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Alzheimer’s disease (AD) is the most common cause of dementia, with global case
numbers projected to reach 153 millionin2050". AD is highly heritable, with twin-based
heritability estimates of 60-80%>. Although 1,200 causal loci are predicted to exist for
AD? approximately 80 loci have been associated with AD in two recent studies*’. Low
single-nucleotide polymorphism (SNP)-based heritability estimates have prompted
the suggestion that little further common-variant risk remains to be found®. Here we
analysed datafrom 109,479 cases, 74,141 proxy cases, 2,131,799 controls and 499,708

proxy controls from diverse ancestries, identifying 118 loci in a multi-ancestry analysis
and 9 additional lociin ancestry-specific analyses, 48 of which are new. We identified
new AD risk genes, prioritized potential drug targets, and found that genes upregulated
inmicrogliaand downregulated in neurons in cases compared with controls were
enriched for AD-associated genetic risk. Moreover, we improved polygenic prediction
and estimated a SNP heritability of 16%, nearly threefold higher than previous
estimates. Together, our findings show that the common-variant contribution to

AD has been substantially underestimated, and reveal new molecular and cellular
mechanisms as well as specific targets for future drug development research.

AD is the most common cause of dementia, affecting tens of millions
of people worldwide and projected to more than double by 2050
Current disease-modifying treatments for AD typically target only one
aspect of its pathology: amyloid-p aggregates. However, these have
shown limited efficacy in alleviating symptoms’. Further insight into
disease aetiology may highlight other mechanisms that could lead to
more effective drugs. Given the large twin-based heritability of AD
(ht%,,in =60-80%)?, genetic studies can provide valuable insights into
its underlying biological mechanisms. Moreover, polygenic scores
(PGSs) may improve clinical risk prediction models and help to identify
individuals for early intervention before the onset of neurodegenera-
tive processes.

Recent genome-wide association studies (GWAS) of AD have suc-
cessfully identified approximately 80 risk loci, highlighting the central
role of microglia and suggesting immune function, amyloid catabolism
and lipid function as important biological processes**. Despite these
discoveries, the PGSs generated from these studies have had limited
predictive performance*, and liability-scale summary-statistics-based
heritability (hssz,“ab) estimates have been low (approximately 5%)%.
This discrepancy has prompted the suggestion that there may be little
additional genetic risk that can be identified with GWAS® beyond the
strongest geneticrisk factor for AD: APOE. Others, however, have pro-
posed that approximately 1,200 causal loci are expected to influence
genetic risk for AD*. To reconcile these differences, larger studies lev-
eragingimproved, well-calibrated methodologies will be critical. Such
efforts may yield more accurate heritability estimates, enhance the
predictive power of PGSs and, importantly, uncover additional risk
genes informing disease mechanisms. Moreover, including individuals
of non-European (EUR) ancestry can further improve PGS prediction
inunderrepresented populations.

Here we report alarge multi-ancestry GWAS of AD, encompassing a
total of 109,479 cases, 74,141 proxy cases, 2,131,799 controls and 499,708

proxy controls. Proxy cases are genotyped individuals who reported
that their parents had AD (Methods). Using this sample, we identified
118 loci in a multi-ancestry analysis and 9 additional loci in ancestry-
specific analyses, 48 of which are new. We estimated a hsszrnab of 16%
andimproved the out-of-sample prediction. We also found enrichment
inmicroglia and in neuronal cell types, and highlighted relevant bio-
logical processes and potential drug targets. To maximize the utility of
our results, we have provided publicly available summary statistics
from the main analyses, as well as from multiple stratified analyses.

Dataoverview

Our study included 109,479 AD cases, 74,141 proxy AD cases, 2,131,799
controls and 499,708 proxy controls across 30 cohorts (Fig.1, Extended
Data Fig.1and Supplementary Data 1), resulting in a total effective
sample size (N Methods) of 416,493. The total effective sample size
consisted of 91% individuals of EUR, 5% African (AFR), 3% East Asian
(EAS), less than 1% admixed American (AMR) and less than 1% South
Asian (SAS) ancestry (Extended Data Fig. 1). A subset of this dataset
was available for sex-stratified analyses, with 20,402 female cases and
261,889 female controls, and 15,689 male cases and 214,956 male con-
trols. Another subset with a N.0f196,822 was available fora GWAS on
the X chromosome. A full description of each cohortis availablein the
Supplementary Methods.

GWAS meta-analyses identify new loci

We conducted amulti-ancestry GWAS of AD, including five broad ances-
try groups: EUR (N.; = 379,465), AFR (N.;; = 21,163), EAS (N.; = 13,790),
AMR (N=1,222) and SAS (N = 852; Fig.2and Supplementary Data1).
After quality control, this resulted in 8,152,095 SNPs with a minimum
minor allele frequency (MAF) of 0.004 and amean of 0.17. We identified
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Fig.1|Overview of the study design and key findings. Flowchart summarizing
the workflow and main results, including genome-wide association analysis
(Manhattan plot from our multi-ancestry GWAS), gene set enrichment, SNP
heritability and polygenicrisk prediction, and characterization of newloci.
ALS, amyotrophiclateral sclerosis; CAA, cerebral amyloid angiopathy;

CC, case-control; CSF, cerebrospinal fluid; FTD, frontotemporal dementia;

118 significantloci (P <5 x1078), 41 of which are new. We did not identify
risk loci on the X chromosome.

In the ancestry-specific analyses, we identified 114 significant loci
(38 new) in the EUR GWAS, 3 loci in AFR GWAS (TREM2, SORL1 and
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Heritability estimates up to 16%
Explained variance from 10 to 17%

ALS and FTD
UBE2V1-SPATA2

NFT, neurofibrillary tangle; pTau, phosphorylated tau. Schematics were
generated using Servier Medical Art (Servier, under a Creative Commons
license CCBY 4.0) and from NIAID Visual & Medical Arts:immune cells
(https://bioart.niaid.nih.gov/bioart/253), glycoprotein (bioart.niaid.nih.gov/
bioart/468), pill (https://bioart.niaid.nih.gov/bioart/407) and unisex icon
(https://bioart.niaid.nih.gov/bioart/13), NIAID NIH BioArt Source.

APOE), 2lociin EAS GWAS (SORL1and APOE) and nolociin SAS or AMR
GWAS (Extended Data Fig. 2). The discrepancy in identified loci is as
expected based on differences in sample size, with more than 90% of
the total sample consisting of EUR individuals. After meta-analysing
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Fig.2|Circular Manhattan plot of the multi-ancestry GWAS. Results from
aninverse-variance-weighted fixed-effects meta-analysis of 30 cohorts
(109,479 cases, 74,141 proxy cases, 2,131,799 controls and 499,708 proxy
controls; maximum effective sample size of 416,493) of 5 ancestry groups,
comprising 8,152,095 SNPs after quality control. Association was tested per
cohortusinglogisticregression with the covariates described in the Methods;
Pvalues are two-sided and were not adjusted for multiple comparisons, with
genome-widessignificance defined by the conventional threshold of P<5x 1078,

the ancestry-specific results, we identified 118 loci. By meta-analysing
the ancestries, an additional 13 loci were identified, whereas 9 of the
lociidentified in the EUR-only analysis dropped below the significance
threshold (TMEM163, MAP3K13, GPAM, MCF2L, KIAAO125-1GH gene
cluster, GLCE, MCTP2, MNT-SGSM2-DPHI1-RAP1IGAP2 and AC104532.2-
VMAC). These nine loci were still suggestive (at least P<1x107) in the
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Thexaxisrepresents the chromosomal position of SNPs, and the y axis shows
their strength of association measured as —log,,(P). Genome-wide significant
loci (darker points) are annotated with their predicted effector gene. New
genesareinred. Thelighter-shaded points correspond to SNPs not reaching
genome-wide significance. Only SNPs with P<0.00005 are plotted. The y axis
iscapped at 75for visual clarity; however, the APOE locus reaches —log;,(P) - 5,697
and the BINIlocusreaches-log,,(P) =108.Exact Pvalues and sample sizes are
availablein Supplementary Data 2.

multi-ancestry meta-analysis. Overall, we identified 127 loci across all
meta-analyses; 118 in the multi-ancestry analysis and an additional 9in
the EUR-only analysis (Supplementary Data 2; forest plots foreach locus
canbe found onZenodo®). Of the 127 loci, 48 were new (see Supplemen-
tary Data3 and 4 for previously published studies and loci). As a sensi-
tivity analysis to address potential heterogeneity in effect sizes across
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ancestries for all loci except APOE, we conducted a random-effects
meta-analysis between ancestries using METASOFT after performing
afixed-effects meta-analysis within each ancestry with METAL. The
Pvalues of the lead SNPs remained almost unchanged (Methods and
Supplementary Fig.1).

We also meta-analysed the datastratified by sex (male versus female)
and phenotype definition (case-control versus proxy). The sex-
stratified GWAS (excluding proxy cases) identified 12 loci in the
female-only GWAS (CR1, BIN1, OR2B2-NKAPL, TREM2, CLU, MS4A2,
PICALM,APH1B, MAPT,ABCA7,APOE and LILRB2). We identified six loci
in the male-only GWAS (CR1, BIN1, M§4A2, PICALM, APOE and NTNS;
Extended Data Fig. 3). The relatively low number of associated loci
compared with the overall GWAS was expected given the much smaller
effective sample size of the sex-stratified analyses (N remale = 64,771;
Nett, mate = 49,748). The APOE-€4 tagging SNP had a13% larger odds ratio
(OR) in female individuals than male individuals (2.85 versus 2.52,
P=9x107%). We estimated the genetic correlation (r,) between EUR
male individuals and female individuals with linkage disequilibrium
scoreregression (LDSC) at 0.77 (95% confidenceinterval (CI) 0.48-1.06).
Probably owing to small sample size and insufficient heritability, LDSC
failed to compute genetic correlations for all other ancestries. Because
the standard error of LDSC’s r, scales inversely with the SNP heritabil-
ities of the contributing traits,and LDSC appears to underestimate the
hSZNP,"ab of AD (see below), we also approximated a more precise lower
bound of the genetic correlation of 0.82 (95% CI 0.76-0.88) between
male and female individuals of EUR ancestry using SBayesRC (Methods).

