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Abstract

It has been suggested that depression is a polygenic trait, arising from the influences of multiple 

loci with small individual effects. The aim of this study is to generate a polygenic risk score (PRS) 

to examine the association between genetic variation and depressive symptoms. Our analytic 

sample included N=10,091 participants ages 50+ from the Health and Retirement Study (HRS). 

Depressive symptoms were measured by CESD scores assessed on up to nine occasions across 18 

years. We conducted a genome-wide association analysis for a discovery set (n=7,000) and used 

the top 11 single nucleotide polymorphisms, all with P<10−05 to generate a weighted PRS for our 

replication sample (n=3,091). Results showed the PRS was significantly associated with mean 

CESD score in the replication sample (β=.08, P=.002). The R2-change for the inclusion of the PRS 

was .003. Using a multinomial logistic regression model we also examined the association 

between genetic risk and chronicity of high (4+) CESD scores. We found that a one standard 

deviation increase in PRS was associated with a 36% increase in the odds of having chronically 

high CESD scores relative to never having had high CESD scores. Our findings are consistent 

with depression being a polygenic trait and suggest that the cumulative influence of multiple 

variants increase an individual’s susceptibility for chronically experiencing high levels of 

depressive symptoms.

Introduction

Depression has substantial public health implications. It has been shown to exacerbate 

disease progression, disability, and cognitive decline, as well as increase the risk of 

mortality (Reddy, 2010; Ferrari et al., 2013). It is also one of the most common psychiatric 

illnesses. Among the older U.S. population, the prevalence of a high level of depressive 

symptoms is 14.6% (Zivin et al. 2010) while the prevalence of major depressive disorder is 
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6.7% (Kessler et al, 2003). It is also estimated that just over 16% of the population will 

experience a major depressive episode at least once in their lifetime.

While negative events in a person’s life often increase the risk of experiencing symptoms of 

depression, genetic differences also shape susceptibility. Studies dating back to the early 

20th century have provided evidence that depression runs in families (reviewed in Tsuang & 

Faraone, 1990). Twin studies of older adults suggest that the number of depressive 

symptoms is approximately 20–30% heritable (McGue & Christensen, 2003; Jansson et al., 

2004) and similar estimates have been found for MDD based on twin and genotype data 

(Sullivan et al., 2000; Lubke et al., 2012). Identifying the biological pathways and genes 

associated with depressive symptoms has the potential to facilitate our understanding of the 

pathophysiology of depression, and in turn lead to improved treatment and prevention (Flint 

& Kendler, 2014).

Nevertheless, there has been little success to-date in uncovering susceptibility loci for 

depressive phenotypes. Even a mega-analysis on nearly 19,000 subjects, conducted by the 

Major Depressive Disorder Working Group of the Psychiatric Genome-Wide Association 

Study (GWAS) Consortium (Ripke, 2013) did not identify any SNPs that met genome-wide 

significance. While the authors indicate the need for larger sample sizes, another way to 

identify causal variants may be to consider the cumulative associations of multiple SNPs 

simultaneously (Wray et al., 2007). As with other complex disorders that are common in the 

population, depression appears to be a multifactorial, polygenic trait, influenced by multiple 

environmental factors and multiple genetic loci whose individual effects are too small to 

confirm with current sample sizes (Collins & Sullivan, 2013).

One way to examine the aggregate influence of multiple genetic markers is by generating a 

Polygenic Risks Score (PRS) based on results from a GWAS. A PRS can be thought of as a 

measure of ‘genetic burden’ associated with a phenotype (Wray et al., 2008). One of the 

earliest examples incorporating these scores with GWAS examined the genetic 

underpinnings of schizophrenia and bipolar disorder (Purcell et al. 2009), and since then use 

of PRS has become increasingly popular, facilitating genetic discoveries for complex traits. 

PRSs are generated by running a GWAS on a discovery sample, selecting SNPs on the basis 

of their association with the phenotype, and creating a sum of their phenotype-associated 

alleles (often weighted by the SNP-specific coefficients from the GWAS), that can be 

evaluated in a separate replication sample (Dudbridge, 2013). PRSs are based on the idea 

that many variants with small individual effects will not meet genome-wide significance 

thresholds, yet collectively may have a strong effect (Wray et al., 2007; Wray et al., 2008).

