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Abstract

Background: Depression is associated with higher risk for Alzheimer’s disease (AD) in several 

prospective studies; however, mechanisms underlying this association remain unclear.

Methods: We examined genetic correlation between depression and AD using LDSC 

regression. We then tested for evidence of causality between depression and AD using 

Mendelian randomization and genome-wide association study (GWAS) results. Subsequently, 

cis and trans quantitative trait locus (QTL) analyses for the depression-GWAS signals were 

performed to resolve the genetic signals to specific DNA-methylation sites, brain transcripts, 

and proteins. These transcripts and proteins were then examined for associations with AD and 

its endophenotypes. Lastly, associations between depression polygenic risk score (PRS) and AD 

endophenotypes were examined.

Results: We detected a significant genetic correlation between depression and AD suggesting 

that they have a shared genetic basis. Furthermore, we found that depression has a causal role 

in AD through Mendelian randomization but did not find evidence for a causal role of AD on 

depression. Moreover, we identified 75 brain transcripts and 28 brain proteins regulated by the 

depression GWAS signals through QTL analyses. Among these, 46 transcripts and 7 proteins were 

associated with rates of cognitive decline over time, AD pathologies, and AD diagnosis in two 

separate cohorts, implicating them in AD. Additionally, we found that higher depression PRS was 

associated with faster decline of episodic memory over time.

Conclusions: Depression appears to have a causal role in AD, and this causal relationship is 

likely driven, in part, by the 53 brain transcripts and proteins identified in this study.

Keywords

Depression; Alzheimer’s disease; genetic correlation; Mendelian randomization; brain protein; 
quantitative trait locus

Depression and Alzheimer’s dementia (AD) are commonly comorbid in individuals over age 

65 (1–3). Depression at any age (early-, mid-, or late-life) has been found to be associated 
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with an increased risk for AD in large prospective epidemiological studies (4–7) and is 

arguably a modifiable target for the prevention of cognitive decline and dementia (8).

The genetic link between depression and AD has been explored using candidate genes 

(9–11) or genome-wide association study (GWAS) results (12–14) with mixed to negative 

results. Those early studies were likely limited by power since the latest published AD 

GWAS found a nominal genetic correlation between AD and depressive symptoms (15). 

The two most salient differences between the earlier and recent studies are the availability 

of full GWAS summary statistics and larger sample sizes (14). Thus, with these new data, 

we undertook the present study to identify shared molecular changes between these two 

illnesses using functional genomic approaches that capitalize on newly available brain 

transcriptomic and proteomic data. Here, we performed LDSC regression, Mendelian 

randomization, cis and trans QTL analyses using brain DNA methylation, transcriptomic, 

and proteomic data to identify brain transcripts and proteins that link depression to AD 

in order to elucidate the molecular basis behind the association between depression and 

elevated AD risk.

Methods

GWAS summary statistics: We used results from the GWAS of depression among 807,553 

individuals (16) and GWAS of AD among 455,258 individuals (15), all of European 

ancestry, in this study (Table S1A). SNP-based estimates of heritability were similar to 

those reported in the primary papers (depression: hSNP = 0.080 ± 0.003; AD hSNP = 0.012 ± 

0.002). For sensitivity analyses, we used results of two additional AD GWAS (17, 18) (Table 

S1A).

Religious Orders Study (ROS) and Rush Memory and Aging Project (MAP) are two 

prospective clinical-pathologic cohorts of aging and dementia (19, 20). All ROS/MAP 

participants are cognitively normal at enrollment, undergo annual clinical evaluations, and 

agree to brain donation. Both studies were approved by an Institutional Review Board 

of Rush University Medical Center. We used the DNA methylation, transcriptomes and 

proteomes profiled from the dorsolateral prefrontal cortex (dPFC) of post-mortem brain 

samples donated by these participants (Table S1B). Details of the clinical and pathologic 

assessments performed in ROS/MAP are provided in supplementary methods.

