

Age of Mother at Child's Birth    <0.001 <0.001 

  Ages 15-19  650 (4.6)   211 (2.7)   103 (1.7)  
  

  Ages 20-35 12363 (88.4)  6912 (89.4)  5356 (89.8)  
  

  Age 36+  968 (6.9)   605 (7.8)   507 (8.5)  
  

Number of previous pregnancies 
   

<0.001 <0.001 

  0  5800 (44.7)  3316 (44.8)  2657 (45.8)    

  1  4550 (35.0)  2688 (36.3)  2106 (36.3)  
  

  2  1860 (14.3)  1018 (13.8)   769 (13.3)  
  

  3+  772 (5.9)   378 (5.1)   266 (4.6)  
  

Maternal Education 
   

<0.001 <0.001 

  less than O-level  3735 (30.0)  1821 (25.0)  1231 (21.3)    

  O-level  4303 (34.6)  2533 (34.8)  2021 (35.0)  
  

  A-level  2795 (22.5)  1807 (24.8)  1542 (26.7)  
  

  Degree or Above  1603 (12.9)  1114 (15.3)   978 (16.9)  
  

Maternal Marital Status 
   

<0.001 <0.001 

  Never Married  2522 (19.2)  1141 (15.3)   757 (12.9)    

  Widowed/Divorced/Separated  787 (6.0)   410 (5.5)   283 (4.8)  
  

  Married  9838 (74.8)  5920 (79.2)  4815 (82.2)      
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Table S4. Results of the structured life course modeling approach (SLCMA) examining the 

association between exposure to childhood adversity and depressive symptoms in the ALSPAC 

analytic sample (n=6,254). Models were fitted for socioeconomic disadvantage and caregiver 

physical or emotional abuse separately. 

Life course hypothesis selected 
Increase 

in R2 

Selective 

inference  

p-value 

Beta  

(Effect 

estimate) 

SE 95% CI 

Socioeconomic disadvantage 

    Exposure between 1 and 5 years 0.28% 4.1x10-5 0.65 0.15 (0.35, 0.94) 

    Exposure after 5 years 0.32% 0.022 0.50 0.19 (0.01, 0.87) 

Caregiver physical or emotional abuse 

    Exposure after 5 years 0.07% 0.001 0.62 0.17 (0.23, 0.96) 

    Exposure between 1 and 5 years 0.38% 0.002 0.58 0.18 (0.11, 0.94) 
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Table S5. Effect estimates of main genetic effects, main environmental effect of socioeconomic disadvantage, and GxE interactions using data from 

ALSPAC (n=6,254). Bolded values indicate that the estimates are statistically significant at p<0.05/7=0.007, accounting for testing 7 models. 

  Effect 

estimate 

Standard error p-value 95% CI 

Model 1: Main genetic effect, genome-wide PRS 

     Standardized PRS for depression (p<0.05) 0.40 0.05 <1x10-22 (0.30, 0.49) 

Model 2: Main genetic effect, opening genes PRS 
    

     Standardized genetic score of opening genes -0.01 0.05 0.76 (-0.11, 0.08) 

Model 3: Main environmental effect  

     Exposure to socioeconomic disadvantage between 1 and 5 years 0.84 0.14 7.86x10-10 (0.57, 1.11) 

     Exposure at other time points  0.37 0.19 0.05 (-0.01, 0.74) 

Model 4: Additive genetic and environmental effects, genome-wide PRS     

     Standardized PRS for depression (p<0.05) 0.38 0.05 4.44x10-16 (0.29, 0.48) 

     Exposure to socioeconomic disadvantage between 1 and 5 years 0.79 0.14 5.89x10-9 (0.53, 1.06) 

     Exposure at other time points  0.34 0.19 0.08 (-0.03, 0.71) 

Model 5: Additive genetic and environmental effects, opening genes PRS     

     Standardized genetic score of opening genes -0.02 0.05 0.74 (-0.11, 0.08) 

     Exposure to socioeconomic disadvantage between 1 and 5 years 0.84 0.14 7.71x10-10 (0.57, 1.11) 

     Exposure at other time points  0.37 0.19 0.05 (-0.01, 0.74) 

Model 6: Gene and environment interaction, genome-wide PRS 
    

     Standardized PRS for depression (p<0.05) 0.34 0.05 1.76x10-10 (0.24, 0.45) 

     Exposure to socioeconomic disadvantage between 1 and 5 years 0.77 0.14 1.99x10-8 (0.50, 1.03) 

     Exposure at other time points  0.34 0.19 0.07 (-0.03, 0.71) 

     PRS for depression x exposure between 1 and 5 years 0.28 0.14 0.04 (0.01, 0.54) 

     PRS for depression x exposure at other time points 0.03 0.18 0.86 (-0.33, 0.39) 

Model 7: Gene and environment interaction, opening genes PRS 
    

     Standardized PRS of opening genes -0.06 0.05 0.30 (-0.16, 0.05)  

     Exposure to socioeconomic disadvantage between 1 and 5 years 0.84 0.14 8.25x10-10 (0.57, 1.11) 

     Exposure at other time points  0.37 0.19 0.05 (0.00, 0.74) 

     Opening genes PRS x exposure between 1 and 5 years 0.15 0.13 0.27 (-0.11, 0.41) 

     Opening genes PRS x exposure at other time points 0.26 0.19 0.17 (-0.11, 0.62) 
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Table S6. Effect estimates of main genetic effects, main environmental effect of caregiver physical or emotional abuse, and GxE interactions using data 

from ALSPAC (n=6,254). Bolded values indicate that the estimates are statistically significant at p<0.05/7=0.007, accounting for testing 7 models. 