In addition to considering the cumulative association across multiple SNPs, our ability to 

identify risk alleles is influenced by measurement of the phenotype. Typically, binary 

diagnostic categories have been used as the standard phenotype for depression GWAS. 

However, if depression-related pathophysiology is polygenic, one would expect to see a 

spectrum regarding the levels of depressive symptoms and thus a continuous symptoms 

measure may be more appropriate (Chang et al., 2014). Examining the chronicity of these 

traits may also facilitate genetic discovery. The number of depressive symptoms an 

individual reports may be strongly influenced by his/her environmental circumstances or 
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recent life events. However, for individuals who are genetically predisposed to experience 

higher levels of depressive symptoms, these fluctuations may be less contextually 

dependent, and thus may remain more stable over time (Chang et al., 2014). For this reason 

we also examine the chronicity over time of high levels of depressive symptoms.

The goal of the current study is to use a nationally-representative longitudinal study of older 

U.S. adults to 1) conduct a GWAS on participant’s mean level of depressive symptoms over 

an eighteen year period, 2) use those findings to generate a PRS in a separate sub-sample of 

the same population, and 3) examine the association between the PRS and both the level and 

chronicity of depressive symptoms in the replication sample.

Methods

Sample and Study Design

Genetic data came from saliva samples collected during the 2006 and 2008 waves of the 

Health and Retirement Study (HRS), a nationally-representative longitudinal study of health 

and aging in the U.S, collected every two years since 1992. For our analysis we selected 

participants who self-reported their race as white/Caucasian, had available genetic data, and 

had at least three waves of data on depressive symptoms from any of the nine waves of the 

HRS between 1994 and 2010. This left us with an analytic sample of N=10,091. Non-whites 

were excluded to increases the ancestral homogeneity of our sample, while individuals with 

fewer than three CESD scores were excluded to ensure that we had sufficient observations 

to characterize participants’ depressive symptoms over time. Compared to the entire HRS 

sample of non-Hispanic whites, the analytic sample is more likely to include people over the 

age of 85 and people with less than a high-school degree. However, the samples do not 

differ in distributions of gender or U.S. region of residence.

The analytic sample was split into two random groups using a random number generator to 

create a discovery ample (n=7,000) and a replication sample (n=3,091). For our analysis, the 

discovery set was used to identify candidate SNPs associated with a person’s mean number 

of depressive symptoms from which to create a PRS; our replication set was used to test 

whether the PRS was associated with mean levels of depressive symptoms as well as 

chronicity of depressive symptoms. Because our GWAS was used to identify candidate 

SNPs for inclusion in our PRS—considering all those with P<.05—rather than identifying 

individual explanatory SNPs, we were more concerned with having sufficient power to 

identify significant association between our PRS and mean number of depressive symptoms 

in our replication sample. A power analysis showed we would need a replication sample of 

3,000 to yield a power of around 0.8 for a PRS explaining 0.25% of the variance in mean 

number of depressive symptoms (R2=.0025), which is on par with R2 that have been 

reported for other complex traits (Dudbridge, 2013).

Depressive Symptoms Measure

CESD8 (the eight item Center for Epidemiologic Studies of Depression scale) was used to 

quantify participants’ number of depressive symptoms. This measure is a linear composite 

of participant’s binary, yes or no, responses to eight items, with possible values ranging 
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from 0 to 8. For these items respondents were asked, whether over the past week they: 1) felt 

depressed, 2) felt like everything was an effort, 3) had restless sleep, 4) felt happy (reverse 

coded), 5) felt lonely, 6) enjoyed life (reverse coded), 7) felt sad, or 8) could not get going. 

For each participant, a mean CESD8 score was created using data across all waves (except 

from the 1992 wave which used a different measure) with non-missing data. We found 

strong (within-person) internal consistency in CESD scores across the nine waves 

(Cronbach’s alpha=0.89).