Banner Sun Health Research Institute (Banner) is a longitudinal study of healthy aging, 

Alzheimer’s and Parkinson’s disease (21). Participants were enrolled as cognitively healthy 

volunteers and underwent standardized medical, neurological, and neuropsychological 

assessments during life (21) (Table S1B). We used brain proteomes profiled from the dPFC 

donated by Banner participants (Table S1B).

Proteomic quantification and quality control: Proteomic profiles of 400 ROS/MAP and 200 

Banner participants were generated using tandem mass tag isobaric labelling and mass 

spectrometry as described previously (22). Using previously described procedures (22), we 

performed quality control as followed: (i) excluding proteins with missing values in more 

than 50% of the subjects, (ii) dividing each protein abundance by a sample-specific total 
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protein abundance to remove effects of protein loading differences, (iii) performing log2 

transformation of protein abundance, and iv) detecting and removing outlier samples. We 

then removed effects of batch, post-mortem interval, age, and study from the proteomic 

profiles using regression. After quality control, 8,356 proteins in 391 ROS/MAP subjects 

and 7,854 proteins in 196 Banner subjects remained for analysis (Table S1B).

Transcriptomic quantification and quality control: Transcriptomes were profiled from the 

dPFC of 638 ROS/MAP participants as described previously (23). Reads were aligned using 

STAR (24). We removed genes with <1 count per million in at least 50% of the samples and 

with missing gene length and percent GC content. Outlier samples were removed. Effects of 

batch, RIN, post-mortem interval, and age were regressed from the transcriptomic profiles. 

After quality control, 15,822 transcripts in 630 individuals remained (Table S1B).

DNA methylation was profiled from the dPFC of 737 ROS/MAP participants using the 

Illumina HumanMethylation450 Beadchip array as described before (23). Color channel 

normalization and background removal were performed using the Illumina GenomeStudio. 

Quality control and normalization were performed using previously described procedures 

(25). Briefly, we removed probes (i) with detection p-value > 0.01 in any sample, (ii) 

annotated to the X or Y chromosome, (iii) cross-hybridized with other probes, (iv) non-CpG 

site probes, and (v) overlapped with common SNPs. The remaining CpG sites were then 

normalized using BMIQ in Watermelon R package (26) and ComBat in the SVA package 

(27). After quality control, there were 340,516 CpGs in 664 individuals for analysis (Table 

S1B).

Genotyping of ROS/MAP participants were profiled using either the Illumina OmniQuad 

Express, Affymetrix GeneChip 6.0, or whole genome sequencing (WGS) (23, 28). WGS 

was prioritized when multiple data sources were available. Banner participants were 

genotyped using the Affymetrix Precision Medicine Array (29). Quality control of WGS 

and each array-based genotyping source was performed separately using Plink (30). We 

removed individuals with genotyping missing rate >5%, variants with Hardy Weinberg 

equilibrium p-value < 10−5, variants with missing genotype rate >5%, variants with minor 

allele frequency <1%, and variants that are not single nucleotide polymorphisms (SNPs). 

KING was used to remove individuals estimated to be closer than second-degree kinship 

(31). Genotyping was imputed to the 1000 Genome Project Phase 3 (32) using the Michigan 

Imputation Server (33) and SNPs with imputation R2 > 0.3 were retained for analysis. After 

quality control, 580 ROS/MAP subjects had complete genetic and transcriptomic data, 372 

ROS/MAP and 97 Banner subjects had complete genetic and proteomic data, and 664 ROS/ 

MAP subjects had complete genetic and methylation data to be included in the analysis 

(Table S1B).

Statistical analysis

Linkage disequilibrium score (LDSC) regression (34) was performed to estimate the genetic 

correlation (rg) between depression and AD using their GWAS summary statistics. Pre-

estimated LD scores were obtained from the 1000 Genomes European reference population 

and the genetic correlation was calculated using HapMap3 SNPs only (LD reference 

panel SNPs) to minimize potential bias by differences in LD structure (34). Additionally, 
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following the LDSC framework, we removed SNPs with extremely large effect sizes (X2 > 

80) since these can unduly influence LDSC regression (34).

