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Abstract

INTRODUCTION: Alzheimer’s disease (AD) is the most prevalent form of dementia.

While many AD-associated genetic determinants have been identified, few studies

have analyzed individuals of non-European ancestry.

METHODS: We conducted a multi-ancestry genome-wide association study (GWAS)

of clinically diagnosed AD and AD-by-proxy using whole genome sequencing data

from the National Institute on Aging Genetics of Alzheimer’s Disease Data Storage

Site (NIAGADS), National Institute of Mental Health, UK Biobank (UKB), and All of

Us (AoU) consisting of 49,149 cases (12,074 clinically diagnosed and 37,075 AD-by-

proxy) and 383,225 controls. Nearly half of NIAGADS and AoU participants were of

non-European ancestry.

RESULTS: For clinically diagnosed AD, we identified 14 new loci—five common

(FBN2/SCL27A6, AC090115.1, DYM, KCNG1/AL121785.1, TIAM1) and nine rare

(VWA5B1, RNU6-755P/LMX1A, MOB1A, MORC1-AS1, LINC00989, PDE4D, RNU2-

49P/CDO1, NEO1, and SLC35G3/AC022916.1). Meta-analysis of UKB and AoU

AD-by-proxy cases yielded twonewrare loci (RPL23/LASP1andCEBPA/AC008738.6),

also nominally significant in NIAGADS.

DISCUSSION: In summary, we provide evidence for 16 novel AD loci and advocate for

more studies using whole genome sequencing–based GWAS of diverse cohorts.
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∙ We found novel genome-wide association study findings based on whole-genome

data.

∙ We performed a multiancestry meta-analysis and incorporated results from under-

represented groups.

1 BACKGROUND

Alzheimer’s disease (AD) affects 315 million individuals globally—22%

of individuals over age 50,1 with prevalence dramatically increas-

ing over the past three decades.2 AD is highly heritable, estimated

to be 70% based on twin studies. Genome-wide association stud-

ies (GWAS) of clinically diagnosed AD (clinical AD) and AD-by-proxy

have identified > 70 genomic loci in predominantly European ancestry

individuals.3,4

Genetic cohorts of clinical AD used for most GWAS, for example,

the Alzheimer’s Disease Sequencing Project (ADSP) from the National

Institute on Aging Genetics of Alzheimer’s Disease Data Storage Site

(NIAGADS)5 and the family-based AD dataset from the National Insti-

tute of Mental Health (NIMH),6 have limited sample size. While larger

datasets from biobanks, such as UK Biobank, contain a limited num-

ber of confirmed AD cases, recent studies have increased sample size

by using an AD-by-proxy phenotype. AD-by-proxy is based on fam-

ily history, such as those with a first-degree affected family member,

or in some cases, even affected grandparents with AD, as cases.4,7

AD-by-proxy has been reported to correlate with AD case status in

populations of European genetic ancestry.4,8,9

A previous GWAS investigating the genetic determinants of clinical

AD and AD-by-proxy in more diverse cohorts identified two novel AD

loci on chromosome 3.10 However, in most studies, individuals of non-

European ancestry have remained underrepresented.11 AD has been

observed to be more prevalent among individuals who identify as non-

Hispanic Black versus non-Hispanic White.12 Yet, results obtained in

these populations are limited.

Here, we report a comprehensive multi-ancestry whole genome

sequencing (WGS) single-variant meta-analysis of clinical AD and AD-

by-proxy using four cohorts: NIAGADS, NIMH,6 UK Biobank (UKB),

and All of Us (AoU; Figure 1). The AoU cohort was initiated in 2018

by the National Institutes of Health to study biomedical and genetic

determinants in underrepresented individuals, with presently 315,000

participants, 78% from groups historically underrecruited in biomedi-

cal research and roughly half self-reporting to be non-White.13 Intake

collects comprehensive personal,medical, and family history, alongside

short-readWGS data.14

Using the most recent release (v9) of NIAGADS, we carried out a

WGS-based GWASmeta-analysis and identified five new common and

nine new rare loci for clinical AD. We also performed a WGS-based

GWAS meta-analysis of AD-by-proxy cases in UKB and AoU. We lim-

ited the results to genome-wide significant variants that were also

nominally significant in NIAGADS, which yielded two new rare loci.

Interestingly, therewas little overlap in loci between the clinically diag-

nosedADandAD-by-proxymeta-analyses.While these results suggest

limited generalizability of AD-by-proxy results from diverse cohorts,

versus predominantly European ancestry cohorts with clinical AD,4

they provide complementary evidence for 16 novel AD-associated

loci and advocate for using WGS-based GWAS of diverse cohorts to

discover novel AD loci.

2 METHODS

2.1 Cohorts

The NIAGADS dataset includes sequencing data and harmonized phe-

notypes from cohorts sequenced by the ADSP and other AD and

related dementia studies. Full details can be found on NIAGADS at

https://dss.niagads.org/datasets/ng00067/, and elsewhere.15

We used the NG00067.v9 release for this paper. The UKB, a long-

term study based in the United Kingdom, has gathered an extensive

array of health-care data from502,357 individuals. This includes short-

read WGS data from 200,004 of these participants, which were used

in this study. The AoU cohort is a study including individuals tradition-

ally underrepresented in biomedical research from the United States,

providing short-readWGS calls for a total of 245,388 individuals in the

current release 7.11,13

2.2 Outcomes

In NIAGADS, AD cases were defined based on National Institute of

Neurological and Communicative Disorders and Stroke–Alzheimer’s

Disease and Related Disorders Association criteria for possible, prob-

able, or definite AD; documented age at onset or age at death (for

pathologically verified cases); and apolipoprotein E (APOE) genotyp-

ing. Controls were free of dementia and had an age > 60. In UKB

and AoU, cases were defined by either having an International Clas-

sification of Diseases (ICD)-9 or ICD-10 code of AD or representing

an AD-by-proxy case,4 defined by an individual having a family his-

tory of AD in a first-degree relative or grandparent. While others have

definedAD-by-proxy solely by having an affected parent,4 with quanti-

tative definitions suggesting this approach could limit bias, the genetic

similarity among any first-degree relative is comparable. Affected

grandparents are atminimum25%genetically identical to participants,

with precedence for their inclusion in the literature.8,9 We could not

use a quantitative definition in AoU as parental age and age of parental

death were unavailable, compared to UKB. Although the quantitative

https://dss.niagads.org/datasets/ng00067/
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RESEARCH INCONTEXT

1. Systematic review: The authors reviewed the litera-

ture using traditional (PubMed) sources for manuscripts

studying the genetic determinants of Alzheimer’s disease

(AD) using genome-wide association studies (GWAS) in

large cohorts. While there are many such GWAS stud-

ies, few have been based on whole genome sequencing

data and combining diverse cohorts. These relevant ref-

erences are appropriately cited.