The case-control-only meta-analysis across all ancestries (V=
353,189) identified 95 unique significant loci, and the proxy-only
meta-analysis (N.4= 60,826) identified 12 significant loci (Extended
Data Fig. 4). Ten of the 12 proxy loci were also genome-wide signifi-
cant in the case-control meta-analysis, whereas the other 2 loci were
suggestive (P=6 x108and P=9 x 107°). The LDSC-computed genetic
correlation between the case-control and proxy meta-analysis was
0.99 (s.e.=0.14, P=3 x107), indicating high similarity (Supplementary
Note 1). Asummary of association across the 127 loci in the ancestry,
sex and phenotype stratified meta-analyses is available in Supple-
mentary Figs. 2 and 3 and Supplementary Data 5. The multi-ancestry
meta-analysisincorporated several cohorts notincludedin previous AD
GWAS*?, allowing us to assess the replication of recent GWAS findings
insamples independent from previously included samples. Overall,
we found high replicability of loci (Supplementary Note 2 and Sup-
plementary Data 6 and 7), and that lead-SNP effect sizes correlated
strongly (r=0.98; Supplementary Fig. 4). To maximize the value of the
datacollected, we have made the summary statistics from the primary
and stratified meta-analyses publicly available (after the exclusion of
23andMe Research Institute data). Asummary table of the available
summary statistics can be foundin Supplementary Data 8. We observed
heterogeneous APOE-g4 effect sizes across ancestries (Extended Data
Fig.5), ranging from the smallest ORin AFR (OR =1.7) to the largest in
EAS (OR =3.4). We note that the APOE-g4 variant was not present in All of
Us, the source of all AMR participants (Supplementary Methods). This
variationis not explained by differencesin proxy case representation:
we found no consistent relationship between proxy case definitions and
APOE-¢4 effect size, with proxy-based estimates larger than genotyped
case estimates in EUR and AFR, but smaller in EAS and SAS ancestry.
However, interpretationis complicated by substantial cross-cohort het-
erogeneity in APOE-g4 effect sizes even within EUR cohorts (= 97.7%,
P=8.19 x107%%; Supplementary Fig. 5), suggesting that cohort-level
differences may account for much of the observed variation rather
than true differences in APOE-g4 penetrance across ancestries.

Toassess the effect of three cohorts that did not adjust for genotyp-
ing array or batch, we repeated the meta-analysis excluding them.
Although29lociwerelost, all were near the significance threshold both
before and after exclusion, consistent with reduced power rather than
false-positive signal in the primary analysis (Supplementary Note 3).
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Effector gene prediction for 127 loci

For each locus, we predicted the most likely effector genes based on
several methodologies and sources of evidence. We nominated genes
inalocus based on associations in previous exome-wide association
studies (ExXWAS) of AD (Supplementary Data 4), effector gene predic-
tions from a machine learning model (FLAMES), colocalization and
Mendelian randomizationresults using expression, splicing and protein
quantitative trait loci datasets (Supplementary Data9), and gene nomi-
nations from previous GWAS (Supplementary Data 3 and Methods). We
aimed to select asingle gene per locus, prioritizing EXWAS-identified
genes followed by FLAMES predictions. If these were not available for
alocus, weselected the genesreportedin previous GWAS. For new loci
without EXWAS and FLAMES predictions, we selected genes from the
colocalization and Mendelian randomization analysis and assessed
their evidence in previous literature. A full description of the new loci
isavailablein Supplementary Note 4. For loci with conflicting evidence,
we additionally searched the literature for experimental evidence for
theimplicated genes (Supplementary Note 5). Asummary of the experi-
mental evidence from theliterature for these genesis available in Sup-
plementary Data10. For someloci, this approach did not consistently
resolve the conflicting predictions; in such cases, we report multiple
genes (Table 1and Supplementary Data 2).

Druggable and pleiotropic new genes

Amongthe 48 newlociidentified, we found17 genes that interacted with
non-AD-approved drugs (Methods and Supplementary Data 11). Five
of these genes have been evaluated for their potential as drug targets
for AD in previous research; three showed promise in animal models
(RRM2B", SYK"2 and KEAPI"), whereas drugs targeting the other two
genes (CACNA1S and AXL) were unsuccessfulinimproving AD symptoms
in humans™ and mice™® (Supplementary Note 6).

Among the known loci, there were ten instances in which the gene
predicted by FLAMES differed from the gene reported in previous lit-
erature (Supplementary Note 5). One of these genes (QPCT) is a poten-
tial drugtarget and was selected as an effector gene inlocus 8 instead
of two genes listed in previous GWAS (PRKD3 and NDUFAF7). QPCT
catalyses the formation of pyroglutamate on position 3 of amyloid-3
(ABpE3-X)", whichis the specific modification of amyloid-B targeted by
anapproved anti-amyloid antibody drug (donanemab); QPCT inhibitors
arein development for several other neurodegenerative disorders as
well”. Overall, multiple new genes, as well as newly prioritized genes in
known loci, represent potential targets for drug development.

We next asked how the new genes interact with each other and fit
into known AD-affected pathways (Supplementary Fig. 6 and Supple-
mentary Note 7). Five new genes (SNX2, DOK3, SYK, GGA2 and CEBPA)
interacted withknown AD genes across two pathways, amyloid process-
ing and microglial response to amyloid-B* %, reinforcing the central
importance of these mechanisms and showing that newly discovered
risk factors converge on them. We could not link 8 of the 48 novel loci
to a significantly associated gene set, suggesting that these loci may
highlight new AD disease processes.

Across the48 newlociidentified, 5have been associated with endo-
phenotypes of neurodegeneration or another neurodegenerative dis-
ease (HDAC9, C160rf95, HIPIR, MBNL1 and UBE2VI1-SPATA2). The HDAC9
locus has been previously associated with neurofibrillary tangles and
cerebral amyloid angiopathy?. HDAC9 encodes a histone deacetylase, a
family of genes associated with multiple diseases and neurodegenera-
tion?*. C160rf95 has been previously associated with phosphorylated
taulevels in cerebrospinal fluid®, but the function of C160rf95is not well
characterized. Although this locus harbours genome-wide significant
SNPsinboth AD and phosphorylated tau, the local genetic correlation
was notsignificantbetween them (r,=-0.31, P=0.12; Supplementary
Data 12), which suggests there may be independent mechanisms of



Table 1| Novel genome-wide significant loci and effector gene predictions

Locus Predicted effector Chromosome  Start End Lead SNP A1 Alfrequency OR 95%ClI Pvalue
gene (or genes)