Mendelian randomization (MR): Bidirectional MR was conducted to investigate the causal 

relationship between depression and AD using Generalized Summary data-based Mendelian 

Randomization (GSMR) approach (35). To meet the assumptions of MR, we used clumping 

with parameter of r2 <0.05, removed SNPs with large allele-frequency differences from the 

1000 Genomes reference samples, and only considered SNPs with the strongest effect on 

the exposures (P-value < 5 × 10−8) as the instrument variables in the forward and reverse 

models, respectively. We used the HEIDI-outlier approach (35) to remove SNPs that have 

pleiotropic effects on both the exposure and the outcome. To address potential horizontal 

pleiotropy, we used the MR Pleiotropy Residual Sum and Outlier (MR-PRESSO) (36) to 

detect and correct for potential horizonal pleiotropy. Both MR methods detected the same 

outlier SNPs, and the retained SNPs were then tested for the association with the outcome 

for causal effect. Here, we conducted the forward GSMR analysis on the 115 depression 

SNPs as the instrument variables and the reverse GSMR analysis on 61 AD SNPs as the 

instrument variables.

Surrogate variable analysis (SVA) (37) was performed to identify hidden confounders in 

the expression data using the SVA package (27). For both transcriptomic and proteomic 

analyses, we included the first ten significant surrogate variables as covariates where 

relevant.

Quantitative trait locus (QTL) analyses were performed to identify associations between 

genetic variants and DNA methylation (mQTL), transcript (eQTL), and protein level 

(pQTL), respectively. To that end, the transcript and protein levels were regressed against 

the genotype for each SNP, assuming additive genetic effects and including depressive 

symptoms, AD status, ten genetic principal components, and ten surrogate variables as 

covariates (38). We used the Benjamini-Hochberg approach to control false discovery rate 

(FDR) and set a threshold of 5% to declare a QTL statistically significant. QTLs were 

categorized as proximal if the SNP is located within 1Mb of a gene’s transcription start 

site (TSS). Those outside that window were defined as distal. All statistical analyses were 

performed in R v.4.0.2.

Depression-associated transcripts/proteins versus AD features: We examined associations 

between transcripts and proteins regulated by the depression-SNPs and AD diagnosis and 

its endophenotypes. These AD characteristics include (i) rates of change of cognitive 

performance over time; (ii) beta-amyloid; (iii) neurofibrillary tangles; and (iv) clinical 

diagnosis of AD. To this end, we used linear regression in which a specific AD feature 

was the outcome, transcript/protein was the predictor, and age at death, sex, and depressive 

symptoms were the covariates.

Meta-analysis was performed with METAL (39) to combine results from the discovery 

(ROS/MAP) and replication (Banner) cohorts using test statistics and standard errors.

Polygenic risk score (PRS) for depression was estimated for ROS/MAP participants 

using results from the depression GWAS (16) following the PRSice-2 approach (40, 41). 
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Subsequently, associations between the depression PRS and AD features were examined, 

adjusting for sex, 10 genetic principal components, and genotype platform using regression 

modeling.

Results

Shared genetic risk between depression and AD

To investigate whether depression and AD have shared genetic risk, we performed LDSC 

regression and found a significant positive genetic correlation (rg = 0.17, p = 5.54×10−5), 

suggesting that they have a shared genetic basis. Since the Jansen et al AD GWAS we used 

(15) included both AD-by-diagnosis and AD-by-proxy, we conducted a sensitivity analysis 

to examine whether this shared genetic basis was driven by AD-by-proxy cases. To that 

end, we performed LDSC regression using the same depression GWAS and an AD GWAS 

that only included AD-by-diagnosis cases (17) and an AD GWAS that only included AD-by-

proxy cases (18) (Table S1A). Notably, the number of AD-by-proxy cases was relatively 

similar between the Jansen GWAS (n=47,793) and the AD-by-proxy-cases-only GWAS (18) 

(n=42,034; Table S1A). We found no significant genetic correlation for the AD-by-diagnosis 

GWAS (rg = − 0.02, p = 0.73), likely due to a smaller sample size and thus lower power. We 

found a nominal and weaker correlation for the AD-by-proxy GWAS (rg = 0.12, p = 0.02). 

