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Abstract: 

Background: Alzheimer’s disease (AD) has been rising globally, making it important to 

understand risk factors. Depression has been identified as a risk factor in epidemiological studies 

and meta-analysis. The possible mechanism could be pleiotropic. This study sought to identify 

the pleiotropic SNPs associated with depression and AD so that can understand the relationship 

between the two diseases more evident. 

Methods: The sample was from the UK biobank population, using the White European 

subpopulation. Depression was defined using self-reported depression status and electronic 

medical records. Proxy AD was defined by biological mother and father’s AD status. Two 

univariate association analysis was conducted using a linear mixed model in REGENIE.  A p-

value comparison was conducted for both analyses. Linkage disequilibrium (LD) clumping was 

conducted using a four MB region surrounding the index variant and an r2 threshold of 0.2. 

Results: The study had 406,7394 individuals in the depression sample and 409,704 individuals 

in the AD sample. The univariate analysis for depression identified five genome-wide significant 

SNPs, and the univariate analysis for AD identified 1,319 genome-wide significant SNPs. The p-

value comparison found that 36 genome-wide significant SNPs for AD were genome-wide 

nominal for depression, with SNPs chromosome 8 having p-values for depression less than 

0.001. The LD clumping identified a region in chromosome 19 associated with genes APOE and 

TOMM40. The leading SNP was rs2075650 and associated with the two phenotypes.  

Conclusion:  The study found SNPs associated with depression and AD. Furthermore, SNP 

rs2075650 on chromosome 19 seems promising in understanding the relationship between 

depression and AD. Further studies must be conducted to understand the association that can 

lead to prevention methods. 
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Introduction: 

Alzheimer’s Disease and Depression: 

Dementia is a neurodegenerative disease that is associated with aging. The crucial feature 

of dementia is cognitive impairment. Dementia also has neuropsychiatric symptoms, including 

depression. (Cerejeira et al., 2012). One of the most common types of dementia is Alzheimer’s 

disease (AD). The apolipoprotein E gene (APOE) region has been associated with an increased 

risk of Alzheimer’s (Saunders et al., 1993). In 2019, it was estimated that there were 57.4 million 

cases of dementia globally, and it is expected to rise to 152.8 million cases by 2050 (Nichols et 

al., 2022). Over the past two decades, depression has been seen as a risk factor for Alzheimer’s 

(Ownby et al., 2006). This includes depression that had appeared in earlier life and is not part of 

the prodromal stage of dementia.  

Depression is one of the most common psychiatric disorders worldwide, affecting 241 

million in 2017 (Santomauro et al., 2021). It is characterized by persistent sadness, anhedonia, 

and other symptoms that last more than two weeks (APA, 2013). Symptoms of depression also 

affect cognitive function, such as concentration, memory, and executive function (APA, 2013). 

Depression is considered a polygenic phenotype, and some studies estimate its heritability to be 

between 28% to 44% (Fernandez-Pujals et al., 2015). Furthermore, the multiple subtypes of 

depression differing in length, severity, frequency, and other features can cause phenotypic 

heterogeneity that makes the genetic epidemiology of depression a challenging topic to study 

(Jermy et al., 2021).  

Association Between Depression and Alzheimer’s Disease: 

  Depression has been identified as a risk factor for dementia in multiple association 

studies. Participants with depression had an adjusted hazard ratio (HR) of 1.83 (95% CI, 1.80-

1.87) in a Danish population-based cohort study (Katon et al., 2015). A 2019 study using a 

Swedish population-based cohort that participants with depression 20 years or more before a 
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dementia diagnosis had an adjusted odds ratio (OR) of 1.60 (95% CI, 1.27–1.98) (Holmquist et 

al., 2020). Participants with depression 5–9.9 years before a dementia diagnosis had an adjusted 

OR of 1.85 (95% CI, 1.68–2.05) (Holmquist et al., 2020). In a meta-analysis conducted in 2006, 

the pooled OR was 2.03 (95% CI, 1.73-2.38) for case-control studies, while the pooled OR was 

2.02 (95% CI, 1.80-2.26) for cohort studies (Ownby et al., 2006). A recent meta-analysis found a 

pooled OR of 1.91 (95% CI, 1.72-2.12) across 36 studies (Kuring et al., 2020). This indicates an 

association between depression and dementia, with plausible underlying mechanisms. 