2. Interpretation:We identified 16 loci that could represent

novel markers of AD susceptibility. We also replicated

several genes and genomic regions already known to be

associated with AD.

3. Future directions: The paper demonstrates the impor-

tance of studying diverse populations, enabling equitable

and exciting genetic targets that could improve diagnosis

and treatment. Future studies should focus on validating

our findings inother independentdatasets, functional val-

idation, and rare variant grouped analysis, using the full

potential of whole genome sequencing data.

definition for UKB was available, we used the binary AD-by-proxy

phenotype as in AoU.

2.3 Genome sequencing data processing

WGSvariant calls for biallelic variants in Variant Call Format (VCF) for-

matwere downloaded for theNIAGADSdataset from theNG00067.v9

release. The dataset contained 34,438 subjects; however, not all had

an AD phenotype available. We excluded subjects who were techni-

cal replicates (ones which had fewer missing variant calls), those with

amissing ADdiagnosis, outliers based on the heterozygous to homozy-

gous ratio (six standard deviations from the mean), subjects who had a

high missingness rate (> 5%), subjects from pairs which were second-

degree relatives or closer (based on running Kinship-based Inference

forGenome-wide association studies [KING]16 on the full dataset). The

final NIAGADS dataset contained 25,660 subjects.

For theUKBdata,WGS fileswere initially converted from their orig-

inal VCF format to biallelic PGEN format using PLINK2 (with original

multiallelic variants being split using bcftools) to make them com-

patible with subsequent Regenie analysis. The files were filtered for

variants with > 10% missingness, samples with > 10% missingness,

Hardy–Weinberg P values < 1 × 10−15, variants occurring in < 3

individuals, and spanning deletions.4,17

For AoU data, Hail VariantDataset (VDS) files were processed

similarly to Wang et al., which studied cardiometabolic traits in an

earlier AoU release, with analyses performed by other groups on

UKB.17,18 First, 550 samples flagged by AoU were removed from the

data. Second, the VDS file was converted to a dense matrix format,

removing variants flagged by AoU through internal quality control

andallele-specific variantquality score recalibrationandmonomorphic

variants, including 33,526,160 variants without high-quality geno-

typing, 3,064,830 that were low quality, and 659,051 with excess

heterozygosity. This filtered dataset was output to a PLINK2 bgen file,

leaving 1,085,790,733 variants and 244,845 samples.

2.4 GWAS analysis

For NIAGADS, we performed a logistic regression (with the option

“firth-fallback”) for case/control status as implemented in PLINK2.19

We included sex, sequencing center, sample set, and five Jaccard prin-

cipal components (PCs) with standardized variance as covariates.20

Regenie v3.4.1 was used to conduct GWAS with settings rec-

ommended for UKB analysis (https://rgcgithub.github.io/regenie/

recommendations/).17 Covariates for the UKB analysis included age at

enrollment into UKB, sex, the first 20 PCs, and sequencing center.21

Covariates for the AoU analysis included age of enrollment, sex, and

the first 20PCs.18 Sequencing center information for eachAoU sample

was unavailable and was accomplished at three sites using identical

reagents, instruments, and sample processing.11 Outcomeswere those

defined above. Step 1was accomplished using array data, similarly pro-

cessed toWang et al., filtered for variantswith aminor allele frequency

(MAF) ≥ 1%, minimum allele count of 100, variant missingness ≤ 10%,

unflagged samples, and samples shared with the Hail VDS dataset of

samples sequenced by WGS, pruned for independent variants using

100 kb windows with a step size of 1 and r2 threshold of 0.1, with sex

chromosomes removed.18 Step 2was accomplished using PLINK2 files

filtered for variants with variant-level missingness ≤ 10% using array

step 1 predictions. We used Firth penalized regression to variants

with a P value < 0.01 and a minimumminor allele count of 20 for AoU.

Reported AoU GWAS data were filtered for any variants for which the

MAF × N for the minor allele was < 20, per AoU’s privacy policy. We

did not filter by sample missingness in AoU given the internal sample

and variant flagging. We ran GWAS in AoU for all individuals and

individuals of African (AFR), Admixed American (AMR), and European

(EUR) genetic ancestry, unable to do GWAS for East Asian (EAS),

Middle Eastern (MID), or South Asian (SAS) due to convergence issues

from small numbers of cases in the cohorts (Table S1 in supporting

information). Step 2 for UKB used a Firth penalized regression to vari-

ants with a P value < 0.05. Summary statistics for every genome-wide

significant variant detected across our studies in the other studies are

available in Tables S2–S6 in supporting information.

2.5 PC calculation

PCs for UKB were obtained from pre-calculated metrics. For AoU,

array data that had been processed using the above quality control

was input into PLINK2 to yield the first 20 PCs.19 PCs in NIAGADS

were calculated based on a linkage disequilibrium–pruned set of rare

variants using the Jaccard index.20

https://rgcgithub.github.io/regenie/recommendations/
https://rgcgithub.github.io/regenie/recommendations/
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F IGURE 1 Study design. AD, Alzheimer’s disease; AoU, All of Us; FAVOR, Functional Annotation of Variants Online Resource; HWE,
Hardy–Weinberg equilibrium; NIAGADS, National Institute on Aging Genetics of Alzheimer’s Disease Data Storage Site; NIMH, National Institute
ofMental Health; QC, quality control; UKB, UK Biobank;WGS, whole genome sequencing.
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2.6 Meta-analysis and quality control

Meta-analyzed results were processed using METAL22 (the most

recent version, released March 25, 2011) using default settings, aside

from using inverse standard error values as weights for the AD-by-

proxy analysis and outputting the average allele frequency across stud-

ies. The results were filtered for any genetic variants with a frequency

amplitude < 0.4 (or difference between the maximum and minimum

allele frequency between studies4), variants that were genome-wide

significant and had a Hardy–Weinberg equilibrium (HWE) P value >

1 ∗ 10−15 in all AoU ancestry-stratified populations (EUR, AFR, AMR,

EAS, SAS, or MID). After this, we used PLINK2 to clump every signifi-

cant variant by chromosome in our study using AoU genetic data, using

a threshold R2 of 1%.19 We removed any meta-analysis signals that

had varying directions of effect across studieswhere the variantwas at

minimum nominally significant. While the case proportion was greater

in UKB compared to AoU, Firth correction can address imbalances.17

2.7 Defining genomic loci and new versus old loci

To identify novel loci, we defined new loci as those whose variants

were at least 500 kb from the transcriptional start site (TSS) of

genes previously linked to AD6,23 or genome-wide significant variants

from summary statistics available from Bellenguez et al. (GRCh38)

and Wightman et al. (GRCh37, which we stepped-up using UCSC

LiftOver).4,24,25 We obtained positional information of TSS from Gen-

code v44.26

2.8 Evaluating our analyses’ power to detect
associations from other studies

To evaluate our study’s power to detect associations observed by

Bellenguez et al., we calculated power using formulas with code

obtained from the University of Helsinki (https://www.mv.helsinki.fi/

home/mjxpirin/GWAS_course/material/GWAS3.html).4,27 For calcula-

tions, we used Bellenguez et al.’s effect size and allele frequency.4

Power was calculated for each variant individually.