Together, these findings suggest that the genetic correlation between depression and AD was 

not substantially driven by the AD-by-proxy cases.

Evidence for a causal genetic effect of depression on AD

Genetic correlation may arise from pleiotropy (i.e., genes independently affecting both 

depression and AD) or from the causal effect of depression on AD or vice versa. To identify 

a potential causal effect of depression on AD, we performed Mendelian randomization using 

GSMR (42). We used the 115 SNPs found to be associated with depression at genome-wide 

significant level from the depression GWAS as the instruments, depression as the exposure, 

and AD as the outcome. We found a significant causal effect of depression on AD (effect 

size β = 0.029, PGSMR = 0.001, Figure 1A, B; Table S2). Next, to test for the probability 

of a causal effect of AD on depression, we used the 61 AD GWAS-significant SNPs as the 

instruments, AD as the exposure, and depression as the outcome. We did not find a causal 

effect of AD on depression (β = −0.001, PGSMR = 0.954; Figure 1C; Table S2).

To address potential horizontal pleiotropy, we conducted a sensitivity analysis using MR-

PRESSO (36). We found no evidence of pleiotropy based on the MR-PRESSO Global Test 

(P = 0.38). The MR-PRESSO also detected a significant causal effect of depression on AD 

(β = 0.029, P MR-PRESSO = 0.002; Table S2).

Depression-associated variants are also brain eQTLs and pQTLs

To investigate how the 115 depression-associated SNPs underlie the potential causal effect 

of depression on AD, we performed brain eQTL and pQTL analyses for these SNPs. We 

identified 31 depression-SNPs associated with 80 brain transcripts at FDR <0.05 (Figure 

2A; Table S3). Among the 80 SNP-transcript pairs, 67% of the SNPs (21 of 31 SNPs) 

had a proximal effect on 33 corresponding transcripts, and 35% (11 of 31 SNPs) had a 
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distal effect on 42 transcripts (Figure 2A; Table S3). Overall, we found that 31 of the 115 

depression-associated SNPs regulate expression of 75 unique brain transcripts (Figure 2A; 

Table S3).

At the protein level, we found that 32 depression-SNPs were pQTLs for 28 brain proteins 

at FDR <0.05 (Figure 2B; Table S4). Among the 32 SNP-protein pairs, 69% of the SNPs (9 

of 13 unique SNPs) had a proximal effect on 9 corresponding proteins, and 46% (6 of 13 

SNPs) had a distal effect on 19 proteins (Figure 2B; Table S4). Furthermore, we found that 

8 depression-SNPs were both eQTLs and pQTLs, and 6 of them were for the same genes 

(Figure 2B, bolded genes). In sum, we found that 13 of the 115 depression-SNPs regulate 

expression of 28 brain proteins (Figure 2B; Table S4).

Brain transcripts regulated by depression-SNPs are associated with AD features

Since we observed a causal effect of depression on AD at the genetic level, we examined 

whether the 75 brain transcripts regulated by the depression-SNPs are associated with AD 

diagnosis and endophenotypes, including trajectory of cognitive performance over time, 

beta-amyloid, and neurofibrillary tangles. In ROS/MAP cohorts we found that 34 brain 

transcripts were associated with beta-amyloid and 29 transcripts associated with tangles after 

adjusting for sex, age at death, and depressive symptoms (FDR p <0.05, N=587, Figure 

3A, Table S5). Additionally, we found 25 transcripts associated with AD diagnosis and 30 

transcripts associated with cognitive trajectory after adjusting for sex, age at death, and 

depressive symptoms (FDR p <0.05, N=587, Figure 3A, Table S5). Among these transcripts, 

higher levels of ZNF740, RERE, SAP30L, B3GLCT, and FANCE were associated with 

higher levels of beta-amyloid and tangles, greater probability of having AD diagnosis, and 

faster cognitive decline (more negative slope of cognitive trajectory, Figure 3A, Table S5). 