1 HP1BP3-EIF4G3 1 20815167 21785330 rs12030051 A 0.55 1.04 1.02-1.05 217x10™"
2 LAPTM5 1 30965364 31504273 rs34854980 A 0.19 1.04 1.03-1.06 5.48x107°
3 PLEKHO1 1 149749228 150399016 rs6700343 A 0.069 0.94 0.92-0.96 2.09x107®
6 KIF21B-CACNA1S 1 200750305 201264966 rs67602696 T 0.28 1.03  1.02-1.04 4.09%x10®
15 ERC2 3 56023512 56523512 rs11926826 A 0.067 1.07  1.04-1.09 3.50x10°®
16 NCK1 3 136371007 136921504 rs1347209 T 0.60 1.03 1.02-1.04 111x10°8
17 MBNL1 3 151845708 152437279 rs892667 A 0.68 1.03 1.02-1.04 1.09%x107®
20 MAP3K13 3 184871143 185405925 rs190301053 A 0.02 0.9 0.86-0.93 2.21x1078
21 UBXN7-PCYTIA... 3 195981308 196483136 rs34547573 A 0.26 0.97 0.95-0.98 4.45x107°
25 RAPGEF2 4 159456526 160107539 rs11100203 A 0.61 1.03 1.02-1.04 3.45x107°
28 CEP120-SNX2 5 122409064 123178965 rs752200 A 0.30 0.96 0.95-0.98 1.23x107°
32 DOK3 5 176732662 177238487 rs28510818 T 0.13 1.07 1.04-1.09 1.85x108
37 RUNX2 6 45157654 45657654 rs2677109 A 0.34 0.97 0.96-0.98 4.06%x10®
39 FAM135A-C6orf57 6 70847590 71347590 rs4707802 T 0.22 1.04  1.02-1.05 1.59x10°®
40 RGS17 6 153114643 153642908 rs7761831 T 0.33 0.97 0.96-0.98 115x1078
4 MAFK 7 1314810 1840443 rs3808335 A 0.43 0.97 0.96-0.98 3.08x10°®
42 PMS2-EIF2AK1 7 5816461 6320856 rs66482438 C 0.22 1.04 1.02-1.05 4.21x107°
45 HDAC9 7 17478001 18248418 rs10282707 T 0.40 0.97 0.96-0.98 8.39x10™
50 DOCK4 7 111330166 111830166 1144867634 T 0.98 11 1.07-114 3.48x10°®
55 RRM2B-ODFT... 8 103325949 103829609 rs2436888 c 073 0.97 0.96-0.98 2.48x107®
57 SLA 8 133814152 134339676 rs1533910 T 0.21 1.04 1.02-1.05 5.23x107°
59 IFNE-IFNA8 9 21146216 21737443 rs10964985 T 0.07 0.94 0.93-0.96 118x107®
60 GNAQ 9 80282374 80968995 rs7038083 A 0.52 0.97 0.96-0.98 2.31x10®
61 SYK 9 93309029 93813884 rs34221447 T 0.22 0.96 0.95-0.98 2.41x10°°
62 FGD3-IPPK... 9 95376730 95876730 rs1022834 A 0.65 1.03 1.02-1.04 4.55x1078
68° GPAM 10 113213315 113713315 rs79672230 A 0.20 1.04 1.02-1.05 4.54x10°®
72 CFL1-EFEMP2... n 65331070 65912985 rs77779142 T 0.16 0.96 0.94-0.97 1.60x107°
75 NINJ2 12 651559 1199141 rs10774462 A 0.68 1.03 1.02-1.05 212x107°®
76 GLS2-ANKRD52 12 56610020 57116962 12657879 A 0.82 0.96 0.95-097 2.44x10™
78 HIPTR-VPS37B... 12 123059475 123600204 rs2061098 T 0.15 096 0.94-0.97 1.76x1078
79 ATP6VOA2-TCTN2... 12 123888346 124496004 rs7302788 T 0.63 0.97 0.96-0.98 2.39x107°
80° MCF2L 13 113422477 113922477 rs57258740 T 0.18 1.04 1.03-1.05 4.89x107®
85 RASGRP1 15 38584033 39100330 rs7173565 T 0.70 0.97 0.96-0.98 1.22x107°
86 PLCB2 15 40334164 40839460 rs2305650 CcC 076 0.97 0.96-0.98 4.48x10°®
90° GLCE 15 69323077 69823077 rs80343442 T 0.97 0.91 0.88-0.94 3.56x10
92° MCTP2 15 94552545 95052545 rs6497185 A 0.73 0.97 0.95-0.98 3.92x10°®
94 GGA2 16 23153510 23898353 rs2106454 A 0.77 1.04 1.03-1.05 1.06x107°
98 PMFBP1 16 71903125 72457315 rs72791115 T 0.82 1.04 1.03-1.06 115x1078
101 C160rf95 16 86972153 87508088 rs4843559 A 0.58 1.04  1.03-1.05 7.02x10™
1042 MNT-SGSM2... 17 2052387 2552387 rs1381247 T 0.64 1.03 1.02-1.05 2.92x107®
ns? AC104532.2-VMAC 19 5658969 6158969 rs10404195 A 0.14 0.95 0.94-0.97 2.95x1078
14 DNM2-KEAP1 19 10587677 11103296 rs892086 A 0.58 1.03 1.02-1.04 1.55%x107®
15 LRRC25-SSBP4... 19 18260925 18862257 11985157 T 0.58 0.97 0.96-0.98 111x10™
16 YJEFN3-GATAD2A... 19 19124061 19907500 12163804 A 0.18 1.04  1.03-1.06 6.90x10™"
7 CEP89-CEBPA 19 33010762 33754259 rs11665689 A 0.35 0.95 0.94-0.96 7.41x107®
18 AXL 19 41484560 41990895 rs12979764 T 0.54 1.03 1.02-1.04 7.47x10°°
124 SMOX 20 3889757 4397075 rs13040038 A 0.44 0.97 0.96-0.98 769x107°
125 UBE2V1-SPATA2 20 48328385 48840965 rs113558364 A 072 0.96 0.95-0.98 7.47x107°

Novel significant loci (P<5x107®) identified across the multi-ancestry and EUR-only meta-analyses. Further information for all known and novel loci is available in Supplementary Data 2.
Association statistics were derived from a fixed-effects, inverse-variance-weighted meta-analysis (METAL) of per-cohort genome-wide association tests; P values are two-sided and unadjusted,
with genome-wide significance (P<5x107®) used to correct for multiple testing. A1, tested allele; 95% Cl, 95% confidence interval around the OR. Loci with more than two effector genes list the
first two followed by an ellipsis. *Loci significant only in the EUR-only meta-analysis.
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association. The HIPIR and MBNL1loci have been previously associated
with Parkinson’s disease?, but colocalization analysis suggested that
theselociare unlikely to be driven by shared causal variants across AD
and Parkinson’s disease (Supplementary Data12). The UBE2VI-SPATA2
locus hasbeen previously identified as a shared locus between amyo-
trophiclateral sclerosis and frontotemporal dementia®. We identified
anominally significant positive local genetic correlation between AD
and amyotrophic lateral sclerosis at this locus (r,= 0.47, P=0.006;
Supplementary Data 12). Excluding cohorts that defined AD based
onlICD code FO3 (unspecified dementia), which are the same cohorts
that also screened controls for other neurodegenerative disorders,
did not change this result (Supplementary Note 8). Colocalization
analysisindicated that thislocus was driven by ashared causal variant
(PP.H4 = 0.95), with the lead SNP (rs113558364) being the most likely
shared variant (Supplementary Note 9). This suggests that this may
be a shared locus for multiple neurodegenerative diseases. UBE2V1
encodes a ubiquitin-conjugating enzyme and has been suggested to
regulate protein aggregation®?°, and SPATA2 is a part of a signalling
network that regulates apoptosis®. Both of these processes are rel-
evant to multiple neurodegenerative diseases, and there is evidence
in this study for both of these genes as potential effector genes (Sup-
plementary Note 9).

Among known loci, we identified that the GBAI locus was shared
between AD and Parkinson’s disease, and the TMEM163locus had oppo-
site effects driven by distinct variants in AD and Parkinson’s disease,
and probably mediated through different cell types (Supplementary
Note 9). Overall, this analysis highlights seven loci (HDAC9, C160rf95,
HIPIR, MBNL1, UBE2V1-SPATA2, GBAI and TMEM163) that may be
involved in fundamental processes leading to neurodegeneration.

Immune, lipid and amyloid pathways

We performed gene set enrichment analyses using MAGMA to highlight
biological mechanisms relevant to AD. We identified 72 significant
MSigDB and SynGO gene sets at a false discovery rate of 5% (Benjamini-
Hochberg; Supplementary Note 10 and Supplementary Data13). After
clustering these gene sets (Methods), 13 clusters of more than one gene
set wereidentified. These clusters reflected four biological processes
identified in previous GWAS*>*: lipid binding, immune activation,
amyloid catabolism and cell adhesion. The immune activation and amy-
loid catabolism gene sets were still significant when we repeated the
analysis using ameta-analysis of cohorts notincluded in the previous
meta-analyses (Supplementary Note 10 and Supplementary Data13).In
addition to the clusters, 21 gene sets were independent from any other
gene set. These gene sets highlighted five biological processes that
have been connected to AD pathology but not through GWAS gene set
analysis: EphrinB reverse signalling®, glutathione metabolism*®, RAS
signalling®*, sphingolipid metabolism* and synapse endocytosis*®.
EphrinB has been suggested to influence amyloid-f toxicity*?; glu-
tathione metabolisminfluences oxidative stress, which has been linked
to AD*; RAS signalling regulates blood pressure and fluid balance and
hasbeen linked to multiple aspects of AD*; sphingolipid metabolism
has been linked to AD through regulation of cell death®; and synapse
endocytosis has been shown to be impaired in AD*. Overall, we have
highlighted multiple pathways thatinfluence AD development through
arange of biological mechanisms.

Enrichment in microgliaand neurons

We aimed to identify cell types relevant to AD by examining the asso-
ciation between cell-type-specific gene expression and GWAS signal.
Using gene expression datain healthy controls, we identified a signifi-
cant positive association between overexpressionin microgliaand the
GWAS gene association (Supplementary Fig. 7 and Supplementary
Data 14). This suggests that these genes are preferentially active in
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microglia compared with other brain cell types, implicating the role
of microgliain AD. This finding was in line with our previous GWAS
of AD*. The association was robust to the removal of chromosome 19
and the proxy phenotype data (Supplementary Data 14). On the basis
of this finding, we also performed gene set analysis to identify specific
microglial states associated with the AD GWAS signal. Although no state
was significantly associated with AD, inflammatory states showed the
strongest association (Supplementary Fig. 7, Supplementary Note 11
and Supplementary Data15).

Next, we used cell-type-specific differential gene expression between
AD cases and controls® foraMAGMA gene property analysis. We tested
whether there was anassociation between the GWAS gene association
and differential expressionin a cell type. We identified a significant
association between differential upregulation of genes in microglia
and the AD GWAS signal. We also identified a significant association
with differential downregulation of genes in two types of GABAergic
neurons (small neuropeptide (Sncg)-expressing neurons and soma-
tostatin (Sst)-expressing inhibitory interneurons) and one type of
glutamatergic neuron (layer 6 intratelencephalic projection neurons
(L6 IT Car3); Fig. 3 and Supplementary Data 16). The microglia and
neuronal associations were robust to the exclusion of chromosome 19
and proxy data (Supplementary Data16). After correction for the aver-
age differential gene expression across all cell types, the association of
microgliaremained significant (P=1.58 x 107°), whereas the neuronal
associations were rendered only nominally significant (P < 0.05; Sup-
plementary Data 16). This suggests that the associations of Sncg, Sst
and L6 IT Car3 neurons may not be specificand could instead represent
ageneral association withdownregulated genesin neurons. Together,
these results support the known involvement of microgliain AD. In
addition, we found an enrichment of AD GWAS signal in genes under-
expressed in neuronal cell types of AD cases compared with controls.