2.9 Genome-wide significant variant annotation

Variants that were genome-wide significant were evaluated for anno-

tations in Functional Annotation of VariantsOnline Resource (FAVOR),

which provides distance from proximal genes and annotations on

relationships to enhancer sequences, provided by GeneHancer and

SuperEnhancer documentation.28 A more detailed description of each

score is available in its documentation, available at: favor.genohub.org.

2.10 Cell-based gene enrichment studies

To evaluate the functional role of genes proximal to our study signals or

linked by enhancer sequences using FAVOR GeneHancer or SuperEn-

hancer annotations in combination with the dbSuper database,28,29

we evaluated brain single-cell data from Mathys et al. that studied

differential gene expression by cognitive impairment and AD patho-

logic evidence status and resilience to cognitive impairment, given AD

pathologic features.30 To limit false positives, we used a false discovery

rate (FDR) cutoff of 1%.

2.11 Study approval

This study was conducted in accordance with the 1964 Declara-

tion of Helsinki and approved by the institutional review boards

(2022P000614, 2015P000111, 2019P001915). UK Biobank received

ethical approval from the National Health Service North West Centre

for Research Ethics Committee with the latest renewal in 2021 (Ref:

11/NW/0382). Massachusetts General Hospital has a Data Use and

Registration Agreement with All of US. Diversity, equity, and inclusion

were central to this study, in which we focused on studying the genetic

determinants of AD in a diverse cohort. All participants provided

electronically signed consent.

2.12 Code availability

Code is publicly available on Github: https://github.com/juliandwillett/

NIA_UKB_AoU_AlzheimersGWAS.

3 RESULTS

3.1 Sample and variant-level quality control

For NIAGADS, we started with 336,500,060 split variants in 34,438

samples. After quality control (QC), 61,864,192 variants and 25,660

samples remained, including 10,565 AD cases. For the family-based

cohorts (referred to hereafter asNIMH), we combined twoWGS famil-

ial cohortswith1393 (NIMH;AD:n=966) and854 (NIAGADS families;

AD: n = 543) individuals, as described previously.6 These datasets

included 15,905,393 variants observed across 2247 samples, with

1509 AD cases. For UKB, we started with 88,331,742multiallelic vari-

ants, 584,065,627 biallelic variants, and 200,004 samples. After QC

and splitting multi-allelics, 262,394,351 variants and 159,629 subjects

remained, with 25,785 AD-by-proxy cases, defined by having AD or an

affected parent. For AoU, we started with 1,346,414,851 split variants

and 245,394 samples. After QC, 109,317,793 variants and 244,838

samples remained with 11,290 AD-by-proxy cases, defined by having

AD or an affected first-degree relative or grandparent (Table S1).

Referring to genetic ancestry, NIAGADS v9 was similarly diverse to

AoU, with a similar proportion of non-European ancestry individuals.

UKB predominantly included individuals of European ancestry. While

cases in all cohorts were predominantly European ancestry, a mean-

ingful proportion of cases with diverse genetic ancestry were included

in NIAGADS and AoU (Table S1). The age distributions of cases and

https://www.mv.helsinki.fi/home/mjxpirin/GWAS_course/material/GWAS3.html
https://www.mv.helsinki.fi/home/mjxpirin/GWAS_course/material/GWAS3.html
https://github.com/juliandwillett/NIA_UKB_AoU_AlzheimersGWAS
https://github.com/juliandwillett/NIA_UKB_AoU_AlzheimersGWAS
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F IGURE 2 Age (A) and sex (B) demographics of individuals representing AD cases compared to controls in each cohort. NIAGADS used clinical
AD as a case definition, with UKB and AoU using AD-by-proxy as case definitions. AD, Alzheimer’s disease; AoU, All of Us; NIAGADS, National
Institute on Aging Genetics of Alzheimer’s Disease Data Storage Site; UKB, UK Biobank.

controls were similar across UKB and AoU, with the ages of NIAGADS

participants being generally greater than UKB and AoU (Figure 2A).

The broader age distribution in AoUwas anticipated given its focus on

recruiting underrepresented individuals, which also included younger

participants. The lower case:control ratio in AoU, compared to UKB,

could be due to the inclusion of a greater number of younger par-

ticipants (with younger relatives) and AD being under-detected and

under-reported in non-Whites,31 with almost half of AoU participants

not being European ancestry (Table S1).While NIAGADSwas also rela-

tively diverse, it focused on recruiting individuals with clinical AD. AoU

cases included more females than did the controls; this ratio was sim-

ilar in the other cohorts (Figure 2B). The results for all variants that

were genome-wide significant across these cohorts are available in

Table S2.

3.2 Clinical AD GWAS and meta-analysis

We initially conducted a WGS-based GWAS on clinical AD in NIA-

GADS v9 using PLINK2.19 We identified 22 genome-wide significant

loci (P ≤ 5 ∗ 10−8), of which 14 were novel (five common and nine

rare; Figure 3, Table 1). After the meta-analysis of NIAGADS with

NIMH, we observed minor changes in P values and identified seven

newgenome-wide significant variants in knownGWASAD loci (Table 1,

Figure 1). The genomic inflation factors of NIAGADS and the meta-

analysis were 1.00 and 1.01, with λ1000 1.00 and 1.00 (Figure S1 in

supporting information). Data for all variants in these loci is available

in Table S3.

We replicated the association of ADwith several genes in the APOE

locus including NECTIN2, TOMM40, APOE, and APOC1 (Table 1). The

strongest genome-wide significant variants defining the five new com-

mon AD loci were driven by NIAGADS and all were protective against

AD, except for rs56098445 on chromosome 12 proximal to lncRNA

AC090115.1 and ZNF641 (Table 1). rs147450666 on chromosome 5 is

proximal to FBN2 and SLC27A6.28 rs200388554 on chromosome 18

is proximal to DYM.28 rs4809823 on chromosome 20 is proximal to

KCNG1 and the lncRNA AL121785.1.28 rs77589046 on chromosome

21 is proximal to TIAM1.28 We also identified nine new rare variant loci

showing genome-wide significant association with clinical AD within

or proximal to the following genes: VWA5B1, RNU6-755P/LMX1A,

MOB1A, MORC1-AS1, LINC00989, PDE4D, RNU2-49P/CDO1, NEO1,

and SLC35G3/AC022916.1 (Table 1).