Mechanisms for Depression as a Risk Factor for Alzheimer’s Disease: 

 There have been a few hypothesized underlying mechanisms between depression as a risk 

factor for dementia. One mechanism is that depression disrupts the hypothalamus-pituitary-

adrenal (HPA) axis, increasing glucocorticoids. This increase is associated with damage in the 

hippocampus, which can lead to loss of hippocampal atrophy and cognitive decline (Byers & 

Yaffe, 2011; Dafsari & Jessen, 2020). Glucocorticoid is released as a stress response during 

depression and is also associated with amyloid plaque formation in people with AD (Byers & 

Yaffe, 2011; Dafsari & Jessen, 2020). Amyloid plaques are protein deposits in the brain’s gray 

matter that disrupt neuron function (National Institutes on Aging, 2017). Another mechanism is 

the imbalance of neurotransmitters noradrenaline and serotonin, which is caused by depression 

and can lead to amyloid plaques seen among people with AD (Dafsari & Jessen, 2020). Given 

that these mechanisms are biological, depression and AD plausibly have a genetic association. 

Review of the literature: 

 Recent genetic epidemiology studies have looked at the relationship between depression 

and dementia. A higher polygenic risk score (PRS) for major depressive disorder (MDD) was 

significantly associated with slower reactions and scoring lower on verbal-numerical reasoning, 

both signs of cognitive decline (Hagenaars et al., 2016). Higher PRS for MDD was also 
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associated with a family history of dementia in the Generation Scotland’s Scottish Family Health 

Study (GS:SFHS). Still, it could not replicate those findings in the UKB (Gibson et al., 2017). A 

later study found that risk genes associated with MDD were linked to AD development, which 

can indicate mediation (Ni et al., 2018). A recent study reported a small, positive genetic 

correlation between depression and AD (Harerimana et al., 2022). 

Pleiotropy: 

Pleiotropy is when a gene affects more than one phenotype. There are multiple forms of 

pleiotropy: biological and mediated, which can be distinguished using genetic epidemiologic 

data through mediation analysis (Salinas et al., 2017). Biological pleiotropy is when the gene 

affects both phenotypes directly, while mediated pleiotropy is when a gene affects one phenotype 

through a second phenotype. To study pleiotropy, a mediation analysis of cross-phenotype 

associations can be conducted. There is plausible shared genetic variation at the SNP level, and 

we suspect part of the effect of AD is mediated by depression that might be explained by 

biological or mediated pleiotropy. Thus, this thesis aims to conduct two separate GWAS for the 

depression and AD phenotypes; and use the summary statistics to determine common SNPs 

among the two phenotypes that indicate possible biological or mediated pleiotropy. 

Importance of Study: 

Evidence suggests that earlier-life depression is associated with an increased risk of AD 

(Ownby et al., 2006). In a twin study using the Swedish Twin Registry, having depression 

increased twice the odds of having dementia (Yang et al., 2021). There were increased odds of 

all-cause dementia for mid-life depression and late-life depression (Yang et al., 2021). However, 

understanding the relationship between AD and depression is not robust. While some knowledge 

surrounds the plausible mechanisms for the association, the genetics behind the association are 

currently limited. With depression being a common disorder and AD being more prevalent due 
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to increasing life expectancy, this is a public health concern to investigate this relationship more. 

There is importance in determining if depression is a risk factor for AD for population health. It 

can lead to new preventive measures for AD, especially if there is biological or mediated 

pleiotropy. This means that prevention and treatment of depression can be methods of prevention 

for dementia.  

Methods: 

Study Population: 

 UK Biobank (UKB) is a prospective cohort study started in 2006. It recruited over 500,00 

participants from the UK between 2006 to 2010 between the ages 40 and 69 years old (Sudlow et 

al., 2015). The study focused on individuals with a genetic ethnicity/ancestry as “White” due to 

this subpopulation's large sample size (n=410,835) in UKB.  

Genotyping: 

Data collection included the collection of biosamples, including blood, to generate 

genetic data (Collins, 2007). The blood samples are used to extract DNA for genotyping. 

Genotyping was performed by Affymetrix (currently Applied Biosystem) on two closely related 

purpose-designed arrays, the UK BiLEVE Axiom array and the UK Biobank Axiom array 

(Bycroft et al., 2017). Fifty thousand participants were genotyped using the UK BiLEVE Axiom 

array, while the remaining 450,000 were genotyped using the UK Biobank Axiom array (Bycroft 

et al., 2017).  