Cell-type-specific gene prioritization

To support translation of the GWAS results, we prioritized genes that
influence AD through specific biological processes and cell types. We
used colocalization, Mendelian randomization and cell-type enrich-
ment analyses to link genes to individual cell types, then drew on
experimental literature to connect these genes to biological processes
(Supplementary Note 12). Colocalization and Mendelian randomi-
zation indicated that increased astrocytic expression of K/IF21B and
decreased oligodendrocytic expression of MAF may increase AD risk,
implicating aberrant astrocyte activation and reduced myelination,
respectively®®*. The same analyses linked multiple genes to micro-
glial expression, eight of which are relevant in microglial phagocytosis
(INPPSD, SYK, BLNK, HAVCR2, PICALM, AXL, FCERIG and PLCG2)*"™*%,
Amonggenes contributing to the neuronalenrichment, three (ZKSCANI,
APHIB and SPRED2) were nominally underexpressed in neurons and
significantly associated with AD; APH1B encodes part of the y-secretase
complex*¢,and SPRED2 has been implicated in neural repair®. In sum-
mary, we prioritized four biological processes acting through specific
cell types and mediated by a small set of genes, providing targets for
future experimental models.

Polygenic prediction and heritability

We used the meta-analysis results to estimate hsszyliab andimprove
polygenic prediction. We used SBayesRC with the EUR meta-analysis
(excluding proxy cases) and estimated hSZN,,,Iiab at16%(s.e.=0.2%; Fig.4a
and Supplementary Data17). The hSZNP,Iiab estimate for the proxy-case
phenotype was nearly identical. The estimates for the EAS and AFR
meta-analyses were 13% (s.e. = 4%) and 10% (s.e. = 6%), respectively
(Supplementary Data17). The APOE-g4 tagging variant rs429358 alone
contributed 6% in EUR and EAS, but only 2% in AFR. These empirical
results for APOE in EUR closely match theoretical derivations based on
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Fig.3|Cell-type enrichment analysis of differential gene expression data.
MAGMA gene property analysis testing the association between gene-level
association statistics from the multi-ancestry GWAS (maximum effective
sample size 0f 416,493) and cell-type-specific differential expression between
AD cases and controls, taken from Nakatsuka et al.”. Both genes upregulated
inmicrogliaand genes downregulatedin several neuronal subtypesin AD
cases compared with controls are enriched for GWAS signal. Tests are
one-sided, considering only a positive relationship between differential
expressionand AD association. The dashed line marks the Bonferroni-
corrected significance threshold for 42 tests (21 celltypes x 2 directions;

theliability threshold model (Supplementary Note 13). These estimates
were based on a commonly used population prevalence of 5%; when
using apopulation prevalence of 20% (for example, inindividuals older
than 84 years of age?), the hSZNP,Iiab increased to approximately 25% in
EUR (Supplementary Fig. 8). Although the heritability point estimates
differ between the populations for both LDSC and SBayesRC, the error
barsin AFR and EAS ancestry contain the point estimates for all three
populations, preventing conclusions about statistical differences
between populations. Both LDSC and SBayesRC heritability estimates
for AFR were not significantly different from zero, probably because
of reduced power from smaller AFR sample sizes. Despite the larger
AFR samplesizerelative to EAS, AFR populations showed larger stand-
arderrorsunder both methods, probably reflecting the greater genetic
diversity and shorter linkage disequilibrium blocks characteristic of
AFR ancestry populations, whichimpose amore complex correlation
structure that existing linkage disequilibrium reference panels may
incompletely capture. Previous EUR GWAS of AD estimated the hSZNP,Iiab

P<0.05/42).Foreach cell type, only the more significant direction of effect
(upregulation or downregulation) is displayed. After additional correction for
average differential gene expressionacross all cell types, microgliaremained
significant (P=1.58 x 107°), whereas the neuronal associations were only
nominally significant (P < 0.05; Supplementary Data16). Exact Pvalues and
samplesizes are available in Supplementary Data16. Chodl, chondrolectin;
CT, corticothalamic; ET, extratelencephalic; NP, neuropeptide; OPC,
oligodendrocyte precursor cell; Pvalb, parvalbumin; VIP, vasoactive intestinal
peptide.

atapproximately 5%**® using LDSC and a population prevalence of 5%.
Using the EUR case-control meta-analysis, we arrived at a similar esti-
mate of 6% when using LDSC (s.e. =1%; Fig. 4a).

The difference in hSZNP estimates between SBayesRC and LDSC was
further investigated using simulations based on UK Biobank (UKB)
data, mimicking the genetic architecture of AD (Methods). SBayesRC
without annotations (asno annotation effects were simulated) showed
asmall upwards bias when fitting all SNPs as random effects, but pro-
duced unbiased estimates when excluding SNPs in linkage disequilib-
rium with the APOE-¢4 variant (Supplementary Data 18). By contrast,
LDSC estimates were substantially downwards biased, consistent with
the result from the real data analysis. On the basis of the simulation
findings, we conducted real data analysis (as reported above) using
the same strategy, thatis, fitting the APOE-€4 variant as a fixed effect
and all other SNPs outside the APOE linkage disequilibrium block as
random effectsin SBayesRC. On the basis of these results, we conclude
that LDSC severely underestimates the hSZNP,[iab for AD.
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Fig. 4 |Heritability and polygenic prediction of AD. a, Summary-statistics-
based analysis of heritability of AD on the liability scale (hsszyﬁab) using LDSC
and SBayesRC, assuming a population prevalence of 5%. Estimates are based
onthe case-control meta-analyses (excluding proxy cases) of EUR (effective
samplesize 0f329,373), AFR (14,555) and EAS (8,034) ancestry. Points are the
estimate: for LDSC, the regression estimate with jackknife standard error, and
for SBayesRC, the posterior mean across Markov chain Monte Carloiterations
withthe posterior standard deviation asstandard error. The error bars represent
95% Cls derived from these standard errors. Exact estimates are available in
Supplementary Data17.b, Polygenic prediction performance in held-out
clinicaland biobank samples (excluding proxy cases). The base modelincluded
thefirstten principal components, and the model to be evaluated additionally

We compared the predictive performance of amulti-ancestry (EUR,
AFR and EAS) PGS (Methods) to that of a EUR-only PGS. We evaluated
the PGSsin hold-out samples of EUR, AFR and EAS ancestry, as well as
in clinical samples and biobanks (excluding proxy cases; Methods).
We excluded the AMRand SAS ancestries due to admixture, the unavail-
ability of linkage disequilibrium reference panels and small sample
sizes. The multi-PGS achieved a maximum incremental R i, 0f 16.9%
with anaverage of 12.8% in the EUR cohorts. The predictionin the two
clinical samples (14.5% and 16.9%) was higher than in the two biobank
samples (9.8% and 10.1%; Fig. 4b and Supplementary Data 19). A PGS
based only on EUR proxy cases achieved an average Rlizability of 9.6%
(Supplementary Fig. 9). We note the Rlizability values represent point
estimates without empirical standard errors.

The multi-ancestry PGS performed similarly to the EUR PGS in most
cohorts, exceptin the AFR sample of the UKB. This is probably due to
heterogeneous APOE effect sizes across ancestries (Extended Data
Fig. 5). Because the APOE effect size is smallest in the AFR ancestry,
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included the PGS. We computed the incremental R]izability asthedifference
between the models; values are point estimates without empirical standard
errors, sono error barsare shown. Two EUR clinical samples (DemGene, and
GothenburgH70 Birth Cohort Studies and Clinical AD from Sweden) and two
EURDbiobanksamples (TwinGene and UKB) were available for prediction. One
sample (UKB) was available for predictionin AFR ancestry, and one (BioBank
Japan)in EAS ancestry. Sample sizes for each tuning and testing cohort are
giveninSupplementary Data20. We applied aleave-one-cohort-out approach,
inwhich the PGS for each testing cohort was constructed using GWAS summary
statistics thatexcluded that cohort. Exact estimates are available in
Supplementary Data19.

the inclusion of PGSs based on ancestries with larger APOE effects,
particularly the EAS ancestry, negatively affects predictionin the AFR
ancestry. However, we also note that the AFR sample from the UKB was
particularly small (N =550; Supplementary Data 20).

As expected, both PGSs performed worse in non-EUR cohorts. We
note that the majority of the samples in the multi-PGS were of EUR
ancestry. Furthermore, we found that the SBayesRC-based PGS is a
better predictor than the combined APOE-€2 and APOE-€4 counts for
all EUR cohorts (Methods and Extended Data Fig. 6).

When applying the PGS (UKB excluded) to unrelated individuals
65 years of age and older of EUR ancestry in the UKB, we found a sev-
enfoldincreasein case prevalenceinthetop 10% PGS group compared
with the bottom 10% and a threefold increase when comparing the top
10% to the case prevalence of the whole sample (Extended Data Fig. 7
and Supplementary Data 19). This suggests that individuals with high
PGS are at considerably higher risk of developing AD than the general
population. Moreover, we found that the PGS is a better predictor of



AD inthe PGS extremes (top and bottom 10%, area under the curve of
0.74) thanin the fullsample (area under the curve 0f 0.69), as has been
previously observed***°,

In conclusion, when compared with previous studies, we obtained
higher estimates ofhszNP,“aband demonstrated thata PGS derived from
our meta-analysis explains a substantial and larger proportion of this
heritability.

Discussion

We conducted alarge common variant analysis of AD and identified 127
independent loci, of which 48 were new. We applied multiple method-
ologiesto prioritize genesin each locus, many of which were linked to
pathways previously implicated in AD, most notably immune processes,
microglia function and amyloid catabolism.