Lower levels of SST, CAP2, TRIM36, SGIP1, and AMT transcripts were associated with 

higher levels of beta-amyloid and tangles, greater probability of having AD diagnosis, and 

faster cognitive decline (Figure 3A, Table S5). In sum, we found that 46 brain transcripts 

(of 75 tested, or 61%) were significantly associated with at least one AD feature. These 

findings support the notion that the depression risk variants contribute to AD via regulating 

expression of their corresponding transcripts in the brain.

Brain proteins regulated by depression-SNPs are associated with AD characteristics

Likewise, we examined associations between the 28 brain proteins regulated by the 

depression-SNPs and AD characteristics. In the ROS/MAP discovery cohorts, we identified 

two proteins (RAB27B and DDAH2) associated with beta-amyloid and five proteins 

associated with tangles after adjusting for sex, age at death, and depressive symptoms (FDR 

p <0.05, N=391, Figure 3B, Table S6A). Additionally, we identified four proteins associated 

with AD diagnosis and four proteins associated with cognitive trajectory after adjusting for 

the aforementioned covariates (FDR p <0.05, N=391, Figure 3B, Table S6A). Among these 

proteins, we found that RAB27B and DDAH2 were associated with all four AD features in 

consistent directions of association - higher abundance of RAB27B was associated higher 

levels of beta-amyloid and tangles, greater probability of having AD, and faster cognitive 

decline (Figure 3B; Table S6A). We also found that lower abundance of DDAH2 was 
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associated higher levels of beta-amyloid and tangles, higher probability of having AD, and 

faster cognitive decline (Figure 3B; Table S6A).

In the Banner replication cohort, three proteins were associated with beta-amyloid and 

eight proteins were associated with tangles after adjusting for sex, age, and depressive 

symptoms (FDR p <0.05, N=125, Figure 3C, Table S6B). Additionally, we identified 

five proteins associated with AD diagnosis and four proteins associated with cognitive 

trajectory after adjusting for the aforementioned covariates (FDR p <0.05, N=125, Figure 

3C, Table S6B). Among these proteins, we found that DDAH2, GMPPA, and GMPPB were 

associated with all four AD features in consistent directions of association (Figure 3C; Table 

S6A). Several factors may be behind the different proteins identified in the discovery and 

replication cohorts, including the different sample sizes and different methods of assessing 

AD diagnosis (considering AD pathologies or not) and pathologies (immunohistochemistry 

versus silver staining). Given these differences, we performed a meta-analysis of these 

results.

Thirteen proteins were profiled in both ROS/MAP and Banner cohorts and were included 

in the meta-analysis. Replication was defined as having a meta-analysis p-value smaller 

than those from both the discovery and replication results and having the same directions 

of association in both. Of the 13 proteins, two replicated in beta-amyloid, six replicated in 

tangles, five replicated in AD diagnosis, and five replicated in cognitive trajectory (Figure 

3D, Table S6C). Two proteins (DDAH2 and RAB27B) were notable for replicating in all 

four AD features in consistent directions of association in both the discovery and replication 

cohorts (Figure 3D, Table S6C). Together, these results further support a molecular link 

between depression and higher risk for AD through these brain proteins.

Depression-SNPs are mQTLs for CpG sites proximal to genes underlying the association 
between depression and AD

Among the 115 depression-SNPs, we performed mQTL analysis and found 424 cis mQTLs 

after adjusting for age, depressive symptoms, cognitive diagnosis, and 10 genetic principal 

components (FDR p<0.05, N=664), and among these, 69 were unique mQTLs. We sought 

to determine how many of these 69 mQTLs are located proximal to the 46 transcripts 

and 7 proteins that likely underlie the contribution of depression to AD identified above. 

We found 17 unique mQTLs proximal to these 18 transcripts (Table S7) and 8 unique 

mQTLs proximal to these 4 proteins (Table S8). Together, these findings point to brain DNA 

methylation, transcripts, and proteins as underlying the contribution of depression to AD.