Quality Control: 

Quality control (QC) was conducted on the available genotype data (Bycroft et al., 2017). 

This involves both SNP and individual-level QC to ensure the quality of the genotype data. The 

QC for the SNPs first involves ensuring all the SNPs are autosomal variants covered by the UK 

BiLEVE Axiom array and the UK Biobank Axiom array. A QC is conducted on the batch-level 

to ensure no inconsistencies within batches. Genetic markers not considered SNPs are removed, 
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including insertion and deletions. Another stage of SNP QC was conducted (described below). 

Individual-level QC involved ensuring that there were no mistakes during genotyping. This 

included determining if reported sex and genetic sex matched and sex chromosomes that are not 

XX or XY. Individuals who had outliers in heterozygosity or missing rates were removed. 

Finally, individuals genetically identified as having a White European ancestry were included in 

the final dataset to decrease population stratification (Marees et al., 2018).  

Phenotype: 

 Depression was defined as individuals who either: 1) answered “yes” to the data field 

“non-cancer illness code, self-reported” (field 20002); or had ICD-10 codes for depression 

(fields 41270, 41202, and 41204). The exclusion criteria included bipolar disorder, postnatal 

depression, depression with psychotic features, schizophrenia, and multiple personality disorder. 

Furthermore, exclusion criteria for controls included dysthymia and other mood disorders using 

ICD-10 codes. Due to the small sample size of AD cases in UKB, proxy AD was defined for this 

study. Proxy AD was defined by data fields “illness of father” (20110) and “illness of mother” 

(20107), with cases being defined as individuals who had a parent with AD; and controls with no 

parents with AD.  

Genome-Wide Association Study: 

QC for the genotypic data was conducted using PLINK (Purcell et al., 2007). This 

addressed any SNPs that are missing at a high rate (< 98%), with low minor allele frequency 

(MAF < 0.01), or that are not in Hardy-Weinberg equilibrium (HWE). SNP pruning was 

conducted using PLINK before principle component analysis (PCA). PCA was performed using 

EIGENSOFT to create 20 principle components (Patterson et al., 2006; Price et al., 2006).  

Univariate association analysis was performed on the full set of imputed and directly 

genotyped variants using a linear mixed model implemented in REGENIE (Mbatchou et al., 
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2021). REGENIE implements a multi-stage procedure that starts by fitting a null model with 

whole genome regression, closely related to the linear mixed model, using ridge regression on 

the directly genotyped variants (N=550,028) to estimate the polygenic effects parameter to 

account for relatedness and population stratification and subsequently using the full set of 

imputed variants to estimate the genetic prediction of each phenotype using a leave one 

chromosome out procedure.  

Firth regression is used for binary traits to ensure that the results are well-calibrated in the 

presence of low-frequency variants and unbalanced case-control ratios, both of which are present 

in this analysis. REGENIE implements an approximate Firth regression to run this approach 

genome-wide. For the analysis of two phenotypes (depression and AD), age at recruitment (field 

21022), genetic sex (field 22001), and ten principal components were included in the regression 

model.  

Using Bonferroni corrections for multiple testing, the significance level of genome-wide 

significant association is p < 5x10-8, and genome-wide suggestive association is p < 5x10-6 and 

nominal association is p < 0.05.  Manhattan and QQ plots were created using the qqman package 

in R (Turner, 2018). A p-value comparison was conducted using the univariate analysis results 

for the two analyses. 

SNP Identification: 

 SNPs were searched on the GWAS Catalog to identify related traits and genes of 

previously identified SNPs (Buniello et al., 2019). 

Linkage Disequilibrium Clumping: 

Linkage disequilibrium (LD) clumping of the univariate association results was 

performed jointly for the two phenotypes in PLINK. A four MB region surrounding the index 

variant and an r2 threshold of 0.2 was used to identify overlapping genome-wide significant (p ≤ 
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5 x 10-8) signals in the same LD block across the two phenotypes. LD clumping considers the 

correlation structure between variants and their p-values due to linkage disequilibrium to obtain a 

set of independently associated loci shared between the two phenotypes. 

Results: 

Sample: 

 The study included 406,7394 individuals in the depression sample (Figure 1) and  

409,704 individuals in the AD sample. The demographics of the two samples are in Table 1. In 

the depression sample, 38,683 (9.5%) individuals had depression. The mean age of the depressed 

group was 56.0, which was slightly younger than the non-depressed group (56.9). As for sex, 

35.8% of depressed participants were male, compared to 46.8% of the non-depressed participants 

being of the male sex. In the AD sample, 61,147 (13.3%) had a parental history of AD. The 

mean age of the cases was 58.7, which was older than the controls (56.4). As for sex, 43.5% of 

participants with a family history of AD were male, compared to 46.1% of control participants. 