In addition to the mean CESD, we also examine a categorical variable that reflects the 

chronicity of high levels of depressive symptoms. Participants who had information on 

CESD for at least three waves were classified into five categories depending on whether 

they: 1) reported less than four depressive symptoms for all waves they were observed, 2) 

reported four or more depressive symptoms for fewer than one-half of the waves they were 

observed (but at least one), 3) reported four or more depressive symptoms for more than 

one-half, but less than all of the waves they were observed, 4) reported four or more 

depressive symptoms at every wave they were observed. The cut-off of four or more 

depressive symptoms was chosen to reflect a level of depressive symptoms that is clinically 

noteworthy but it does not reflect a diagnostic category (Steffick, 2000; Zivin et al. 2010).

Genome-Wide SNP Analysis

Genotyping was performed by the NIH Center for Inherited Disease Research (CIDR) using 

the Illumina Human Omni-2.5 Quad beadchip, with coverage of approximately 2.5 million 

single nucleotide polymorphisms (SNPs). Initial Quality Control measures were performed 

by HRS to test CIDR technical filters, duplicates, missing call rates >=2%, Hardy-Weinberg 

Equilibrium P-values <10-4 in European and African samples, sex differences in all allelic 

frequency >=0.2, and sex differences in heterozygosity >0.3. We were left with 2,201,371 

SNPs for our GWAS. More information on QC checks is provided by HRS (HRS, 2012). 

Finally, in order to minimize the bias from rare SNPs that potentially generate inflated P-

values, we set our minor allele frequency (MAF) cutoff at 0.05, which left us with a total of 

1,271,442 SNPs for our analysis. Principal component analysis (PCA) was conducted by the 

HRS in accordance with the methods described by Patterson et al. (2006) in order to account 

for population structure. A scree plot generated by HRS showed that the 20 components 

produced by the PCA only accounted for a small fraction of the overall genetic variance 

(<4%) and that most of this was contained within the first two components (HRS, 2012). 

Because our analysis used data on whites only there was less of a need to use a large number 

of eigenvectors as controls. Nevertheless, we adjusted for the first four eigenvectors in all 

subsequent analyses.

Statistical Analysis

With our discovery sample, we conducted a quantitative trait based GWAS, using the mean 

number of depressive symptoms over three to nine waves as our dependent variable, and 

adjusting for sex and the first four eigenvectors. SNPs were then grouped based on empirical 

estimates of Linkage Disequilibrium (LD) using the clump command in PLINK (PLINK 

1.9, Shaun Purcell, http://pngu.mgh.harvard.edu/purcell/plink/). This analysis reports index 

SNPs—denoted as the most significant SNP (from the GWAS results) for each group of 
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correlated SNPs. For this procedure, we considered all SNPs with P-values<.05, and used a 

distance of 250kb and an R2 threshold of 0.50 to group SNPs.

Next, five PRS were constructed based on our GWAS results using various P-value cutoffs 

for inclusion criteria. The PRS was calculated as the sum of the risk alleles, weighted by 

their coefficients from our GWAS results (Dudbridge, 2013). For instance, this score 

assumes a dose response for each SNP, where persons who are homozygous for the risk 

allele are given a score of two, those who are heterozygous are given a score of 1, and those 

who are homozygous for the non-risk allele are given a score of 0. These scores are then 

multiplied by the coefficient for that SNP from the GWAS results and then summed across 

SNPs. PRS calculation were done using PLINK with the option ‘no mean imputation’ 

specified—missing alleles were not set as the most common allele based on the sample 

allele frequencies, but rather PRS only took into account those SNPs which were directly 

genotyped.

The associations between mean CESD and the five PRS were then evaluated using the 

discovery sample in order to select the appropriate PRS to evaluate in the validation sample. 

Ordinary least squares and Poisson regressions, adjusting for the eigenvectors, age, and sex 

were used to examine the association between PRS and CESD and to ensure that the 

distribution of CESD did not bias our results. Multinomial logistic regression adjusting for 

the four eigenvectors, age, and sex was used to examine the association between PRS and 

the likelihood of inclusion in the five depressive symptoms chronicity categories. Finally, 

spline graphs with 4 knots were generated to visualize the association between increases in 

PRS and increases in both level and chronicity of CESD. STATA (StataCorp. 2013. Stata 

Statistical Software: Release 13. College Station, TX: StataCorp LP) was used to examine 

the association between PRS and CESD in the replication sample, while the GWAS and the 

calculation of the PRSs were run using PLINK (PLINK 1.9, Shaun Purcell, http://

pngu.mgh.harvard.edu/purcell/plink/).