Higher depression PRS is associated with faster decline of episodic memory over time

We estimated depression PRS for ROS/MAP participants using summary statistics from the 

depression GWAS (16) and examined its associations with cognitive trajectory, cognitive 

diagnosis, amyloid, and tangles. We found a trend for the association between higher 

depression PRS and higher beta-amyloid after adjusting for sex and 10 genetic principal 

components (p = 0.07, beta = 38.5, N=1288, p-threshold = 5.0 × 10−8). We also found 

a trend for the association between higher depression PRS and faster decline of semantic 

memory over time after adjusting for similar covariates (p = 0.05, beta =−236.4, N=1817; 
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p-threshold = 1.0 × 10−4). Notably, we found a significant association between higher 

depression PRS and faster decline of episodic memory over time after adjusting for sex and 

10 genetic principal components (p = 0.02, beta = −271.5, N=1830; p-threshold = 1.0 × 

10−4). Together, these findings further support that depression genetic variants contribute to 

AD.

Discussion

Prospective epidemiological studies in approximately 50,000 participants found an 

association between depression and higher risk for dementia (4–7). Here, we sought to 

elucidate the genetic and molecular basis underlying this association. We found a small but 

significant genetic correlation between depression and AD suggesting that they have shared 

genetic basis. Next, we showed that the preponderance of genetic evidence is consistent 

with a causal role of depression on AD but not vice versa using two-sample Mendelian 

randomization. Furthermore, we identified 75 brain transcripts and 28 brain proteins 

regulated by the depression-predisposing genetic variants. Notably, a sizable subset of these 

(46 transcripts and 7 proteins) were associated with either AD diagnosis, AD pathologies, or 

cognitive trajectory. Finally, we found that higher depression PRS was associated with faster 

decline of episodic memory over time. Taken together, these findings suggest that these 46 

brain transcripts and 7 brain proteins likely contribute to the association between depression 

and higher AD risk.

There is an ever-growing body of evidence that transcript expression is not a perfect proxy 

for protein expression, which is the final executor of cellular processes and biological 

functions (43, 44). Here, we found seven proteins underlying association between depression 

and higher AD risk. Among these, RAB27B and DDAH2 are notable for their consistent 

association with all four AD features in both the ROS/MAP and Banner cohorts. RAB27B 

belongs to Rab GTPases protein family that regulates membrane trafficking and has 

been implicated in neurodegenerative diseases (45, 46). Our finding of higher RAB27B 

abundance being associated with AD characteristics is consistent with upregulation of 

RAB27B transcript and protein levels in postmortem cholinergic basal forebrain neurons 

of individuals with AD (47). Additionally, we note that the protein level of RAB27 was 

regulated by a depression-SNP while the transcript level was not, consistent with a recent 

study showing that certain genetic variants regulate brain proteins but not transcripts (48). 

DDAH2 belongs to the family of enzymes that maintain homeostatic control of nitric oxide 

across different tissues (49). Our finding that higher DDAH2 protein level was associated 

with AD characteristics is consistent with findings from another study in which DDAH2 

was elevated in neurons undergoing oxidative stress in AD patients and undetectable in the 

neurons of age-matched healthy controls (50).

Among the 54 genes identified as contributing to the association between depression and 

higher AD risk, three genes (RAB27B, B3GLCT, and ACYP1) were also identified as 

neuroticism genes (51). Furthermore, some of these 54 genes are targets of therapeutics for 

neurological and non-neurological conditions (SNAP91, AP3B2, DDAH2, DPY30, PLIN4, 
RAB27B, and SGIP1) (52) and others have been nominated as promising targets for AD 

drug development (53).
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Our findings, which rely on the largest and most recent GWAS of AD and depression, are 

consistent with prior work using similarly powered GWAS summary results (15, 16). The 

reasons for prior null results are likely due limited power (12, 14) and should not be viewed 

as inconsistent with our findings. Furthermore, our findings are also consistent with recent 

work showing that individuals with higher PRS for major depression had higher conversion 

rate from amnestic mild cognitive impairment to AD (54). Lastly, our finding are also 

consistent a recent study demonstrating evidence for pleiotropy between depression and AD 

(11).