Genome-Wide Association Study: 

 Two separate genome-wide association studies were performed for depression (n= 

406,7394) and AD (n=409,704). There were 14,476,405 SNPs for the depression sample and 

14,477,147 SNPs for the AD sample. Five SNPs were genome-wide significant, with two on 

chromosome 11, one on chromosome 5, and two on chromosome 1 for the depression GWAS 

(Table 1). A total of 1,319 SNPs were genome-wide significant for the AD sample. The highest 

frequency of SNPs was found on chromosome 19, followed by chromosome 11 and chromosome 

7 (Table 3). The Manhattan plots and QQ plots for the depression and AD GWAS are shown in 

Figure 2-Figure 5. The genomic inflation factor (λGC) is 1.119073 for the depression GWAS 

and 1.095683 for the AD GWAS, which is somewhat inflated but likely due to the polygenicity 

of the traits.  



Abdelsalam, Y.A.  MPH Thesis 

 

 13 

 The AD summary statistics among the genome-wide significant SNPs of depression are 

shown in Table 4. SNPs rs12122377 and rs6667006 on chromosome 1 were nominally 

significant (p<0.05). Table 5 shows the 36 SNPs with genome-wide nominal p-values for 

depression among the non-chromosome 19, genome-wide significant SNPs of AD. The top SNP 

is rs11166811 on chromosome 8, with a p-value of 3.09 x 10-5. The second top SNP rs1519369 

on chromosome 8 is associated with opioid use in multiple studies (Rosoff et al., 2021; Lin et al., 

2022). The following 10 SNPs belong to chromosome 8, with p-values less than 1 x 10-5. 

Expectedly, there was a strong association signal with AD for SNPs on chromosome 19, which 

contains the APOE region and a few other known genetic regions associated with AD. In 

addition, SNPs from chromosome 11 are also related to PICALM, a genetic region associated 

with AD (Ando et al., 2022). Two SNPs from chromosome 16 are genome-wide nominal for 

depression and genome-wide significant for AD. 

Clumping: 

 In addition to simply comparing p-values for the same SNPs across the two phenotypes, 

LD clumping was also performed to identify genome-wide significant SNPs for each phenotype 

that may be in strong LD with each other. One region from the LD clumping analysis contained 

genome-wide SNPs significantly associated with the two phenotypes ( 
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Table 6). The region is from chromosome 19, which spanned 27 kilobases with four SNPS. The 

leading SNP is rs2075650, found in the depression and AD univariate analyses. In the p-value 

comparison, the p-value for depression was 0.0121. The SNP was also identified to have an 

association with Alzheimer’s disease and the gene TOMM40. Two other SNPs are from both 

phenotypes: SNPs rs769449 and rs157581. They were identified in our p-value comparison, with 

the p-value calculated from the depression univariate analysis being 0.0001 and 0.0078, 

respectively. SNP rs769449 is associated with the APOE gene, while SNP rs157581 is associated 

with the TOMM40 gene.  

Discussion: 

 In this paper, the results of the depression GWAS indicate potential SNPs associated with 

depression, especially on chromosome 11 and chromosome 1. These chromosomes have not 

been associated in any studies as major top hits for depression. However, SNPs on chromosome 

1 have been associated with depression and other related traits, such as alcoholism and other 

psychiatric disorders (Xia et al., 2019). The results of the AD GWAS have SNPs strongly 

associated with this phenotype, including the APOE region on chromosome 19 and related 

genes, such as TOMM40 and NECTIN2. When looking at the traits associated with the SNPs on 

chromosome 19, many were related to Alzheimer’s and a family history of Alzheimer’s, which 

matches our AD phenotype definition. For the p-value comparison, the SNPs on chromosome 8 

are promising as they are significantly above the genome-wide nominal threshold for the p-

values for the depression univariate analysis. Of the 12 SNPs from chromosome 8, only two have 

been identified, SNP rs1519369 and rs16908884. SNP rs16908884 has been associated with 

smoking initiation and gene FAM135B. The function of FAM135B is unknown; however, it has 

been associated with Alzheimer’s disease carrier status, alcohol drinking, and smoking initiation. 
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Considering that the SNPs range approximately 42,400 base pairs, it is a potential region that 

should be studied more to understand the association between depression and AD.  