3.3 AD-by-proxy GWAS and meta-analysis

We next performed a WGS-based GWAS on AD-by-proxy in UKB and

AoU using Regenie.17 First, we removed variants deviating from HWE

in single genetic ancestry populations given that the statistic is sen-

sitive to population stratification. We meta-analyzed the results with

inverse standard error weighting per fixed effects using METAL,22

including a total of 37,075 AD-by-proxy cases and 367,392 controls.

The λGC and λGC,1000 values were 1.25 and 1.01 for UKB, 1.12 and 1.01
for AoU, and 1.22 and 1.00 for the UKB-AoU meta-analysis, respec-

tively (Figure S1).Wewere able to replicate six lead variants (P ≤ 0.05;

same direction) of 22 loci identified in our clinical AD meta-analysis,
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F IGURE 3 Manhattan plots of AD fromNIAGADS alone (A) and after meta-analyzing with NIMH (B). Red genome-wide significant variants
represent variants that passed all quality-control testing. NL signifies a new locus. AD, Alzheimer’s disease; GWAS, genome-wide association
study; NIAGADS, The National Institute on Aging Genetics of Alzheimer’s Disease Data Storage Site; NIMH, National Institute ofMental Health.

in either our AD-by-proxy meta-analysis or one of the AD-by-proxy

datasets (Table 1, Table S2). Variants that were genome-wide signifi-

cant in our AD-by-proxy studies and not nominally significant in our

clinical AD analyses are available in the Table S4.

We identified 30 genome-wide significant loci—21 common and

9 rare—in the UKB dataset (Table S5). We identified 1558 genome-

wide significant loci—112 common and 1446 rare—in the AoU dataset

(Table S6). When we removed indels and multiallelic sites from these

AoU signals, we were left with 640 genome-wide significant loci—

51 common and 589 rare. Of these, 6 common and 109 rare loci

contained more than one genome-wide significant variant. Eighteen

genome-wide significant loci—12 common and 6 rare—in UKB, and 10

genome-wide significant loci—2 common and 8 rare—in AoU showed

nominally significant replication (same direction, P ≤ 0.05) for clinical

AD in NIAGADS. None of the 18 genome-wide significant loci in UKB

were novel, with 15/18 located in the vicinity of APOE (Figure S2 in
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TABLE 1 Lead variants for AD in NIAGADS and the NIAGADS-NIMHmeta-analysis.

Cohorts with clinically diagnosed

AD

Meta analysis for

AD-by-proxy cohorts

CHR rsID Gene MAF EA Direction NIA P NIMH P
Meta

analysis P
AD-by-proxy

Z
AD-by-proxy

P
New/

Old

1 rs141744862 VWA5B1 0.0031 T +??- 4.6E-08 ND 4.6E-08 −1.347 0.18 New

1 rs573181360 RNU6-755P, LMX1A 0.0005 G +??- 2.09E-08 ND 2.09E-08 −0.018 0.99 New

1 rs6661489 CR1 0.1425 T +?++ 1.47E-10 ND 1.47E-10 2.269 0.023 Old

2 rs150214656 MOB1A 0.0003 G +?+- 2.1E-08 ND 2.1E-08 0.54 0.59 New

2 rs6733839 BIN1, AC110926.2 0.4168 T ++++ 1.19E-10 0.039 4.67E-11 6.841 6.14E-12 Old

3 rs557495347 MORC1-AS1 0.0008 T +?+- 4.71E-08 ND 4.71E-08 0.059 0.95 New

4 rs117010230 LINC00989 0.0009 A +?+- 3.14E-08 ND 3.14E-08 −0.476 0.63 New

5 rs182525847 PDE4D 0.0005 G +?++ 2.07E-08 ND 2.07E-08 1.779 0.075 New

5 rs56918975 RNU2-49P, CDO1 0.0005 C +?++ 1.48E-08 ND 1.48E-08 1.107 0.27 New

5 rs147450666 FBN2, SLC27A6 0.0104 A —+ 7.67E-09 0.53 7.17E-09 −0.154 0.88 New

7 rs186724723 RN7SKP280,
AC099552.1

0.0158 C -?– 1.62E-08 ND 1.62E-08 −0.483 0.63 Old

12 rs56098445 AC090115.1 0.094 A +++- 4.25E-08 0.45 3.57E-08 −0.407 0.69 New

15 rs541189631 NEO1 0.0008 T +?+- 8.84E-09 ND 8.84E-09 0.431 0.67 New

17 rs553129131 SLC35G3,
AC022916.1

0.0006 G +?++ 2.21E-08 ND 2.21E-08 1.125 0.26 New

18 rs200388554 DYM 0.0258 G -?++ 5.99E-09 ND 5.99E-09 1.93 0.054 New

19 rs8105340 NECTIN2 0.1069 C ++++ 7.74E-10 0.66 7.02E-10 −1.75 0.079 Old

19 rs157588 TOMM40 0.4373 C ++++ 3.14E-17 9.29E-3 6.81E-18 −7.37 1.5E-13 Old

19 rs429358 APOE 0.2104 C ++++ 1.9E-310 2.22E-16 7.2E-305 41.238 3.3E-305 Old

19 rs141622900 APOC1, APOC4 0.0429 A —- 1.72E-24 2.76E-4 5.36E-25 −9.634 4.79E-22 Old

19 rs116949436 CLPTM1 0.0115 A ++++ 6.78E-09 0.015 4.63E-09 4.38 1.18E-05 Old

20 rs4809823 KCNG1,
AL121785.1

0.2908 G –?- 2.75E-09 0.46 2.23E-09 −0.746 0.45 New

21 rs77589046 TIAM1 0.0326 C -??+ 2.16E-08 ND 2.16E-08 1.082 0.28 New

Note: Each character in the direction column corresponds to the effect direction in NIAGADS, NIMH, UKB, and AoU, respectively. Known (old) locus refers to

a variant proximal to a locus previously linked to AD. For variants proximal to multiple genes, the two closest genes are shown. ND stands for not detected.

Variants are ordered by chromosome and position.We focused on variants with anMAF≥ 0.1% to emphasize higher confidence results.

Abbreviations: AD, Alzheimer’s disease; AoU, All of Us; APOE, apolipoprotein E; CHR, chromosome; EA, effect allele; MAF, minor allele frequency; NIA,

National Institute onAging;NIAGADS, TheNational Institute onAgingGenetics ofAlzheimer’sDiseaseData Storage Site;NIMH,National Institute ofMental

Health; rsID, reference single nucleotide polymorphism ID; UKB, UK Biobank.

supporting information). Of the AoU genome-wide significant loci with

an effect direction matching the clinical AD study, 2/10 were common

(all previously known), with 2/8 of the rare loci being novel (Figure S2).