Results

Sample Characteristics

Our discovery and replication sets had equivalent characteristics, as shown in Table 1. Both 

samples were 65 years old on average (SD=10.3), and were approximately 59% female. 

Additionally, mean CESD was 1.28 (SD=1.4) for the discovery sample and 1.30 (1.4) for the 

replication sample. We also observed similar genetic ancestry between the two sub-samples, 

as signified by eigenvector scores. For both the discovery and replication samples, just over 

57% of participants never reported four or more depressive symptoms, approximately 32% 

reported four or more symptoms less than half of the times observed, and about 9% reported 

four or more symptoms more than half the time. Additionally, 1.18% (n=81) participants in 

the discovery sample reported four or more depressive symptoms at every wave, while 1.8 

(n=58) reported this in the replication sample.
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GWAS Findings and Polygenic Risk Scores

When examining the GWAS results before clustering SNPs by LD we found that overall, no 

SNPs met the P<5 × 10−08 threshold for genome-wide significance (Figure 1). However, 14 

SNPs met criteria for “suggestive association” P<10−05. Five of the 14 SNPs with 

suggestive association were on chromosome 3, two of which had P<5 × 10−07, the first 

(rs74751406) which is predicted to be a downstream (<5kb) variant of FETUB and the 

second (rs7999) which is a missense variant located in FETUB. When clustering SNPs, 

these two were assigned to the sample group, with rs74751406 set as the index SNP.

SNPs with P<.05 were grouped into clusters based on empirical estimations of LD. The 

index SNPs for each cluster (those with the lowest P-value) were used to create 5 PRS—one 

which included all index SNPs with P<.05 (n=37,539), one that included index SNPs with 

P<10−02(n=8,320), one that included index SNPs with P<10−03(n=998), one that included 

index SNPs with P<10−04(n=125), and one that included index SNPs with P<10−05(n=11). 

Using the original discovery sample, we examined the association between the five PRS and 

mean CESD. As expected, based on R2, the two PRS with the most SNPs (P<.05, n=37,539; 

and P<.01, n=8,320) had the strongest association with CESD in the discovery sample, 

while the PRS comprised of only eleven SNPs (all with P<10−02) had the next strongest 

relationship (results available by request). However, we selected the PRS that included the 

top 11 SNPs with P<10−05 to test in our replication sample for two reasons. First, inclusion 

of a large number of SNPs could lead to over-fitting—adding complexity yet increasing 

bias. Second, while the two PRS made up of SNPs with P<.05 (n=37,539) or P<.01 

(n=8,320) did perform better, the degree of increased performance was small relative to the 

increase in the number of SNPs—suggesting that much of the association with CESD was 

being captured by the SNPs present in PRS we ultimately selected (SNPs with P<10−05). 

SNPs included in the final PRS are shown in Table 2.

Replication

For the replication sample, the PRS that included SNPs with P<10−05 (n=11) ranged from 

−0.036 to 0.120, with a mean of 0.003 and standard deviation of 0.014. However this was 

standardized to have a mean of zero and a standard deviation of one. Next we examined the 

association between PRS and mean CESD using OLS regression (Table 3). We found that a 

one standard deviation increase in the PRS was associated with an approximately .08 point 

increase in mean CESD (β=0.078, P=.002). This was equivalent to approximately 18% of 

the effect size of being female. The R2 increase from the model not containing the PRS 

compared to the one containing PRS was .003 (R2
model 1:0.058; R2

model 2:0.061). Next, we 

re-ran this analysis using a Poisson regression in place of the OLS regression to examine 

whether the distribution of CESD—which is zero-inflated—biased our results. Overall the 

Poisson regression model produced comparable results to the OLS model (β=0.055, P<.

001).