The region on chromosome 19 from the LD clumping analysis is fascinating as it is a 

region that is associated with both gene APOE and gene TOMM40. SNP rs2075650 and gene 

TOMM40 have been associated with Alzheimer’s disease. Furthermore, a study identified that it 

is associated with depression (McFarquhar et al., 2014). The SNP was associated with decreased 

executive function, decreased extraversion, and decreased positive memory bias (McFarquhar et 

al., 2014). Considering the preventative factors of Alzheimer’s disease include mental 

stimulation and social connection, depression might inhibit these, leading to an increased risk of 

Alzheimer’s disease. Another possible explanation is that activating the TOMM40 gene can lead 

to changes in the brain, increasing the risk of Alzheimer’s disease. Thus, this association should 

be looked at more and considered from a genetic and environmental perspective.  

 Some limitations of this study should be considered. First, the definition of our 

phenotypes has some downsides. For the depression phenotype, the inclusion of self-reported 

depression and electronic medical records of depression results in a phenotype that encompasses 

“broad depression” and “EMR-coded depression” that results in potential heterogeneity of the 

cases. Depression as a phenotype has also been reported to be a heterogenetic disease resulting 

from a GWAS, depending on how it is defined, possibly resulting in results attributed to traits 

and conditions similar to depression, such as smoking and insomnia (Cai et al., 2020). This raises 

concern as many of the traits associated with the SNPs found in the depression univariate 

analysis were associated with related traits, such as smoking, alcohol use, and drug dependence. 

AD also raises concerns as the phenotype was defined as a family history of AD as a proxy for 
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AD. A family history of AD does not necessarily indicate the future development of AD. Thus, 

this phenotype overestimates the sample of individuals developing AD.  

 The strength of this study is the large sample size of the phenotype and the GWAS. 

Furthermore, using REGENIE allows for applying linear-mixed methods for the GWAS. In the 

following steps, using multiple definitions of depression should be conducted to consider the 

abovementioned limitations. Furthermore, it has become common for GWAS to include analyses 

of multiple depression phenotypes. Studies should look at pleiotropy using standard analysis 

techniques, such as mediation analysis and Mendelian randomization, to understand the 

relationship between depression and dementia. Furthermore, conducting a gene-interaction study 

can help understand possible risk factors for individuals with depression. This can help create 

prevention programs for people with depression that can be tailored to them, thus leading to 

more effective prevention of Alzheimer's disease. 
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Figures: 

Figure 1: Sample for Depression Phenotype 

 
Figure 1 shows the process of creating our depression phenotype. This involved including 

individuals identified as European white using principal component analysis (PCA). The 

depression cases and controls were defined using self-reported depression and EMR-coded 

depression. Individuals diagnosed with bipolar disorder, schizophrenia, multiple personality 

disorder, depression with psychotic symptoms, and post-natal depression were excluded from the 

sample. The final sample included 406,7394 individuals that were used for the analysis.  
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Figure 2: Depression GWAS Manhattan Plot 

 
 Figure 2 is a Manhattan plot of the depression GWAS. The x-axis shows the 22 

autosomal chromosomes in order. The y-axis is -log10 of the p-values of SNPs. The red is the 

genome-wide significance level (10-8). The blue line is the suggestive significance level (10-6).   
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Figure 3: Depression GWAS QQ Plot 

 
Figure 3 is the QQ plot of the depression GWAS. The x-axis shows the -log10 of p-values 

from the expected chi-square distribution, and the y-axis shows the -log10 of p-values from the 

observed chi-square distribution. The red line is the expected trend of the SNPs ordered from the 

highest p-value to the lowest p-value under the null hypothesis.  
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Figure 4: Proxy AD GWAS Manhattan Plot 

 
Figure 4 is the Manhattan plot of the proxy Alzheimer’s disease GWAS. The x-axis shows the 22 

autosomal chromosomes in order. The y-axis is -log10 of the p-values of SNPs. The red is the 

genome-wide significance level (10-8). The blue line is the suggestive significance level (10-6). 
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Figure 5: Proxy AD GWAS QQ Plot 

 
Figure 5 is the QQ plot of the proxy Alzheimer’s disease GWAS. The x-axis shows the -

log10 of p-values from the expected chi-square distribution, and the y-axis shows the -log10 of 

p-values from the observed chi-square distribution. The red line is the expected trend of the 