  Effect 

estimate 

Standard error p-value 95% CI 

Model 1: Main genetic effect, genome-wide PRS 

     Standardized PRS for depression (p<0.05) 0.40 0.05 <1x10-22 (0.30, 0.49) 

Model 2: Main genetic effect, opening genes PRS 
    

     Standardized genetic score of opening genes -0.01 0.05 0.76 (-0.11, 0.08) 

Model 3: Main environmental effect  

     Exposure to caregiver abuse between 1 and 5 years 0.87 0.17 3.08x10-7 (0.54, 1.20) 

     Exposure at other time points  0.83 0.18 6.23x10-6 (0.47, 1.19) 

Model 4: Additive genetic and environmental effects, genome-wide PRS     

     Standardized PRS for depression (p<0.05) 0.38 0.05 1.33x10-15 (0.29, 0.47) 

     Exposure to caregiver abuse between 1 and 5 years 0.81 0.17 1.63x10-6 (0.48, 1.14) 

     Exposure at other time points  0.74 0.18 4.55x10-5 (0.39, 1.10) 

Model 5: Additive genetic and environmental effects, opening genes PRS     

     Standardized genetic score of opening genes -0.02 0.05 0.70 (-0.11, 0.07) 

     Exposure to caregiver abuse between 1 and 5 years 0.86 0.17 4.04x10-7 (0.53, 1.19) 

     Exposure at other time points  0.82 0.18 7.44x10-6 (0.46, 1.18) 

Model 6: Gene and environment interaction, genome-wide PRS 
    

     Standardized PRS for depression (p<0.05) 0.40 0.05 9.99x10-15 (0.30, 0.50) 

     Exposure to caregiver abuse between 1 and 5 years 0.83 0.17 8.86x10-7 (0.50, 1.17) 

     Exposure at other time points  0.73 0.18 7.23x10-5 (0.37, 1.09) 

     PRS for depression x exposure between 1 and 5 years -0.28 0.17 0.11 (-0.61, 0.06) 

     PRS for depression x exposure at other time points 0.05 0.19 0.80 (-0.32, 0.41) 

Model 7: Gene and environment interaction, opening genes PRS 
    

     Standardized PRS of opening genes -0.05 0.05 0.31 (-0.15, 0.05)  

     Exposure to caregiver abuse between 1 and 5 years 0.81 0.17 1.81x10-6 (0.48, 1.15) 

     Exposure at other time points  0.81 0.18 1.05x10-5 (0.45, 1.17) 

     Opening genes PRS x exposure between 1 and 5 years 0.48 0.17 0.005 (0.15, 0.82) 

     Opening genes PRS x exposure at other time points -0.09 0.18 0.64 (-0.45, 0.28) 
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Table S7 

Please see separate excel spreadsheet file for Table S7. 
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Figure S1. A visual example of developmental expression quantitative trait loci (d-QTLs): SNP-

level genotypes shaping the temporal patterns of gene expression in the medial prefrontal cortex. 

 

 

 
 

The developmental patterns of gene expression at GABRA2 and GAD2 are displayed above, 

stratified by genotype at two SNPs that shaped gene expression trajectories. Genotype was modeled 

as a categorical variable and developmental stage was modeled with both a linear and a quadratic 

effect to account for the previously observed nonlinearity of timing effect, while keeping the model 

parsimonious. An F-test was then performed to compare the model with the interaction terms 

included and the model without the interaction terms. All models adjusted for two principal 

components representing genetic ancestry.  

Number of samples available varied across genotypes. For example, for GAD2, only two samples 

were available for minor allele homozygotes. We took these limitations into account when 

interpreting the trajectories across the life course.   
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Figure S2. Gene -level associations between genes regulating sensitive periods and risk for depression, using data from a genome-wide meta-

analysis of depression (n=807,553). 
 

 
Note. Gene symbols of nominally significant associations at the gene-level are annotated (p<0.05). The purple dashed line indicates a nominal 

significance threshold of p<0.05. The pink dashed line indicates a significance threshold after accounting for testing 60 genes using a Bonferroni 

correction, corrresponding to p<0.0008.  
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Figure S3. Effect estimates of main genetic effects, main environmental effect, and GxE interactions using data from ALSPAC, in sex-stratified 

analyses (n=6,254). Thicker lines indicate that the estimates are statistically significant at p<0.05/7=0.007, accounting for testing 7 models. 
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