While therewere in total 5 commonand27 rare independent loci in the

AD-by-proxy AoU data that were also nominally significant in the clin-

ical AD meta-analysis, many of these signals had an opposite direction

of effect than clinical AD. Several of these loci were nominally signif-

icant or genome-wide significant in individuals of AMR, AFR, or EUR

genetic ancestry (Figure S3 in supporting information).

A total of 8/22 (36.4%) of genome-wide significant loci in the clinical

AD meta-analysis had at least one variant that was nominally signifi-

cant in the AD-by-proxy meta-analysis. However, only 10/1558 (0.6%)

of the genome-wide significant loci in the similarly diverse AoU cohort

had at least one variant thatwas nominally significant in the clinical AD

meta-analysis. This number was 9/640 when we filtered for indels and

multiallelic variants. In UKB, 18/30 of the genome-wide significant loci

had at least one variant that was nominally significant in the clinical

AD meta-analysis. The greater degree of overlap between the clinical

ADmeta-analysis andUKB (60.0%) versus 0.6% in AoUwasmost likely

due to UKB being predominantly composed of individuals of European

ancestry (Figure 1).

We replicated several previously known common loci in our AD-by-

proxy meta-analysis, including genes in the APOE AD locus (Table 2).

We also identified 19 genome-wide significant loci (within or near 18

genes), in which the variants were also replicated with nominal sig-

nificance in clinical AD in NIAGADS (Table 2). Some loci represented

the same nearest genes due to multiple rare and common genome-

wide independent signals within those genes. Of 19 loci, three were
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F IGURE 4 Manhattan plot of AD-by-proxymeta-analysis, highlighting variants that were nominally significant (P≤ 0.05) in the
NIAGADS–NIMHmeta-analysis. Given the larger number of independent loci proximal to APOE, only one locus in this region was shown. NL
signifies a new locus. AD, Alzheimer’s disease; AoU, All of Us; APOE, apolipoprotein E; NIAGADS, The National Institute on Aging Genetics of
Alzheimer’s Disease Data Storage Site; NIMH, National Institute ofMental Health; UKB, UK Biobank.

only nominally significant or detected in AoU and notUKB. Therewere

11/19 loci that were nominally significant in both datasets, but none

of these were novel AD loci. Thus, out of 19 loci in our AD-by-proxy

meta-analysis that were also nominally significant in the clinical AD

meta-analysis, we identified two novel genome-wide significant AD

loci—both involving rare variants (Figure 4, Table 2). These loci were

proximal to or within RPL23/LASP1, AC008738.6 (Table 2).

3.4 Replication of previously reported genomic
associations and influence of HWE and population
diversity

Next, we set out to test for replication of known AD loci from a recent

large meta-analysis reported in Bellenguez et al.,4 which focused on

European genetic ancestry participants, in the AoU dataset. Of the

83 AD-associated loci listed in Bellenguez et al.’s Table S5,4 65 of the

variants were detected in UKB and all 83 in AoU before filtering for

deviations from HWE (Table S7 in supporting information). Our AoU

studywas determined to have sufficient power (Power≥ 0.8) to detect

7 of the 83 lead variants from Bellenguez et al. Table S5,4 with vari-

ants of less power being rare or having a smaller effect size (Table

S5). We did not compute the power of our clinical AD study or the

UKB–AoUmeta-analysis because the subject data overlappedwith the

Bellenguez et al. study.4

To control for population stratification or genotyping errors,32 tra-

ditional GWAS uniformly remove variants that deviate fromHWE33,34

(P ≤ 1e-15 in a prior AoU study).18 Population stratification, inher-

ent in mixed ancestry populations, yields more significant HWE P

values that can lead to the loss of many variants. With a uniform

HWE filter only 21/83 in UKB and 22/83 in AoU are retained as

passing. When we used single-ancestry HWE P values versus those

derived from the multi-ancestry population, 59/83 and 73/83 of the

Bellenguez et al. variants were retained in the UKB and AoU datasets,

respectively. Because the Bellenguez et al. dataset was predominantly

of European genetic ancestry,4 we next applied European ances-

try HWE statistics from AoU to filter results, in which case, 64/83

and 82/83 variants were retained in the UKB and AoU datasets,

respectively.

We were able to replicate 9/83 signals in AoU (P ≤ 0.05, match-

ing direction of effect), with calculated power to detect 7 (Table S7).

This number increased to 40/83 when applied to the AD-by-proxy

meta-analysis; however, UKB was one of the datasets used in Bel-

lenguez et al.4 Here, we have not reported results from the clinical AD

analysis because the NIAGADS European participants and UKB were

previously evaluated in Bellenguez et al.4 Our results corroborate the

findings of Bellenguez et al., which is unsurprising given the major-

ity of AD-by-proxy cases in AoU are of European ancestry, but they

also demonstrate the difference in results when studyingmore diverse

populations and evaluating different phenotype definitions.4
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3.5 Functional annotation of identified loci and
differential expression of variants’ proximal genes by
AD outcomes

We next used a functional annotation of variants based on the online

resource (FAVOR). FAVOR provides annotations for specific single

nucleotide polymorphisms and indels across the human genome for

WGS data.28 To determine whether the novel AD-associated genomic

variants identified here represent biologically plausible candidates, we

used FAVOR to identify the genes proximal to the genetic variants,

along with their enhancer-relevant annotations, using the Genehancer

and SuperEnhancer databases. These databases predict whether vari-

ants overlap or are predicted to influence gene expression through

enhancers. We also assessed the differential expression of the cog-

nate genes associated with these variants using single-cell differential

gene expression statistics for individuals with and without cognitive

impairment and pathological evidence of AD, available from Mathys

et al.30

For the clinical ADmeta-analysis, 181/181 genome-wide significant

signals overlapped with the FAVOR database and 81 had enhancer-

relevant annotations and were proximal to 28 genes differentially

expressed with AD phenotypes (FDR ≤ 0.01). While none of those

81 enhancer-linked variants were in novel loci, gene expression and

function can be modulated by elements beyond enhancers. Differ-

entially expressed genes proximal to our genome-wide significant

AD-associated variants included most genes in the novel loci impli-

cated. FBN2 was upregulated in inhibitory neurons in individuals with

cognitive impairment and pathological evidence of AD. SLC27A6 was

upregulated in excitatory and inhibitory neurons. AC090115.1 was

downregulated in excitatory and inhibitory neurons. DYMwas upregu-

lated in excitatory and inhibitory neurons. KCNG1was downregulated

in excitatory neurons and upregulated in astrocytes. Finally, TIAM1

wasupregulated in excitatory neurons anddownregulated in inhibitory

neurons and oligodendrocyte precursor cells (Table 3).30

For theAD-by-proxymeta-analysis, 221 of 221 genome-wide signif-

icant signals overlapped with FAVOR, and 135 had enhancer-relevant

annotations and were proximal to 31 genes differentially expressed

with AD phenotypes. The 221 variants included 2 at novel rare

AD loci where the effect direction matched AD-by-proxy, including

RPL23/LASP1 (rs1269322417 on chromosome 17) with the genes

being differentially expressed in excitatory and inhibitory neurons

(Table 3). rs548960608 on chromosome 19 is linked by enhancer to

CEBPA that is upregulated in excitatory neurons (Table 3).