Our cell-type analyses using RNA sequencing data showed enrich-
mentin microglia, awell-established finding**. However, we also found
that genes overexpressed in microglia and genes underexpressed in
neurons in cases compared with controls were enriched for GWAS
signal, expanding earlier work*. This suggests that AD risk variants
may lead to overexpression of microglia genes and underexpression
of neuronal genes. This is supported by previous transcriptomic and
epigenomic studies that have identified downregulation of neuronal
functions and upregulation of innate immune response as relevant to
AD*2, Of the three types of neurons significantly underexpressing
AD genes in cases (Sncg, Sst and L6 IT Car3), Sncg and Sst neurons
have been previously shownto be vulnerable early oninthe AD disease
process®**, This suggests that the variants associated with AD in this
GWAS may influence gene expressionin vulnerable neuronal subtypes,
leading to neuronal cell death. Among the genes prioritized for the
neuronal enrichment signal, we identified one linked to App process-
ing (APHIB)*¢ and another implicated in post-brain injury repair in
zebrafish (SPRED2)*. It is unclear whether the neuronal enrichment
reflects a primary or secondary disease process.

AD remains a challenging disease to treat. Although new disease-
modifying drugs have recently been approved, their effectiveness
remains a subject of dispute’, and new avenues need to be explored
that go beyond amyloid clearance. Here we highlighted five potential
drug targets among the new genes that we identified. Two of these
(SYK and AXL) are involved in the immune response to amyloid-f3.
Existing treatments targeting these genes have shown promise in AD
mouse models™*, These genes, along with other known AD genes
(BLNK, INPPSD, FCERIG and PLCG2)* and a new gene prioritized in
this study (CEBPA)*, have been suggested to have a role in micro-
glial phagocytosis, a potential therapeutic avenue complementary
to amyloid clearance. In addition, we identified that UBE2VI and
SPATA2 may be relevant to multiple neurodegenerative diseases,
pointing to shared mechanisms of neurodegeneration as therapeutic
targets.

The SBayesRC estimate of hSZNP,"ab(lé%) in EURis substantially higher
than the LDSC estimate (6%). LDSC is downwards biased for AD: the
APOE-g4 variant alone explains 6% of the variance on the liability scale,
and the regression framework of LDSC implicitly assumes a highly
polygenic architecture with normally distributed effect sizes, an
assumption poorly suited to the more oligogenic architecture of AD.
SBayesRC instead models a mixture of effect-size distributions that
accommodates the large-effect APOE locus, and additionally incorpo-
rates functional annotations; we expect this to be the principal reason
for the higher estimate. After excluding SNPs in linkage disequilibrium
with APOE-g4, our SBayesRC estimate was unbiased in simulations,
providing a conservative estimate othZNP’liab under the assumption of
no additional genetic variation in linkage disequilibrium with APOE.
OurPGS achleved anaverageincremental Rllablllty of 13%, which exceeds
the LDSC hSNP liab €Stimate, its theoretical upper Ilmit and further
underscores that LDSC substantially underestimates hSNP liabiNAD.

Our multi-ancestry study encompassed 2.8 million individuals,
including 8,673 cases, 15,005 proxy cases, 105,525 controls and 116,426
proxy controls of non-EUR ancestry. Nonetheless, the proportion of
non-EUR samples was still relatively low, which made the findings
of ancestry-specific effects and the PGS prediction performance in
non-EUR samples less precise. Future studies including more individu-
alsof non-EUR ancestry are essential toimprove equity in AD genomic
research. To accelerate this process, we have made the summary sta-
tistics from our ancestry-specific meta-analyses publicly available, as
well as sex-stratified and phenotype-stratified (case-control versus
proxy) summary statistics, X chromosome summary statistics, and
data excluding the UKB and cohorts included in previous GWAS.

Our study included 74,141 proxy cases (40% of total cases) with the
goal of boosting power, which yielded 32 additional genome-wide
significant loci. The use of proxy cases is particularly valuable for AD,
given its late-onset nature: biobanks predominantly recruit partici-
pants younger than the typical age of AD onset (most cases occur after
65 years of age) but can report parental diagnoses through family
history questionnaires. Although a recent study has suggested that
including such AD proxy cases can introduce some statistical bias,
this appearsto belimited to genetic correlation analyses, particularly
for educational attainment, with no observed effect on locus discov-
ery, whichis our primary aim. The proportion of proxy cases varied
by ancestry: 37% in EUR samples, 63% in AFR, 62% in EAS, 68% in AMR
and 82% in SAS. This disparity reflects differential data accessibility:
non-EUR samples were derived primarily from national biobanks with
family history dataand liberal data access policies, whereas established
clinical networks in Europe facilitated direct case ascertainmentin EUR
populations from hospitals and memory clinics.

Inconclusion, we identified 127 AD risk loci that implicate several new
genes, reveal new molecular and cellular mechanisms with potential
for future drug development, and improve PGS prediction and herit-
ability estimates.
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Methods

Ethics statement

The GWAS meta-analyses used de-identified summary-level data con-
tributed by participating cohorts. Individual-level datawere analysed
for polygenic prediction (DemGene, the Gothenburg H70 Birth Cohort
Studies and Clinical AD from Sweden, TwinGene, UKB and BioBank
Japan) and for the simulation study (UKB), in each case under the data
access approvals of the relevant cohort; UKB datawere accessed under
application nos.16406 and 18177. Ethics approval was obtained by each
cohortthat collected dataand contributed to this study, and the approv-
ing committee for each cohortis presented in Supplementary Methods.
All participants consented to the research, and this research was per-
formed in accordance with all relevant guidelines and regulations.

Quality control of individual-level data

Newly participating cohorts received an analysis plan detailing quality
control, principal component analysis, imputation, phenotype defini-
tions, GWAS models and results formats (Supplementary Methods). In
brief, pre-imputation quality control followed RICOPILI* guidelines,
namely, removal of SNPs with a call rate lower than 0.98, palindromic
SNPs with MAF higher than 0.3, invariant and multi-allelic SNPs, SNPs
with Hardy-Weinberg equilibrium P value in controls smaller than
1x10°%, and SNPs with Hardy-Weinberg equilibrium Pvalue in cases
smaller than1x 10%. Individuals were removed if their call rate was
smaller than 0.98, their inbreeding coefficient was outside the range
of —0.2t0 0.2, or where the genetic sex was not concordant with the
reported sex. We note that many cohorts performed quality control
independently from this analysis plan. Detailed descriptions and diver-
gences are provided in the Supplementary Methods.

Quality control of GWAS summary statistics

Every set of summary statistics underwent a standardized quality
control protocol. Because the majority of summary statistics were
on genomic build 37, we used this as the consensus build. All other
summary statistics on build 38 were lifted to 37 using the snp_modify-
Build() function in the bigsnpr package®. snp_modifyBuild() does
not account for strand changes between genomic builds, which we
manually corrected. We removed SNPs with missing values, indels,
duplicated, multi-allelic or monomorphic SNPs, SNPs with MAF below
0.001, SNPs with nonsense values, palindromic SNPs with MAF larger
than 0.4, SNPs with allele frequency differences larger than 0.2 witha
reference sample, or SNPs with INFO scores below 0.6 for dosage and
0.8 for hardcall data.

Case and control definitions

We applied the following AD definition for most cohorts; however,
there was heterogeneity in how AD was ascertained across studies.
Details on the specific definition used in each cohort are provided in
the Supplementary Methods. AD cases were defined based on ICD-10
codes (G30, FOO* and FO3) or clinical diagnosis. When possible, to
minimize the inclusion of familial (Mendelian) AD cases, individuals
with an age of onset of younger than 40 years of age were excluded. If
age-of-onset data were unavailable, we used age at assessment, pri-
oritizing the earliest visit at which the individual was identified as a
case. Detailed age and sex information can be found in Supplemen-
tary Data 21. Controls (coded as 0) were defined as individuals with
no diagnosis or self-reported history of AD, dementia or mild cogni-
tive impairment (ICD-10: G30, FOO*, FO3 and F06.7), nor any other
neurodegenerative disorders (ICD-10: G20-G26, G31-G32, G35-G37,
G10-G14 and F02). Parental diagnoses were also considered, and indi-
viduals witha parent affected by any of these conditions were excluded
from the study. Wherever possible, we aimed to include at least four
times as many controls as cases in each GWAS to maximize power.
This strategy resulted in several cohorts including controls below the

typical age of onset, which risks misclassifying future cases as controls
and may attenuate statistical power. However, published simulation
work has demonstrated that, at apopulation prevalence of 5%, alarge
set of unscreened controls yields greater power than a smaller set of
screened controls at half the sample size®.

Proxy-case analysis

Individuals with first-degree relatives with AD will, on average, carry half
ofthealleles that affect therisk of AD. As such, genotyped individuals
can be used as proxies for their affected first-degree relatives, even
though they are not affected themselves. In the present study, a par-
ticipant was designated a proxy case (coded as 1) if either their mother
or father was reported to have AD or dementia. If the genotyped indi-
viduals are themselves AD cases, we excluded them from this analysis.
Weranthe GWAS separately inindividuals who reported their mothers
versus their fathers to have AD, and meta-analysed the resulting sum-
mary statistics®. Ifgenotyped individuals reported both their parents
to have AD, one-half were randomly assigned to the paternal, and the
other half to the maternal GWAS. Resulting GWAS effect sizes and
standard errors were multiplied by 2 to correct for proxy status and
transform them to the same scale as the case-control GWAS®’. We found
the proxy GWAS effect sizes after transformation to be well calibrated
(Supplementary Fig.10).

GWAS analysis

AGWASwasrunifatleast 100 cases or 200 proxy cases were available
for analysis. When several ancestries were available, a GWAS was run
separately in each ancestry. In the main analysis, we used the following
regression model correcting for sex, age, principal components (PCs)
and other study-specific covariates:

AD - variant + sex + age + age” + age x sex + PCs,_,, + study
- specific covariates

Inthe sex-stratified analyses, we use the following regression model:

AD1esifemales ~ Variant + age + age® + PCs;_,, + study

- specific covariates

Not all cohorts had the same information available for every indi-
vidual. As such, slightly different models were applied in some cohorts.
Details for each cohort can be found in the Supplementary Methods.