SNPs ordered from the highest p-value to the lowest p-value under the null hypothesis.   
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Tables: 

Table 1: Demographics of Depression and Proxy AD Samples 
Characteristics Depression 

(n=38,683) 

No Depression 

(n=367,711) 

Proxy Alzheimer’s 

(n= 54,376) 

No Proxy Alzheimer’s 

(n= 355,328) 

Age (mean) 56.0 (±8.0) 56.9 (±8.0) 58.7 (±6.8) 56.4 (±8.2) 

Sex 

Male 13,854 (35.8%) 171,983 (46.8%) 23,536 (43.3%) 163,701 (46.1%) 

Female 24,829 (64.2%) 195,728 (53.2%) 30,840 (56.7%) 191627 (53.9%) 

 

Table 2: Genome-Wide Significant SNPs from Depression GWAS 
CHROM SNP P-value Beta (SE) 

11 rs77341890 1.13 x 10-08 0.101 (0.0179) 

11 rs79130449 2.97 x 10-08 0.102 (0.0186) 

5 rs10942927 3.50 x 10-08 -0.0434 (0.0079) 

1 rs12122377 4.57 x 10-08 -0.0417 (0.0076) 

1 rs6667006 4.75 x 10-08 -0.0416 (0.0076) 

 

Table 3: Frequencies of SNPS for each autosomal chromosome for Proxy AD GWAS 
CHROM SNP Frequency 

1 50 

2 51 

3 0 

4 19 

5 0 

6 76 

7 116 

8 36 

9 0 

10 0 

11 159 

12 1 

13 0 

14 0 

15 0 

16 55 

17 34 

18 0 

19 721 

20 0 

21 0 

22 0 
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Table 4: Genome-significant SNPs for Depression GWAS and associated p-values from Proxy 

AD GWAS 
CHROM SNP P-value of 

Depression 

Beta (SE) of 

Depression 

P-value of 

Proxy AD 

Beta (SE) of 

Proxy AD 

1 rs12122377 1.13 x 10-08 0.101 (0.0179) 0.0308 0.0143 (0.0066) 

1 rs6667006 2.97 x 10-08 0.102 (0.0186) 0.0288 0.0145 (0.0066) 

5 rs10942927 3.50 x 10-08 -0.0434 (0.0079) 0.457 -0.0051 (0.0069) 

11 rs77341890 4.57 x 10-08 -0.0417 (0.0076) 0.596 0.0080 (0.0150) 

11 rs79130449 4.75 x 10-08 -0.0416 (0.0076) 0.504 0.0103 (0.0155) 

 

Table 5: Non-APOE Genome-significant SNPs for Proxy AD GWAS and associated p-values 

from Depression GWAS 
CHROM SNP P-value of 

Proxy AD 
Beta (SE) of 

Proxy AD 
P-value of 

Depression 
Beta (SE) of 

Depression 

8 rs11166811 3.86 x 10-08 

0.0384 

(0.0070) 3.09 x 10-05 

-0.0338 

(0.0081) 

8 rs1519369 2.03 x 10-08 

-0.0397 

(0.0071) 3.54 x 10-05 

0.0339 

(0.0082) 

8 rs10087496 3.53 x 10-08 

0.0385 

(0.0070) 3.61 x 10-05 

-0.0335 

(0.0081) 

8 rs10112372 1.96 x 10-08 

0.0392 

(0.0070) 4.23 x 10-05 

-0.0331 

(0.0081) 

8 rs34625086 3.03 x 10-08 

-0.0387 

(0.0070) 4.42 x 10-05 

0.0331 

(0.0081) 

8 rs12546144 3.13x 10-08 

0.0387 

(0.0070) 4.46 x 10-05 

-0.0331 

(0.0081) 

8 rs4410912 4.51x 10-08 

-0.0383 

(0.0070) 4.89 x 10-05 

0.0330 

(0.0081) 

8 rs11782838 2.56 x 10-08 

-0.0388 

(0.0070) 5.78 x 10-05 

0.0325 

(0.0081) 

8 rs996955 2.83 x 10-08 

-0.0387 

(0.0070) 6.04 x 10-05 

0.0324 

(0.0081) 

8 rs908843 3.77 x 10-08 

-0.0383 

(0.0070) 6.27 x 10-05 

0.0323 

(0.0081) 