To examine the association between our genetic score and chronicity of high depressive 

symptoms we used a multinomial logistic regression model to examine whether higher PRS 

was associated with an increased likelihood of having chronically high CESD—defined as a 

CESD score of 4 or more—relative to never having high CESD (Table 4). Results showed 
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that a one standard deviation increases in PRS increased the likelihood of having high CESD 

at every wave by 36% (OR: 1.36, 95%CI: 1.08–1.71). The increased risk of having high 

CESD for fewer than half the waves (OR: 1.05, 95%CI: 0.97–1.14) and more than half the 

waves (OR: 1.07, 95%CI: 0.94–1.21)—relative to none of the waves—was not statistically 

significant, but the increases in the OR were consistent with a dose response between PRS 

and chronicity. Finally, to examine the dose-response between PRS and both level and 

chronicity of depressive symptoms, we plotted cubic splines, allowing for 4 knots (Figure 

2). We found that for PRS of 2 and above (which corresponds to about 200 participants in 

our replication sample), both level and chronicity appeared to increase with PRS at a 

relatively steady rate.

Discussion

Our study identified a set of SNPs that together were associated with depressive symptoms 

in two independent samples. The current study moves beyond the one locus approach and 

instead examined the cumulative effect of multiple loci. While GWASs are designed to 

examine one SNP at a time without considering an individual’s other genetic characteristics, 

it is unlikely that a single mutation accounts for the majority of the genetic risk for 

depression or for other complex traits. Instead, researchers believe that groups of variants, 

with small individual effects combine to influence an individual’s susceptibility to a given 

trait (Wray et al., 2007; Wray et al., 2008).

Even in the 1970s, a study examining inheritance patterns in families concluded that 

depression was most likely a polygenic trait (Baker et al., 1972); however researchers have 

continued to examine phenotypes like depression using models that do not incorporate 

information across alleles. In recent years however, many studies, have begun to use 

polygenic methods to examine complex traits, with relatively good success (Morrison et al., 

2007; Kathiresan et al., 2008; Purcell et al.,2009; Bush et al, 2010; Lango et al, 2010; 

Simonson et al, 2011; Belsky et al., 2013). In the current study, none of our SNPs met 

genome-wide significance, but 14 (11 after grouping SNPs by LD) met benchmarks for 

having a “suggested association”. This is consistent with the assumption that the majority of 

polygenic SNPs are likely to have small individual effect sizes, and thus will not meet 

genome-wide significance criteria (Yang et al., 2010). By testing for the cumulative 

associations of multiple SNPs our genetic risk score, which can be thought of as an index of 

genetic load, was significantly associated with both level and chronicity of depressive 

symptoms. As far as we know, none of the SNPs we identified have been associated with 

either depressive symptoms or MDD. Four of the 11 SNPs from our PRS were also 

examined in the mega-analysis for MDD, yet none were found to be significant. One 

explanation could be difference in phenotypes used to examine depression—MDD vs 

depressive symptoms.

The analysis of up to eighteen years of longitudinal data allowed us to develop a depressive 

phenotype that accounted for both severity and stability of depressive symptoms. While 

clinical depression phenotypes, like MDD, may reflect a true risk group, if depression is a 

polygenic trait, one would expect to see a gradient in the level of depressive symptoms with 

an increasing number of risk alleles (Chang et al., 2014). This is consistent with our results 
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which suggest that both the level of depressive symptoms and chronicity of high CESD 

increase steadily with increasing PRS, particularly for individuals with PRS two or more 

standard deviations above the mean. Finally, the examination of chronic depressive 

symptoms may be more robust in reflecting a more stable depression-related phenotype. 

While for most individuals depressive symptoms may fluctuate in response to exogenous 

circumstances, it is possible they reflect a more endogenous trait for individuals with greater 

genetic susceptibility, and thus may be less influenced by temporal fluctuations caused by 

changes in an individual’s environment. This was supported by our results that showed a 

higher PRS increased the likelihood of having continuously high levels of depressive 

symptoms.