GWAS meta-analysis

We used METAL (v2020-05-05) to run all inverse-variance weighted
fixed-effect meta-analyses. For the main analyses, we first ran
ancestry-stratified and phenotype-stratified (that is, case-control
versus proxy) meta-analyses. Subsequently, we meta-analysed all ances-
tries within the same phenotype definitions. Finally, we meta-analysed
the case—control and proxy summary statistics within and across all
ancestries. After having performed all meta-analyses on unfiltered
summary statistics, the results were filtered for SNPs with at least 60%
of the maximum effective sample size in a given set.

Effective sample size

The effective sample size (N.g) is the size of a balanced case-control
study (ratio1:1) that would yield the same statistical power as the actual
study with animbalanced case-control ratio. Itis calculated as the sum
of N« for each cohort®, where N = — — . For samples with

Ncase  Neontrol

proxy cases, N was further divided by 4 (ref. 60).

FLAMES
We fine-mapped genome-wide significant loci with the PolyFUN
(v1.0.0)2implementation of SuSiE®>. Because of the nature of large
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meta-analyses and the sharing restrictions present on raw genetic
data, the generation of in-sample linkage disequilibrium reference
panels is infeasible. We therefore restricted fine-mapping to a single
causal variant per locus. MAGMA®* scores were generated using the
SNP-wise mean model with an ancestry-matched reference panel from
the UKB and with a reference panel of all individuals included in the
1000 Genomes Project (analysis implemented in FUMA v1.8.3). The
UKB reference panels consisted of random sets 0f 10,000 individuals
of each ancestry in the UKB®. For ancestries with fewer individuals,
all were used. For the multi-ancestry UKB reference panel, 10,000
individuals were selected such that the proportion of each ancestry
matched that of the multi-ancestry GWAS. PoPS (v0.1)% scores were
generated for eachancestry, using their corresponding MAGMA scores
as input. Credible set annotation and effector gene prediction were
performed using FLAMES (v1.1.2). Credible sets were annotated with
the MAGMA and PoPS scores matching the ancestry of the summary
statistics from which the credible set was derived. Genes selected by
FLAMES for each locus were reported from four FLAMES analyses:
multi-ancestry summary statistics using 1000 Genomes and UKB refer-
ence panel, and EUR-only summary statistics using the 1000 Genomes
and UKB reference panel.

Colocalization and Mendelian randomization

Toidentify potential risk genes driven by GWAS signals innon-coding
regions, weimplemented a multi-faceted approach integrating molec-
ular quantitative trait loci (QTL) colocalization analysis and Mendelian
randomization®. First, we defined the boundaries of each GWAS locus
by identifying all SNPsinlinkage disequilibrium (> 0.1) with the lead
GWAS SNP. This linkage disequilibrium analysis was based on the EUR
population from the 1000 Genomes Project phase 3, utilizing LDIink®®,
Next, for each locus, we performed colocalization analysis to assess
whether the GWAS signal shared a causal variant with molecular QTLs
(eQTLsfor gene expression, sQTLs for splicing and pQTLs for protein
abundance). We considered all genes for which QTL association data
were available for the SNPs within the defined locus boundaries. This
analysis was conducted using the coloc R package® under the assump-
tion of asingle causal variant per signal. We leveraged a comprehensive
set of QTL datasets from relevant human brain tissues or cell types®®.,
Following colocalization, we performed two-sample Mendelian rand-
omization to infer a potential causal relationship between the gene’s
expression, splicing or protein level and AD. For each gene that showed
evidence of colocalization, the top associated eQTL, sQTL or pQTL
fromtherespective study was used as the geneticinstrument. Agene
was considered a high-confidence candidate if it met three stringent
criteria: (1) strong evidence of colocalization between the GWAS sig-
nal and the gene’s expression, splicing or protein level, defined as a
posterior probability of a shared signal (PP.H4.abf) of 0.8 or greater;
(2) a statistically significant Mendelian randomization result after
correcting for multiple testing across all genes with PP.H4 > 0.8 (false
discovery rate < 0.05); and (3) the transcription start site of the gene
was located within 500 kb of the lead GWAS SNP. We performed
the same colocalization and Mendelian randomization analyses on
the loci shared with amyotrophic lateral sclerosis and Parkinson’s
disease using summary statistics from van Rheenen et al.** and Nalls
etal.®, respectively.

Common and rare variant GWAS literature search

To identify which loci and genes have been reported in previous lit-
erature, we conducted a literature search of all GWAS of AD listed in
the GWAS Catalog, whichyielded 206 studies (https://www.ebi.ac.uk/
gwas/efotraits/MONDO_0004975; accessed 7 October 2024). We then
filtered these for common variant GWAS where AD was the primary
phenotype, resulting in 49 studies (Supplementary Data 3). Next, we
extracted all significant lead SNPs (P< 5 x 108) reported in these studies
and the genes assigned to them. We defined 250-kb windows around

the lead SNPs and merged overlapping windows into single loci. This
yielded afinal set of 174 non-overlapping lociidentified in previous AD
GWAS (Supplementary Data 3). We were also interested in whether our
commonvariant GWAS implicated the same genes as previousrare vari-
antstudies of AD. We created alist of rare variant studies of AD (largely
based on two reviews®?**). We identified 32 studies that highlighted
25genes (Supplementary Data4).

Drug-gene interaction analysis

Toinvestigate the potential translational relevance of genes prioritized
in our AD GWAS, we performed a systematic drug-gene interaction
analysis using the Drug-Gene Interaction Database (DGIdb; ref = 82)%,
acurated compendiumofiinteractions collated from multiple evidence
sources. Theinput comprised prioritized effector genes derived from
our genetic and post-GWAS annotation pipeline. These genes were
queried against DGIdb to retrieve all reported drug-gene interaction
pairs, yielding aninitial set of 1,525 interactions.

To focus on interactions of potential therapeutic significance, we
applied the following criteria. First, we retained only drugs with docu-
mented approval by major regulatory agencies, specifically the US Food
and Drug Administration or the European Medicines Agency; approval
status was taken from DGIdb annotations and cross-referenced with
authoritative regulatory records. Second, we filtered on DGIdb’sinter-
action confidence metric, retaining pairs withaninteraction score > 0.1
toexcludelow-confidence associations while preserving interactions
supported by at least minimal evidence. The final curated set comprised
220 approved drug-gene interactions (Supplementary Data 11), rep-
resenting drugs with established regulatory status and evidence for
interaction with prioritized AD-implicated genes.

Forinterpretative context, drugs in the curated set were assigned to
broad mechanistic categories reflecting their primary mode of action
or their relevance to biological processes implicated in AD (for exam-
ple, cholinergic signalling, amyloid homeostasis, lipid metabolism,
vascular regulation and neuroinflammation) based on documented
mechanism-of-actioninformation and iterature review. Fullinteraction
resultsand drug categorizations are provided in Supplementary Data1l.

Polygenic prediction using SBayesRC
SBayesRC® is a Bayesian hierarchical mixture model for polygenic
prediction, jointly fitting genome-wide SNPs and incorporating
various functional genomic annotations into the estimation of SNP
effects. We applied SBayesRC to GWAS summary statistics of AD from
differentancestry groups, along with linkage disequilibrium matrices
derived from reference samples of the same ancestry in the UKB®,
and 96 functional annotations from the BaselineLD model (v2.2)%.
These annotations include evolutionary conservation, functional roles
of DNA sequence (for example, coding, promoters and enhancers),
and linkage disequilibrium or MAF-related features. In SBayesRC, the
annotationsinform the probabilities that a SNP has zero, small or large
effects, with both annotation and SNP effects estimated using Markov
chain Monte Carlo (MCMC). We ran SBayesRC using 4 independent
MCMC chains, each with 5,000 iterations, discarding the first 3,000
asburn-in. The SNP effect estimates were obtained as posterior means
across iterations and chains. As SBayesRC accounts for linkage dis-
equilibrium between SNPs, all SNPs were included in the prediction
equation. For cross-ancestry prediction, we first estimated SNP effects
separately within each ancestry group, then linearly combined the
ancestry-specific effect estimates using a tuning sample from the target
ancestry and finally applied the combined SNP effects to the testing data
(see Supplementary Data 20 for the tuning and testing sample sizes).
We computed PGSs based on the SBayesRC posterior means using
PLINK1.9 (version Linux 64-bit 6 June 2021; command ‘--score <variant
ID column> <effect allele column> <posterior mean beta>sum center’).
To evaluate prediction, we used the coefficient of determination on
theliability scale (R]izabi]ity)‘ We converted the R? from the observed scale
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to the liability scale based on the transformation introduced in Lee
et al.®8 The base model included the first ten principal components,
and the model to be evaluated additionally included the PGS. We com-
puted the incremental Rlizabmty as the difference between the models.
Note that we did not include other covariates, such as age and sex, in
the PGS analyses because doing so canlead to collider bias and reduce
power in ascertained samples®?° (the case ratio in the clinical samples
was up to 43%).

We evaluated the PGSs in five cohorts: DemGene, Gothenburg H70
Birth CohortStudies and Clinical AD from Sweden, TwinGene, UKB and
BioBank Japan. DemGene and Gothenburg H70 Birth Cohort Studies
and Clinical AD from Sweden are clinical samples, where AD status was
ascertained inmemory clinics inNorway and Sweden. TwinGene, UKB
and BioBank Japan are biobanks with limited phenotypic appraisal.
Asixth cohortavailable for prediction, STSA, was excluded because it
did not clearly fall into either the clinical or biobank category, repre-
senting a mixture of both. We applied aleave-one-cohort-out approach,
inwhich the PGS for each testing cohort was constructed using GWAS
summary statistics that excluded that cohort. More details for each
cohort canbe found in the Supplementary Methods.