8 rs139920711 4.29 x 10-08 

-0.0391 

(0.0071) 7.44 x 10-05 

0.0327 

(0.0083) 

8 rs16908884 2.87 x 10-08 

-0.0387 

(0.0070) 8.87 x 10-05 

0.0317 

(0.0081) 

11 rs3915642 1.70 x 10-08 

-0.0376 

(0.0067) 0.0038 

-0.0222 

(0.0077) 

11 rs2888903 2.52 x 10-08 

-0.0371 

(0.0067) 0.0041 

-0.0221 

(0.0077) 

11 rs10751134 7.39 x 10-09 

-0.0389 

(0.0067) 0.0055 

-0.0215 

(0.0078) 

11 11:85841508_TGTGAAAA_T 7.60 x 10-10 

-0.0414 

(0.0067) 0.0067 

-0.0210 

(0.0077) 

11 rs4944560 2.66 x 10-09 

-0.0396 

(0.0066) 0.0095 

-0.0199 

(0.0077) 
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11 11:85843982_GA_G 5.71 x 10-10 

-0.0416 

(0.0067) 0.0096 

-0.0200 

(0.0077) 

11 rs7114401 4.76 x 10-10 

-0.0417 

(0.0067) 0.0097 

-0.0200 

(0.0077) 

11 rs5793182 2.30 x 10-10 

-0.0423 

(0.0067) 0.0113 

-0.0195 

(0.0077) 

11 rs7952506 1.79 x 10-09 

-0.0398 

(0.0067) 0.0113 

-0.0193 

(0.0076) 

11 rs764392357 1.01 x 10-09 

-0.0405 

(0.0066) 0.0116 

-0.0193 

(0.0076) 

11 11:85855076_AC_A 1.01 x 10-09 

-0.0405 

(0.0066) 0.0116 

-0.0193 

(0.0076) 

11 rs774124637 1.01 x 10-09 

-0.0405 

(0.0066) 0.0116 

-0.0193 

(0.0076) 

11 rs3851178 2.12 x 10-09 

-0.0397 

(0.0066) 0.0118 

-0.0192 

(0.0076) 

11 rs11234554 5.51 x 10-09 

-0.0387 

(0.0066) 0.0121 

-0.0192 

(0.0076) 

11 rs10792831 1.23 x 10-09 

-0.0402 

(0.0066) 0.0122 

-0.0191 

(0.0076) 

11 rs10898439 3.03 x 10-09 

-0.0393 

(0.0066) 0.0122 

-0.0191 

(0.0076) 

11 rs10898438 1.82 x 10-09 

-0.0398 

(0.0066) 0.0127 

-0.0190 

(0.0076) 

11 rs9787874 3.03 x 10-09 

-0.0393 

(0.0066) 0.0128 

-0.0190 

(0.0076) 

11 rs11234555 8.49 x 10-09 

-0.0383 

(0.0066) 0.0140 

-0.0188 

(0.0077) 

11 rs10898440 4.03 x 10-10 

-0.0416 

(0.0067) 0.0154 

-0.0186 

(0.0077) 

11 rs3844143 3.66 x 10-10 

-0.0414 

(0.0066) 0.0290 

-0.0166 

(0.0076) 

11 rs11234556 3.34 x 10-10 

-0.0415 

(0.0066) 0.0298 

-0.0165 

(0.0076) 

16 rs62057090 4.28 x 10-08 

-0.0387 

(0.0070) 0.0399 

-0.0167 

(0.0081) 

16 rs375452507 1.53 x 10-09 

0.0413 

(0.0068) 0.0408 

0.0161 

(0.0079) 
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Table 6: Regions from LD Clumping containing SNPs from both phenotype 
CHROM BP Range 

(Span) 

SNP P-value of 

Depression 

Beta (SE) of 

Depression 

P-value 

of Proxy 

AD 

Beta (SE) of 

Proxy AD 

19 45395619-

45422946 

(27kb) 

rs2075650 

0.012 

-0.0270 

(0.0108) <10
-100

 

-0.405 

(0.0084) 

rs157581 

7.78 x 10-03 

-0.0246 

(0.0092) <10
-100

 

-0.3435 

(0.0074) 

rs769449 

1.14 x10-04 

-0.0439 

(0.0113) <10
-100

 

-0.4880 

(0.0087) 

rs4420638 - - 

<10
-100

 

0.4215 

(0.0076) 
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