Our findings should be interpreted in light of the study’s limitations. First, while LDSC 

regression is robust to sample overlap (34), there is a small possibility that the genetic 

correlation between depression and AD was overestimated due to overlap of samples 

from the UKBB in the two GWAS. We found that this is a small probability since 

approximately 19,200 UKBB participants reported both depression and dementia/family 

history of dementia, which represents only 2.4% and 4.2% of the participants of the 

depression GWAS and AD GWAS, respectively. Second, we analyzed 8606 proteins, which 

are not complete proteomic profiles, thus, deeper coverage of proteomic sequencing can 

advance investigation of mechanisms underlying the associations between depression and 

AD. Third, further mechanistic studies using model systems are needed to validate our 

findings. Fourth, the depression GWAS used in this study did not distinguish between 

early-, mid-, or late-life depression, therefore, we cannot distinguish the time window in 

which depression contributes to AD. Fifth, we used results from the depression GWAS 

that included both clinically significant depression and major depressive disorder. Likewise, 

we used results from the AD GWAS that included both clinically diagnosed AD and AD-

by-proxy. Thus, there is a small probability that the shared heritability observed in LDSC 

regression or GSMR might be driven by the proxy traits of MDD and AD. Sixth, we focused 

on results from GWAS among participants of European ancestry due to lack of GWAS 

among participants of other ancestries with sufficient power; therefore, future studies should 

focus on participants of other ancestries. Lastly, since this is a cross-sectional study, the 

causal directionality between transcript and protein levels and AD-related characteristics are 

not conclusive.

Our study has several notable strengths. First, this is the first study to use deep human brain 

proteomic data to elucidate the molecular links between depression and AD to the best of 

our knowledge. Second, we used data from the largest and latest available GWAS. Third, we 

performed both proximal and distal eQTL and pQTL analyses. Fourth, we used a discovery 

and replication design when examining the associations between brain proteins and AD 

features to increase the level of confidence in our findings.

In conclusion, we demonstrated that there is a genetic basis for the association between 

depression and higher AD risk and identified brain transcripts and proteins that likely 

underlie this contribution for further mechanistic and therapeutic studies.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. Generalized summary data-based Mendelian randomization (GSMR) analysis to test 
for effect of depression on AD and vice versa.
(A) GSMR plot of effect sizes of all the genetic instruments from GWAS for depression 

against those for AD with HEIDI-outlier filtering. (B) GSMR results of depression liability 

on AD. The forward GSMR analysis included 115 SNPs associated with depression at 

a genome-wide significance level (i.e., p < 5e-8). (C) GSMR results of AD liability on 

depression. The reverse GSMR analysis on 61 AD SNPs (at p < 5e-8) as the instrumental 

variables. Bonferroni-corrected significance threshold for 2 tests: p < 0.05/2. Bold represents 

a significant p-value. Abbreviations: AD: Alzheimer’s disease; SNP: number of single 

nucleotide polymorphisms included in each GSMR analysis; β: effect size; pGSMR: p-value 

for the causal estimates.

Harerimana et al. Page 15

Biol Psychiatry. Author manuscript; available in PMC 2023 July 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Figure 2. Identified brain proximal- and distal-QTLs from the 115 depression-associated SNPs.
(A) 80 eQTLs were identified (green dots). Each green point represents an eQTL, which is 

labeled with a gene symbol of the transcript associated with it. (B) 32 pQTLs were found 

(blue dots). Each blue point represents a pQTL, which is labeled with a gene symbol of the 

protein associated with it. Bold represents sites regulating the expression of both transcript 

and protein of the same gene. More details are in Supplementary Tables 3–4
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Figure 3. Heatmaps for associations between AD features and the brain transcripts and proteins 
regulated by the depression-associated SNPs
(A) For the 46 transcripts (y-axis) associated with AD-related traits (x-axis) in ROS/MAP 

samples. (B) For seven proteins (y-axis) in ROS/MAP samples associated with AD-related 

traits (x-axis). (C) For eight proteins (y-axis) in Banner samples associated with AD-related 

traits (x-axis). The asterisk depicts the FDR p < 0.05. (D) For seven proteins (y-axis) that 

replicated in both the discovery and replication analyses after a meta-analysis. The asterisk 

represents. The color reflects the direction of the association of expression levels with each 

AD-related trait.