We next asked whether any of these genes are differentially

expressed with varying severity of cognitive impairment in the setting

of AD pathological features, or in individuals considered resilient to

AD versus those with mild or severe AD. Mathys et al. also studied

the role of global ADpathology, amyloid, neurofibrillary tangles (NFTs),

and neuritic plaques quantitative burden on cognitive impairment

severity.30 By pathology, genes in the novel loci were only differen-

tially expressedwhen considering burden of NFTs and neuritic plaques

(Table 4). Regarding clinical AD, we observed significantly increased

(FDR < 1%) expression of FBN2 and SCL27A6 in previously resilient

subjects that later suffered mild cognitive impairment in the presence

of NFTs.30 Expression of these genes was further increased comparing

individuals with severe versus mild cognitive impairment in the pres-

enceof neuritic plaques (Table4).Other genesproximal toorwithinour

novel loci demonstrated differential expression with AD phenotypes

(Table 4). Our results support the association of AD with these genes,

and their expression profiles.

4 DISCUSSION

Here, we report 16 novel loci associated with clinical AD or AD-by-

proxy emanating from a GWAS of > 430,000 WGS samples from four

cohorts including subjects with diverse genetic ancestry. While we

observed that genetic associations using clinical AD datasets were

reasonably reproduced in AD-by-proxy datasets, few genetic associ-

ations derived from AD-by-proxy studies were reproduced in clinical

AD datasets consisting of more diverse cohorts with multi-ancestral

genetics. AmongAD-by-proxy signals those thatwere nominally signif-

icant in the clinical AD study, particularly in the diverse AoU dataset,

several had effect directions that were the opposite as in clinical AD.

Many of the novel AD-associated genomic variants were within or

proximal to genes that differentially expressed in single-cell brain pop-

ulations, particularly excitatory and inhibitory neurons, in individuals

with cognitive impairment and pathological evidence of disease. Over-

all, these findings underscore the importance of implementing WGS

samples inGWAS to determine the genetic underpinnings of disease, in

diverse cohorts. This is valuable for not only validating previous results

but also for yielding new genetic findings that could benefit diverse

populations.

We identified five novel common loci in our clinical AD analysis,

with plausible roles in mediating disease (Table 1) based on differ-

ential expression in subjects with and without cognitive impairment

and AD neuropathological hallmarks (Table 3). Four of the five new

common loci contained variants that were protective against AD,

with the exception being rs56098445 on chromosome 12 proximal

to lncRNA AC090115.1 and ZNF641. rs147450666 is proximal to

FBN2 and SLC27A6.28 FBN2 is expressed in the choroid plexus with

roles in connective tissue structure35 with a different gene variant

linked by GWAS to vascular dementia.36 SCL27A6 is not documented

in the Human Protein Atlas and protein dysfunction has been linked

to neurodegeneration in C. elegans.37 rs200388554 is proximal to

DYM,28 which is enriched in oligodendrocytes and excitatory and

inhibitory neurons, believed to play a role in early brain develop-

ment and protein secretory pathways;35 DYM protein levels were

previously observed to significantly vary in AD patient plasma ver-

sus matched controls.38 rs4809823 is proximal to KCNG1 and the

lncRNA AL121785.1.28 KCNG1 contributes to neural synaptic function

through voltage-gated potassium channels,35 and is predicted to be a

hub gene for AD-relevant immune pathways.39 rs77589046 is prox-

imal to TIAM1,28 which plays roles in DNA binding in brain tissues

with enriched expression in the cerebellum and inhibitory neurons,

oligodendrocytes, and oligodendrocyte precursor cells, with additional
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TABLE 3 Variants in AD and AD-by-proxy novel loci proximal to or overlapping enhancers of genes whose expression significantly
(FDR≤ 0.01) changed in brain cells, comparing groups separated by pathological evidence of or symptoms of AD.

CHR rsID MAF Gene

Enhancer linked

gene Cell

Clinical AD

2 rs150214656 0.0003 MOB1A (MOB1A) Exc 4v1 (x2)++ (MOB1A) Exc 4v2 (x1)+

5 rs182525847 0.0005 PDE4D None (PDE4D) Exc 3v1 (x4)+++- (PDE4D) Exc 4v1 (x4)++++ (PDE4D) Exc

4v2 (x1)+ (PDE4D) Inh 3v1 (x5)+++++ (PDE4D) Inh 4v1 (x18)

++++++++++++++++++ (PDE4D) Inh 4v2 (x6)++++++ (PDE4D)

Inh 4v3 (x3)+++ (PDE4D) OPC 4v1 (x1)+

5 rs56918975 0.0005 RNU2-49P, CDO1 None (CDO1) Exc 4v1 (x2) – (CDO1) Exc 4v3 (x1)—(CDO1) Inh 4v1 (x8) ——–

(CDO1) Inh 4v2 (x2) – (CDO1) Inh 4v3 (x3) — (CDO1) Oli 4v1 (x1) -

5 rs147450666 0.010 FBN2, SLC27A6 None (FBN2) Inh 4v1 (x3)+++ (FBN2) Inh 4v2 (x1)+ (SLC27A6) Exc 4v1

(x10)++++++++++ (SLC27A6) Exc 4v2 (x2)++ (SLC27A6) Inh 4v1

(x13)+++++++++++++ (SLC27A6) Inh 4v2 (x2)++

12 rs56098445 0.094 AC090115.1 None (AC090115.1) Exc 4v1 (x8) ——– (AC090115.1) Exc 4v2 (x5) —–

(AC090115.1) Exc 4v3 (x7) ——- (AC090115.1) Inh 4v1

(x1)—(AC090115.1) Inh 4v2 (x3) — (AC090115.1) Inh 4v3 (x3) —

15 rs541189631 0.001 NEO1 None (NEO1) Exc 3v1 (x4)++++ (NEO1) Exc 4v1 (x8)++++++++ (NEO1)