We compared the prediction of the PGS to APOE counts. APOE-g4 dos-
ageisfully determined by the count ofthe T allele at SNP19:45411941:C:T
(rs429358). Similarly, the number of T alleles at SNP 19:45412079:C:T
(rs7412) determines the dosage of APOE-£2. We included both counts
as predictorsin aregression.

SNP-based heritability estimation using SBayesRC

Besides SNP effects, SBayesRC provides estimates of genetic architec-
ture parameters, including SNP-based heritability (hSZNP). To estimate
h52NP on the liability scale, we first converted GWAS marginal effects
obtained from logistic regression (b,.g;) to the liability scale using
b= bogi ¥ Kx (1= K)/z, where K is the population lifetime prevalence
(sett00.05),and z = dnorm(qnorm(K)). Given the allele frequency (p)
inthelinkage disequilibrium reference samples, we estimated the sam-
ple size on the liability scale by n,= (1-2p(1 - p) x b,z)/(Zp(l -p) xse?

for each SNP. We then ran SBayesRC using b, n,and p as input. The
SNP-based heritability (hgp) on the liability scale was calculated in
each MCMC iteration as f’'Rf3, where S is the vector of sampled SNP
effectsand Ris thelinkage disequilibrium correlation matrix. As shown
in the simulation study, a small inflation in the s, estimation could
occur whenincluding SNPsin linkage disequilibrium with the APOE-€4
tagging SNP (rs429358), probably due to a combination of the large
effect of the APOE-¢4 allele and the imperfect approximation of linkage
disequilibrium correlation to the correlation between logistic regres-
sion coefficient estimates. To avoid the potential inflation, we therefore
fit rs429358 as a fixed effect and all other SNPs as random, excluding
SNPs in the same linkage disequilibrium block of rs429358 from the
model. Linkage disequilibriumblocks were defined based on the quasi-
independent linkage disequilibrium blocks in the human genome®,
merging small blocks to have a minimum size of 2 cM. We estimated
the total hgyp, fixed-effect hgyp and random-effect hgyp. The posterior
mean across MCMC iterations was reported as the estimate ofhssz,
andthe posterior standard error was calculated as the standard devia-
tion of the MCMC samples. To assess convergence, we computed the
potential scale reduction factor®* based on four independent chains.

Simulation based on UKB data

To investigate the difference in hszNP estimate between LDSC and
SBayesRC, we simulated a phenotype whose genetic architecture mir-
rors that of AD and controls in 348,494 unrelated participants of the
European ancestry in the UKB with a disease prevalence of 5% (that s,
17,424 cases and 331,070 controls) and an hSZNP of 12% withthe APOE-€4
tagging SNP (rs429358) accounting for 6% ofthehSZNPand another1,000
SNPs randomly selected across the autosomes for the other 6% of the
henp- Under the additive model, individual liabilities were computed

as the sum of allelic effects across all causal variants, plus Gaussian
noise scaled to achieve the target heritability. The 5% of individuals
with the highest liabilities were classified as cases. Simulations were
replicated five times using the GCTA software (v1.95.1)”>. GWAS were
performed on the simulated binary phenotype using logistic regression
implemented in PLINK2 (ref. 94). We first converted GWAS marginal
effects and standard errors from logistic regression and sample
sizeto theliability scale using b; = b),giK (1~ K)/z,5€; = 5€,05; K (1= K)/z
andn;=348,494 x z2/(K(1- K)) = 78,040 following Yang et al.”>. Then,
we ran SBayesR to estimate hSZNP of the simulated phenotypes of
the five replicates. We also ran SBayesR by considering the APOE-g4
tagging SNP (rs429358) as fixed effects and skipping SNPs with a link-
age disequilibrium r2 > 0.001 with rs429358 or skipping all variants in
the same linkage disequilibriumblock containing rs429358 while tak-
ing all other variants as random effects. We used 10,000 unrelated
individuals of EUR ancestry in the UKB as a linkage disequilibrium
reference sample, same asin the empirical analysis. For LDSC, we first
estimated hSZNP of the simulated phenotypes using linkage disequilib-
riumscores of the HapMap3 variants; as rs429358 is absent in the Hap-
Map3 linkage disequilibrium scores files, we also ran LDSC using the
full linkage disequilibrium scores (not restricted to the HapMap3
variants) prepared by the pan-UK Biobank Project® (https://pan-dev.
ukbb.broadinstitute.org/).

Global genetic correlation analysis using SBayesRC

We performed sex-stratified SBayesRC analyses and obtained posterior
means of SNP effect sizes. During each MCMCiteration, we computed
the correlationbetween these SNP effects in male and female individu-
als, and estimated the posterior mean and standard deviation of the
global genetic correlation as the mean and standard deviation of these
correlations across all iterations. This approach may underestimate the
true correlation because linkage disequilibrium canlead to different but
correlated SNPs being selected in male and female individuals within
agiveniteration. Thus, the estimated correlation should be regarded
as alower bound of the true global genetic correlation.

Local genetic correlation analysis

We aimed to use local genetic correlations with traits relevant for AD
to help explain the associations of the new loci with AD. We first lifted
over the locus boundaries of the new loci to build GRCh37 from
GRCh38 using the UCSC liftover tool”. Next, we queried the GWAS
Catalog®® (version el14_r2025-05-1) to find neurodegenerative phe-
notypes reported as having an association within the locus. We used
the available summary statistics from EUR ancestry individuals for
these traits for a local genetic correlation analysis with AD using
LAVA®. For each summary statistics file, we removed SNPs with asam-
ple size smaller than 60% of the maximum sample size. For dichoto-
mous disease traits, we used the effective sample size (N.¢) as input
in the summary statistic file, and defined the case and control sample
sizesinthe LAVA info files as . To account for potential sample over-
lap, we supplied the intercepts from cross-trait LDSC'®® to LAVA. We
used the European 1000 Genomes sample as alinkage disequilibrium
reference panel and defined the LAVA locus file based on the GWAS
loci. We only computed local genetic correlations for locus pairs with
sufficient genetic signal. To this end, we applied a h’, threshold of
P<0.05.

Geneset and cell-type analyses

We used MAGMA (v1.10)% to perform gene set enrichmentand cell-type
enrichment analyses. We performed these analyses using the gene-level
associations fromthe FLAMES analysis using the UKB reference panel.
As asensitivity analyses, we also reported the Pvalue of all significant
findings when using the gene-level associations derived from using
the 1000 Genomes data as a reference panel. The gene-level analysis
results used for gene set and cell-type enrichment analyses were the
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same gene-level analysis results (snp-wise = mean) used for gene pri-
oritization (FLAMES).

We performed gene set enrichment analyses for all of the gene sets
included in MSigDB'*! (v2024.1.Hs) C2 (curated), C5 GO (Gene Ontol-
ogy), C7 (immunological) gene setgroups, and the SynG0'*? (v20231201)
gene sets. The MSigDB gene sets were downloaded as gene symbols
and converted to Ensembl gene IDs using BioMart'%’, We excluded gene
sets with fewer than 10 genes; this resulted in a total of 18,782 tested
gene sets. We then selected gene sets based on a false discovery rate
of 5% using the Benjamini-Hochberg procedure. As a sensitivity anal-
ysis for the effect of APOE, we performed the gene set analysis with the
whole of chromosome 19 excluded. We performed pairwise conditional
analysis with MAGMA to calculate how much of each association could

. ~10g10(Pmarginal) ~ ~10810(Pronditi
be explained by the other gene sets ~'°810margina) ~ 10810Feonditioned)
. . . L. _IOgIO(Pmarginal)
This proportion of explained association was then used to cluster

the gene setsby edge betweenness (cluster_edge_betweennessintheR
packageigraph'®*). Only connections between gene setsin which more
than 30% of the marginal association was explained by the other gene
setwereincludedinthe clustering. Clusters of gene sets were assigned
namesbased on the function of the gene sets that make up the cluster.

We performed MAGMA gene property analysis using FUMA (v1.7)'%
to highlight cell types relevant to AD. We tested whether the gene
expression pattern of a cell type was significantly correlated with
the association of the genes with AD. This regression model included
the average gene expression for that tissue as a covariate. The asso-
ciation test was one-sided, only considering a positive relationship
betweengene expressionand AD association. We tested this across four
brain datasets: Siletti et al.'° hippocampus (datasets 59-69 level 2);
Allen Human Brain Atlas!”’ (Allen_human_MTG level2); GSE168408
human prefrontal cortex'®® (GSE168408_human_prefrontal_cortex_
level2_adult); and PsychENCODE' (PsychENCODE _adult). We per-
formed the full three-step procedure outlined by FUMA to identify
celltypes associated with AD after conditioning on associations within
and between datasets. We selected significant cell typesinstep1using
Bonferroni correction for 337 cell-type dataset pairs. As a sensitivity
analysis for the effect of APOE, we performed gene property analysis
excluding the whole of chromosome 19.

We also used MAGMA gene property analysis to highlight cell types
where differentially expressed genes across AD cases and controls were
enriched for AD GWAS signal. We extracted gene differential expression
Pvalues per cell type from Nakatsuka et al.” (SumRank upregulation
and downregulation from supplementary data 3 of that study). We
used the —log,,(P) of the differential upregulation and downregula-
tionanalyses from each cell type as the gene property for the MAGMA
gene property analysis. As with the FUMA cell-type analysis, we tested
whether more significant differential expression was associated with
increased association in the AD GWAS. As a sensitivity analysis, we
included the average association of each gene across all cell types as
a covariate. Differential expression P values of O were converted to
1x107 to avoid infinite values of —log,,(P). The differential expres-
sion Pvalues were originally calculated with permutations leading
to some values being capped at 0, so 1 x10™° was chosen as a Pvalue
small enough to be beyond the calculation of the permutations but
close tothe boundary. Gene symbols were converted to Ensembl gene
ID using BioMart'®, As a sensitivity analysis for the effect of APOE, we
performed the gene property analysis with the whole of chromosome
19 excluded.