There are limitations to this study which we would like to acknowledge. First, we assessed 

depressive symptoms with a version of the CESD which asks participants to report presence 

or absence of eight symptoms as experienced during the prior week. The majority of our 

sample had low levels of symptoms which may limit our ability to identify variants 

associated with mild or transient depressive episodes but may have greater sensitivity for 

detecting individuals with more severe and chronic symptomatology. Second, although our 

PRS was associated with the number and stability of depressive symptoms, it did not 

account for anywhere near the 20–40% variation explained by genetic factors based on twin 

studies (McGue & Christensen, 2003; Jansson et al., 2004; Sullivan et al., 2000; Lubke et 

al., 2012). Part of this may be due to the fact that only 11 SNPs were included in our PRS. 

However, the ability to develop more complex PRS (consisting of a higher number of SNPs) 

relies on our ability to identify and eliminate false-positives. Other explanations for the 

lower explanatory power of our PRS relative to estimates from twin studies include 1) the 

possibility that rare variants play a role in pathophysiology of depression and 2) the levels of 

LD between the SNPs used in our score and the true causal variants. For instance, if our 

SNPs are only moderately correlated with a causal variant we would expect to see weaker 

associations between our phenotype and our ‘proxy’ SNP. Nevertheless, the amount of 

variance explained by our score is similar to what has been found in previous PRS studies of 

a variety of complex diseases (Dudbridge, 2013). Finally, many HRS participants are 

spouses, yet given the specific goals of this study, we did not focus on this in our analyses. 

Nevertheless, given that spouses tend to share environments which may influence depressive 

symptoms, in moving forward it would be interesting to examine whether differences in 

PRS are associated with discordance in depressive symptoms between spouses.

Overall, our study was strengthened by our use of a large nationally-representative sample 

with data on a single cohort assessed over multiple years. In using this we were able to 

identify a set of SNPs that together influenced both a person’s average level of depressive 

symptoms and chronicity of high levels of depressive symptoms. These results add to the 

growing body of recent studies aimed at identifying the molecular basis of vulnerability to 

experience depressive symptoms.
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Figure 1. Results from the GWAS on CESD score using the discovery sample (N=7,000)
As shown in 1a, no SNPs met criteria for genome-wide significance (the upper reference 

line), although we found 14 SNPs with suggestive association (the lower reference line), and 

after reducing this number to 11 by grouping SNPs by empirically suggested LD, these 11 

SNPs were selected for inclusion in the PRS. Figure 1b, shows that there are more SNPs 

with ‘suggestive association’ (P<10−05) than would be expected by chance alone.
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Figure 2. Splines of the Association between the PRS and CESD level and chronicity in the 
replication sample (N=3,091)
As the PRS increases so do the (levels of) depressive symptoms (Figure 2a), particularly for 

individuals with a PRS of more than two standard deviations above the mean, for whom 

mean CESD score rises steadily with an increasing PRS. A very similar trend is seen for the 

PRS and the chronicity of depressive symptoms (Figure 2b)—measured as the percent of 

waves that an individual has high CESD (score of four or more)
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Table 3

OLS and Poisson Regression of the Association Between PRS and Mean CESD

Ordinary Least Squares Regression Poisson Regression

Coefficient P-Value Coefficient P-Value

Sex (Female=1) 0.42 <.001 0.33 <.001

EV1 185.52 <.001 91.04 <.001

EV2 −4.97 .623 −0.33 .951

EV3 8.82 .602 4.46 .657

EV4 3.63 .320 0.75 .732

Age (wave 8) −0.002 .374 −0.001 .283

PRS 0.08 .002 0.06 <.001

R-squared = 0.061 Pseudo R-squared=0.027

EV: Eigenvectors
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Table 4

Association Between the PRS and Chronicity of High Depressive Symptoms

Odds Ratio 95% Confidence
Interval

No waves with high CESD (reference) --

High CESD for at least one, but less than half the waves

  Sex (Female=1) 1.21 1.03–1.41

  Age (wave 8) 1.02 1.01–1.03

  PRS 1.05 0.97–1.14

High CESD for more than half, but not all waves

  Sex (Female=1) 1.36 1.05–1.77

  Age (wave 8) 1.01 0.99–1.02

  PRS 1.07 0.94–1.21

High CESD for all waves

  Sex (Female=1) 1.51 0.86–2.66

  Age (wave 8) 0.96 0.93–0.98

  PRS 1.36 1.08–1.71

Model was run also adjusting for eigenvectors 1–4
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