Exc 4v2 (x2)++ (NEO1) Exc 4v3 (x2)++ (NEO1) Inh 4v1 (x5)+++++
(NEO1) Ast 4v1 (x1)—(NEO1) Ast 4v3 (x1) -

18 rs200388554 0.026 DYM None (DYM) Exc 3v1 (x1)+ (DYM) Exc 4v2 (x1)+ (DYM) Inh 4v1 (x1)+
(DYM) Inh 4v2 (x1)+

20 rs4809823 0.291 KCNG1, AL121785.1 None (KCNG1) Exc 4v2 (x2) – (KCNG1) Ast 4v1 (x1)+ (KCNG1) Ast 4v3 (x1)

+

21 rs77589046 0.033 TIAM1 None (TIAM1) Exc 3v1 (x2)++ (TIAM1) Exc 4v1 (x1)+ (TIAM1) Exc 4v3 (x1)

+ (TIAM1) Inh 4v1 (x5)+++– (TIAM1) Inh 4v2 (x1)—(TIAM1)OPC 4v3

(x1)—(TIAM1) Ast 4v1 (x1)+

AD-by-proxy

17 rs1269322417 0.001 RPL23,LASP1 None (RPL23) Exc 2v1 (x1)+ (RPL23) Exc 3v1 (x1)—(RPL23) Exc 4v1

(x1)—(RPL23) Inh 3v1 (x3) — (RPL23) Inh 4v1 (x8) ——– (RPL23) Inh

4v2 (x1)—(LASP1) Ast 4v1 (x1)+

19 rs548960608 0.001 AC008738.6 CEBPA (CEBPA) Exc 4v3 (x3)+++ (CEBPA)Mic 4v1 (x1)+

Note:Whenmultiple variants in a locus were observed, the variant with themost significant P valuewas highlighted. Enhancer annotations (Enhancer Linked
Gene column) were obtained from SuperEnhancer or GeneHancer databases, logged in FAVOR. For cells, Exc represents excitatory neurons, Inh inhibitory

neurons, Oli oligodendrocytes, Ast astrocytes. Group comparisons (n v m) include group 1 (no AD pathological evidence or cognitive impairment), group

2 (no pathological evidence with cognitive impairment), group 3 (pathological evidence without cognitive impairment), group 4 (pathological evidence and

cognitive impairment). Scores (xN) represent the number of unique cell subpopulations enriched for the cognate gene. Plus and minus signs correspond to

whether the log-fold changewas positive or negative for the comparison.

Abbreviations: AD, Alzheimer’s disease;APOE, apolipoprotein E; CHR, chromosome; FAVOR, Functional Annotation of VariantsOnlineResource;MAF,minor

allele frequency; rsID, reference single nucleotide polymorphism ID.

protein function as a guanyl nucleotide exchange factor.35 In addition,

we identified nine new rare variant loci showing genome-wide signifi-

cant association to clinical AD, includingVWA5B1, RNU6-755P/LMX1A,

MOB1A, MORC1-AS1, LINC00989, PDE4D, RNU2-49P/CDO1, NEO1,

and SLC35G3/AC022916.1.

Based on AD-by-proxy analyses of UKB and AoU datasets, we

identified two novel rare genome-wide significant AD loci that were

nominally significant in our clinical AD and AD-by-proxy analyses

(Figure 4, Table 2). These loci are proximal to or linked by enhancers

to genes differentially expressed in AD, specifically RPL23/LASP1 and

AC008738.6/CEBPA (Table 3). RPL23 encodes ribosomal protein L23,

which is enriched among genes expressed in the brain linked with

ribosome function. Shigemizu et al. reported that blood RNA levels

of RPL23 were significantly decreased in AD patients.35,40,41 LASP1

encodes LIM and SH3 Protein 1 expression; it is enriched among

genes expressed in the brain in sub-cortical regions to mediate actin-

based cytoskeletal activities. LIM And SH3 Protein 1 is a component

of synapses and dendritic spines in the central nervous system and a

polymorphism in LASP1 has been reported to affect cognitive function

in schizophrenia.42 CEBPA encodes CCAAT enhancer binding protein

alpha, which is enriched among genes expressed in the brain involved

with macrophage and microglial immune response. This gene regu-

lates proliferation arrest and the differentiation ofmyeloid progenitors

as well as other cell types, functioning as a DNA-binding activa-

tor protein.35 Interestingly, enrichment of AD heritability at variants

within CEBPA has been previously reported.43
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TABLE 4 Variants in AD-by-proxy novel loci proximal to or overlapping enhancers of genes with expression that significantly (FDR≤ 0.01)
changed in brain cells for with cognitive impairment, in the setting of pathology (Path).

CHR rsID MAF Gene

Enhancer

linked gene Path Cell

Clinical AD

2 rs150214656 0.0003 MOB1A None NFT Exc 2v1 (x5)+++++ Inh 2v1 (x1)+

5 rs147450666 0.0104 FBN2,SLC27A6 None NFT (FBN2) Inh 2v1 (x3)+++ (SLC27A6) Exc 2v1 (x3)+++
(SLC27A6) Inh 2v1 (x12)++++++++++++

5 rs147450666 0.0104 FBN2,SLC27A6 None PlaqN (FBN2) Inh 3v2 (x2)++ (SLC27A6) Exc 3v2 (x11)

+++++++++++ (SLC27A6) Inh 3v2 (x15)

+++++++++++++++ (SLC27A6) Oli 3v2 (x1)+

5 rs182525847 0.0005 PDE4D None NFT Exc 2v1 (x12)++++++++++++ Exc 3v2 (x3)+++ Inh 2v1

(x14)++++++++++++++ Inh 3v2 (x5)+++++

5 rs182525847 0.0005 PDE4D None PlaqN Exc 2v1 (x1)—Exc 3v2 (x5)+++++ Inh 3v2 (x11)

+++++++++++

5 rs56918975 0.0005 RNU2-
49P,CDO1

None NFT (CDO1) Exc 2v1 (x2) – (CDO1) Inh 2v1 (x5) —– (CDO1) Inh

3v2 (x1)—(CDO1) Oli 2v1 (x1) -

5 rs56918975 0.0005 RNU2-
49P,CDO1

None PlaqN (CDO1) Exc 3v2 (x1)+ (CDO1) Inh 3v2 (x4) —- (CDO1) Oli

3v2 (x1) -

12 rs56098445 0.094 AC090115.1 None NFT Exc 2v1 (x1)+

12 rs56098445 0.094 AC090115.1 None PlaqN Exc 3v2 (x11) ———– Inh 3v2 (x7) ——- Ast 3v2 (x1) -