We performed MAGMA gene set enrichment analyses to determine
whether genes linked to specific microglia states were enriched for
AD GWAS association. We extracted the gene sets that were used to
define the 12 microglial states from Sun et al."° (extracted from sup-
plementary data 2 of that study). Again, we removed chromosome 19
as a sensitivity analysis. Gene sets associated with clusters identified
from StringDB analysis of the genes listed in Table1is available in Sup-
plementary Data 22.

METASOFT

To assess whether effect sizes were heterogeneous across ancestries,
weapplied METASOFT (v2.0.1)™ to genome-wide significant lociiden-
tified in the primary meta-analysis. METASOFT is a random-effects
meta-analysis framework specifically designed to detect and quan-
tify heterogeneity in genetic associations across multiple studies or
populations. Unlike fixed-effects approaches that assume asingle true
effect size shared across all studies, METASOFT’s RE2 (random effects)
model allows effect sizes to vary across populations and explicitly
models this between-study heterogeneity using arandom-effects vari-
ance component (r2). The RE2 model estimates the probability thatan
effect exists in each individual study while simultaneously testing for
overall association across all studies, making it particularly well-suited
for identifying ancestry-specific or population-stratified genetic
effects.

Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability

Summary statistics are available for download (https://cncr.nl/research/
summary_statistics/). This includes the multi-ancestry meta-analysis
and ancestry-specific meta-analyses (EUR, AFR, EAS, AMR and SAS),
each additionally stratified by sex (male, female) and by phenotype
definition (case-control, proxy), as well as X chromosome summary
statistics, versions excluding the UKB and a meta-analysis restricted
to cohorts notincluded in previous AD GWAS. All summary statistics
exclude data from the 23andMe Research Institute. The majority of
individual-level genotype and phenotype data analysed in this study
cannot be made publicly available, as they are governed by the con-
sent, data protection and data transfer agreements of the contributing
cohorts. Access to individual-level data must be requested directly
from each cohort; details for each cohort are provided in the Supple-
mentary Methods. This study used the following publicly available
resources: DGIdb v5.0 (https://dgidb.org/); FUMAv1.8.3 (https://fuma.
ctglab.nl/); the GWAS Catalog (https://www.ebi.ac.uk/gwas/efotraits/
MONDO_0004975, accessed 7 October 2024); MSigDB v2024.1.Hs
(https://www.gsea-msigdb.org/gsea/msigdb); SynGO v20231201
(https://www.syngoportal.org/); the BaselineLD model v2.2; 1000
Genomes Project phase 3; HapMap3 and pan-UKB linkage disequilib-
riumscores (https://pan-dev.ukbb.broadinstitute.org/); and Ensembl
BioMart. Cell-type expression data were obtained from Siletti et al.'%,
the Allen Human Brain Atlas, GSE168408 and PsychENCODE; differen-
tial expression data from Nakatsuka et al.’’; and microglial state gene
sets from Sun et al."®. Summary statistics for amyotrophic lateral scle-
rosis and Parkinson’s disease were obtained from van Rheenen et al.**
and Nalls et al.?, respectively. UKB data were accessed under applica-
tion nos. 16406 and 18177. Forest plots for each locus are available on
Zenodo’ (https://doi.org/10.5281/zenod0.22791372).

Code availability

Analysis code can be downloaded on GitHub (https://github.com/euf-
felmann/paper-pgc_alzheimers) and Zenodo’ (https://doi.org/10.5281/
zenodo.22791372).
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Extended DataFig.1|Effectivesamplesizes and the publicly released
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Extended DataFig. 3 | Miami plot of the sex-stratified GWAS. Association
results for female (top) and male (bottom) participants, plotted back-to-back.
For each SNP, chromosomal positionis shown on the x-axis and strength of
associationas -log,,(p) on the y-axis; the dashed line marks genome-wide
significance (p=5x107%). The y-axis is capped at 30, truncating the APOE peak
onchromosome 19.
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APOE-e4-tagging variant rs429358 (chr19:45411941, C/T) in the case-control, the expectedincreasein Alzheimer’s diseaserisk conferred by €4.
proxy and combined meta-analyses, shown separately for East Asian (EAS),
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Extended DataFig. 6 | Predicting AD using SBayesRC-based Polygenic
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predictors (PGS, apor, APOE €2 + e4 counts, PGSy, and APOEe2 + e4 +

PGS eyc1.ar0r) across five cohorts (DemGene, Gothenburg, UK Biobank, TwinGene,
STSA).The base modelincluded the first 10 principal components, and the
modeltobe evaluated additionally included the predictor. We computed the

incremental R 7,y as the difference between the models. We applied aleave-one-
cohort-outapproach, in which the PGS for each testing cohort was constructed
using GWAS summary statistics that excluded that cohort. For PGS, apor), W€
excluded all variants within 5 Mb up- and downstream of position 19:45411941
onhg37(al0 Mbwindow).
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Extended DataFig.7|Case prevalence across PGS percentile binsin the UK
Biobank. Alzheimer’s disease case prevalence within polygenic score (PGS)
percentile bins (deciles, plus the top and bottom 1%), in unrelated individuals of
EURancestry aged 65 and older in the UK Biobank (UKB). Bars compare the full

PGS (Full) withascore excluding the APOE region (noAPOE); the grey bar shows
the whole-sample prevalence and the dashed line marks that baseline. The PGS
model did notinclude UKB data. For noAPOE, we excluded all variants within
5Mb up-and downstream of position19:45411941on hg37 (a10 Mb window).
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Data collection  Individual level data was collected in plink format and further processed using plink v1.9.

Data analysis plink v1.9 and v2 were used to analyse individual level data.
MAGMA v1.10 was used for gene and gene set analyses
UCSC liftover was used to lift data between builds
metal version 2020-05-05 was used to meta-analyse data
SBayesRC was used for PRS analysis
coloc 6.0.0 was used for colocalisation analysis
LAVA v0.1.5 was used for local genetic correlation analyses
Custom code for data analysis is available in https://github.com/euffelmann/paper-pgc_alzheimers
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summary statistics. Sex was determined based on the number of X and Y chromosomes.

Reporting on race, ethnicity, or The data included multiple ancestry groups. Individuals were assigned to an ancestry group based on similarity to ancestral

other socially relevant continental populations in the 1000 Genomes reference panel. GWAS were performed within ancestry group and within
groupings ancestry principal components were used in those analyses.
Population characteristics The participants included in these datasets were mostly older than 50 and included individuals with and without an

Alzheimer's disease diagnosis.

Recruitment Participants were recruited through biobanks and hospitals. Selection through biobanks may bias these datasets towards
healthier individuals. Proxy case status was defined based on reporting of parental illness which may impact the accuracy of
diagnosis

Ethics oversight Ethical approval was granted to the individual cohorts during data collection. Descriptions are present in the Supplementary
Note.

HUNT: The current study is approved by the Regional Committee for Medical and Health Research Ethics (ref. 2017/1031).
Estionian Biobanks: Individual-level data analysis in the EstBB was carried out under ethical approval 1.1-12/624 from the
Estonian Committee on Bioethics and Human Research (Estonian Ministry of Social Affairs) using data according to the
release application 6-7/GI/18759 from the Estonian Biobank.

DBDS: DBDS is a nationwide study of ~170,000 blood donors, approved by The Danish Data Protection Agency (P-2019-99)
and the National Committee on Health Research Ethics (NVK-1700407).

CHB: The study was approved by the National Scientific Ethical Committee and the Capital Region Data Protection Office
(H-21058057 and P-2022-392)

DeCODE: Approval for this study was obtained from the National Bioethics Committee and the Icelandic Data Protection
Authority (VSN-19-129).

Lifelines: The Lifelines protocol was approved by the UMCG Medical Ethics Committee under number 2007/152.

UK Biobank: The UKB received ethical approval from the National Research Ethics Service Committee North West-Haydock
(reference 11/NW/0382).

PMBB: The PMBB is approved under IRB protocol# 813913

CCPM: All samples and data were collected under Institutional Review Board (IRB) approved protocol (#15-0461) with
appropriate informed consent from participants.

BioBank Japan: All participants provided written informed consent as approved by the ethical committees of the RIKEN
Center for Integrative Medical Sciences and the Institute of Medical Sciences at the University of Tokyo.

DemGene: The current study was approved by REC# 2014/631

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Sample size The sample sizes were calculated by adding the number of cases and controls in each dataset together. This sample size is more than double
the previous GWAS meta-analyses of AD and were sufficient to identify novel associations.
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Data exclusions  Individuals too young to present with Alzheimer's disease were removed to prevent errors in case status. Individuals that did not fit into one
of the 1000 genomes ancestral populations were removed to prevent population stratification.

Replication The replicability of findings were assessed across cohorts by examining the contribution of each dataset for each lead variant identified in the
meta-analysis.

Randomization  Samples were assigned as cases and controls based on Alzheimer's disease diagnoses. Covariates were included in the regressions; including
age, sex, and principal components.

Blinding Blinding was not relevant to this study because it was an observational study where participants were not assigned to groups by the
researchers.
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plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor
was applied.

Authentication Describe-any-authentication procedures for-each seed stock tised-or novel-genotype generated. Describe-anyexperiments-used-to
assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.
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