Harerimana et al. Page 17

Biol Psychiatry. Author manuscript; available in PMC 2023 July 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

Harerimana et al. Page 18

K
E

Y
 R

E
S

O
U

R
C

E
S

 T
A

B
L

E

R
es

ou
rc

e 
T

yp
e

Sp
ec

if
ic

 R
ea

ge
nt

 o
r 

R
es

ou
rc

e
So

ur
ce

 o
r 

R
ef

er
en

ce
Id

en
ti

fi
er

s
A

dd
it

io
na

l 
In

fo
rm

at
io

n

A
dd

 a
dd

iti
on

al
 r

ow
s 

as
 n

ee
de

d 
fo

r 
ea

ch
 r

es
ou

rc
e 

ty
pe

In
cl

ud
e 

sp
ec

ie
s 

an
d 

se
x 

w
he

n 
ap

pl
ic

ab
le

.
In

cl
ud

e 
na

m
e 

of
 m

an
uf

ac
tu

re
r, 

co
m

pa
ny

, 
re

po
si

to
ry

, i
nd

iv
id

ua
l, 

or
 r

es
ea

rc
h 

la
b.

 
In

cl
ud

e 
PM

ID
 o

r 
D

O
I 

fo
r 

re
fe

re
nc

es
; u

se
 

“t
hi

s 
pa

pe
r”

 if
 n

ew
.

In
cl

ud
e 

ca
ta

lo
g 

nu
m

be
rs

, s
to

ck
 n

um
be

rs
, 

da
ta

ba
se

 I
D

s 
or

 a
cc

es
si

on
 n

um
be

rs
, 

an
d/

or
 R

R
ID

s.
 R

R
ID

s 
ar

e 
hi

gh
ly

 
en

co
ur

ag
ed

; s
ea

rc
h 

fo
r 

R
R

ID
s 

at
 h

ttp
s:

//
sc

ic
ru

nc
h.

or
g/

re
so

ur
ce

s.

In
cl

ud
e 

an
y 

ad
di

tio
na

l 
in

fo
rm

at
io

n 
or

 n
ot

es
 if

 
ne

ce
ss

ar
y.

A
nt

ib
od

y

B
ac

te
ri

al
 o

r 
V

ir
al

 S
tr

ai
n

B
io

lo
gi

ca
l S

am
pl

e

C
el

l L
in

e

C
he

m
ic

al
 C

om
po

un
d 

or
 D

ru
g

C
om

m
er

ci
al

 A
ss

ay
 O

r 
K

it

D
ep

os
ite

d 
D

at
a;

 P
ub

lic
 D

at
ab

as
e

ht
tp

s:
//d

oi
.o

rg
/1

0.
73

03
/s

yn
24

87
27

46

G
en

et
ic

 R
ea

ge
nt

O
rg

an
is

m
/S

tr
ai

n

Pe
pt

id
e,

 R
ec

om
bi

na
nt

 P
ro

te
in

R
ec

om
bi

na
nt

 D
N

A

Se
qu

en
ce

-B
as

ed
 R

ea
ge

nt

So
ft

w
ar

e;
 A

lg
or

ith
m

T
ra

ns
fe

ct
ed

 C
on

st
ru

ct

O
th

er

Biol Psychiatry. Author manuscript; available in PMC 2023 July 01.

https://scicrunch.org/resources
https://scicrunch.org/resources

	Abstract
	Methods
	Statistical analysis

	Results
	Shared genetic risk between depression and AD
	Evidence for a causal genetic effect of depression on AD
	Depression-associated variants are also brain eQTLs and pQTLs
	Brain transcripts regulated by depression-SNPs are associated with AD features
	Brain proteins regulated by depression-SNPs are associated with AD characteristics
	Depression-SNPs are mQTLs for CpG sites proximal to genes underlying the association between depression and AD
	Higher depression PRS is associated with faster decline of episodic memory over time

	Discussion
	References
	Figure 1.
	Figure 2.
	Figure 3.
	KEY RESOURCES TABLE