15 rs541189631 0.0008 NEO1 None NFT Exc 2v1 (x8)++++++++ Inh 2v1 (x1)+Oli 2v1 (x1)+Ast

2v1 (x1)+Ast 3v2 (x1) -

15 rs541189631 0.0008 NEO1 None PlaqN Exc 2v1 (x2)++ Exc 3v2 (x2)++ Inh 3v2 (x1)+

18 rs200388554 0.0258 DYM None NFT Exc 2v1 (x7)+++++++ Inh 2v1 (x6)++++++Oli 2v1 (x1)+
OPC 2v1 (x1)+Mic 2v1 (x1)+

18 rs200388554 0.0258 DYM None PlaqN Exc 2v1 (x1)+ Exc 3v2 (x1) -

21 rs77589046 0.0326 TIAM1 None NFT Exc 2v1 (x1)+ Inh 2v1 (x4)++++ Inh 3v2 (x2)++OPC 2v1

(x1)+

21 rs77589046 0.0326 TIAM1 None PlaqN Exc 2v1 (x1)+ Inh 3v2 (x1) -

AD-by-proxy

17 rs1269322417 0.0008 RPL23,LASP1 None NFT (RPL23) Exc 2v1 (x9) ——— (RPL23) Inh 2v1 (x10) ———-

(RPL23) Oli 2v1 (x1)—(RPL23) OPC 2v1 (x1) -

17 rs1269322417 0.0008 RPL23,LASP1 PACSIN2 PlaqN (RPL23) Exc 2v1 (x2) – (RPL23) Exc 3v2 (x2)++ (RPL23) Inh

2v1 (x1)—(RPL23) Oli 2v1 (x1)—(LASP1) Exc 3v2 (x3)+++

Note: Enhancer annotations (in Enhancer Linked Gene column) were obtained from SuperEnhancer or GeneHancer databases, logged in FAVOR. For

progression-relevant outcomes, NFT represents neurofibrillary tangle burden, PlaqD diffuse plaque burden, PlaqN neuritic plaque burden, tangles tangle

density. For cells, Exc represents excitatory neurons, Inh inhibitory neurons, Oli oligodendrocytes, OPC oligodendrocyte precursor cell, 2v1 represents com-

parison of gene expression between individuals with mild cognitive impairment to those with no cognitive impairment, 3v2 comparing individuals with AD

dementia andmild cognitive impairment. Scores represent the number of unique cell subpopulations enriched for the cognate gene.

Abbreviations: AD, Alzheimer’s disease;APOE, apolipoprotein E; FAVOR, Functional Annotation of VariantsOnline Resource; FDR, false discovery rate;MAF,

minor allele frequency; rsID, reference single nucleotide polymorphism ID.

We also assessed the novel AD-associated genomic variants iden-

tified here for proximity to or overlapping enhancers of genes, for

which expression is significantly changed in brain cells, comparing

groups separated by pathological evidence of or symptoms of AD,

or cognitive impairment, in the setting of pathology (Tables 3–4).

Differentially expressed genes proximal to genome-wide significant

variants associated with clinical AD include FBN2 (inhibitory neu-

rons), SLC27A6, AC090115.1, DYM (excitatory and inhibitory neurons),

KCNG1 (excitatory neurons and astrocytes), and TIAM1 (excitatory

neurons, inhibitory neurons, and oligodendrocyte precursor cells;

Table 3). These data further support the role of these genes in AD

pathogenesis and could represent new pharmacological and biological

targets for treatment and prevention.

Our study has limitations based on using AD-by-proxy phenotype

for WGS-based GWAS in the AoU and UKB datasets. As AD is highly

heritable, we relied on family history of AD in direct relatives (relat-

edness to first degree relatives is identical to a parent, or 50%) and

grandparents to call AD-by-proxy cases. While relatedness with a

grandparent is expected to be at minimum 25%, we chose a less

conservative definition to align with prior studies8,9 and to increase



14 of 16 WILLETT ET AL.

sample size. AD-by-proxy has been previously shown to strongly corre-

late with definitive AD status. Despite concerns of introducing biases,

AD-by-proxy offers the advantage of increasing statistical power in

population-based biobanks.44 Our results suggest that the correlation

of AD-by-proxy with definitive AD is limited to comparisons among

more homogeneous biobanks, such as UKB, and perhaps to individuals

of European genetic ancestry (Figure 1). Our findings also underscore

the advantages of incorporating diverse admixed cohorts, such as AoU,

in genetic studies, as well as the importance of well-defined phenotyp-

ing in such cohorts.We observedmany variants showing genome-wide

significant association with AD in the AoU dataset versus UKB dataset

and other clinical AD datasets. Some of those variants could be

potential falsepositivesdue to sequencing artifacts orunobservedcon-

founding. An unusually large amount (59%) of genome-wide significant

variants inAoUwere indels andmultiallelic variants. Filtering for indels

and multiallelic variants and using more conservative allele frequency

filters removes many of those signals. Although we only emphasized

significant AD-by-proxy findings showing a nominal replication in a

clinical AD meta-analysis (Figure 4), this underscores the importance

of validating results in independent datasets with a clinically defined

phenotype along with validating the functional relevance of identified

loci in vivo and in vitromodels.

We were able to replicate roughly 11% of known AD GWAS loci

in AoU (Table S7).4 This number increases to roughly 20% on stratify-

ing AoU results by population. Thus, this discrepancy is perhaps due to

population differences between the previous large AD GWAS and the

more diverse analysis carried out here. TheNIAGADSandAoUcohorts

are made of up diverse individuals (nearly half of non-European ances-

try) that are traditionally underrepresented in AD genetics studies

(Table S1).11 In contrast, Bellenguez et al. analyzed a cohort pre-

dominantly made up of individuals with European ancestry from the

EuropeanAlzheimer andDementia Biobank andUKB.4 Thus, while our

AD-by-proxy AoU results reproduced some of the most robust AD-

associatedGWAS loci reported inBellenguezet al., themissing variants

could be due to lower power and more diverse cohorts investigated

here.

In conclusion, we carried out WGS-based GWAS of both clinical

AD and AD-by-proxy cohorts with more diverse genetic ancestry than

prior studies, which have most commonly used GWAS with common

variant arrays focusing on populations with largely European ancestry.

As a result, we identified 16 novel loci exhibiting genome-wide signif-

icance with AD: 14 in cohorts with clinically diagnosed AD and 2 in

AD-by-proxy cohorts, which show nominal replication clinical cohorts.

Our results emphasize:

1. WGS-based GWAS can capture disease-associated loci,

which could be missed by GWAS using only common variant

arrays.

2. While AD-by-proxy case definitions of disease can be limiting, they

can also enable plausible discoveries of novel disease loci especially

when used alongside datasets with clinical diagnoses.
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