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Fig. 5 | Four mQTL colocalize with CAA on APOC2. Using the same Bayesian 
colocalization analysis approach from Fig. 4 (coloc 5.2.2 R package72), we 
tested for colocalization between CAA and methylation sites using existing 
data from ROSMAP. a, Lead SNP rs7247551, near APOC2, reached genome-wide 
significance with CAA. b,d,f,h, The rs7247551 was also significantly associated 
with four mQTL. b–i, cg04401876 (PrC = 96%; b,c), cg10169327 (PrC = 96%; d,e), 
cg13119609 (PrC = 99%; f,g) and cg09555818 (PrC = 97%; h,i) all colocalized 
with CAA. a, b, d, f and h show regional LocusZoom73 plots for each trait. c, e, g 
and i compare −log10(P) values between each trait compared to CAA −log10(P) 
values across the APOC2 rs7247551 locus. Variants in LD with the lead variant 
(purple diamond in a–i) are shaded in a–i according to the color legend on the 
left-hand side of a. j, Plots of normalized methylation level versus CAA pathology 
severity. Hypomethylation at cg09555818 (OR = 0.82, P = 0.003) and cg13119609 
(OR = 0.78, P = 0.0006) were significantly associated with more severe CAA 

pathology. Unless otherwise specified, for all boxplots, boxes outline the first 
quartile, median and third quartile. Whiskers extend up to 1.5× the distance 
between the first and third quartiles. k, Both cg09555818 (P = 0.0063; k) and 
cg13119609 (P = 0.0069; not shown) were significantly associated with APOC2 
expression. l,m, The rs7247551 G allele was significantly associated with increased 
APOC2 expression in the frontal cortex in ROSMAP (β = 0.072, P = 0.00013; l); 
however, the direction of effect was opposite of that found in brain tissues in GTEx 
(P = 7.2 × 10−7; m). n,o, The rs7247551 was not associated with APOE (P = 0.81; n) 
or APOC2 (P = 0.89; o) expression in frontal cortex in ROSMAP. p, APOC2 is highly 
expressed, especially in microglia and oligodendrocytes. Columns represent 
mean FPKM. Error bars indicate the s.e. of measurement for each cell type based 
on the number of human samples sequenced for each type (fetal astrocytes, n = 6; 
mature astrocytes, n = 12; neurons, n = 1; oligodendrocytes, n = 5; endothelial, 
n = 2 and microglia, n = 3). expr., expression; norm., normalized.
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One locus on chr13q34 with lead variant rs2000660 located 
12 kbp upstream of COL4A1 was significantly associated with ath-
erosclerosis in the circle of Willis. Previous research found that the 
COL4A1/COL4A2 locus is associated with numerous vascular disease 
phenotypes, including peripheral artery disease, coronary artery dis-
ease, stroke, arteriolar stiffness, rare familial cerebrovascular diseases 
and stroke65–67 In a recent GWAS, rs2000660 was a lead risk variant for 
migraines68. The relevance of the COL4A1 locus to cerebral vascular 
traits is thus highly supported by previous research, and the biological 
role of collagen IV in vascular disease is possibly related to the disrup-
tion of the extracellular matrix65. COL4A1 is preferentially expressed 
in astrocytes and endothelial cells and codes for a component of col-
lagen IV, an important component of basal lamina. Endothelial cells are 
strongly implicated in atherosclerosis, and in recent years, researchers 
have suggested that astrocytes may also be directly involved in cer-
ebrovascular disease69. The rs2000660 was not nominally associated 
with any other vascular NPE in our study, and a previous GWAS of circle 
of Willis atherosclerosis using ROSMAP participants did not identify 
the COL4A1 as a risk locus24. The rs650724, a variant in high LD with 
rs2000660 (r2 = 0.84), is a synonymous coding variant (p.Ser1600Ser 
in ENST00000375820.10; p.Ser319Ser in ENST00000650424.1) within 
COL4A1. The rs2000660 is also located within an enhancer for COL4A1, 
presenting possible molecular functional mechanisms driving asso-
ciation in this locus.

An intronic variant within PIK3R5 (rs72844606; chr17p13) was 
associated with the Braak NFT stage. PIK3R5 codes for a phosphati-
dylinositol 3-kinase involved in cell growth, motility and survival. There 
is previous research suggesting that PIK3R5 is more highly expressed 
in aged adults with Braak NFT stages V and VI versus nondemented 
controls70. PIK3R5 is expressed preferentially in microglial cells in 
humans35, suggesting that its association with neurofibrillary pathol-
ogy may be immune-mediated.

One new intronic locus in LZTS1 was found to be protective against 
brain arteriolosclerosis. The relatively modest literature regarding 
LZTS1 has focused mostly on cancers; however, LZTS1 is primarily 
expressed in endothelial cells and astrocytes, cell types relevant to 
vascular function and dysfunction. One paper suggests that LZTS1 is 
involved in neuronal delamination and development of glial-like cells 
during mammalian neocortical development71, but additional work 
related to LZTS1 and its function in the cerebrovasculature and brain 
parenchyma is needed.

In conclusion, we identified promising new loci associated with 
NPEs and replicated multiple known risk loci for ADRD using NPE-based 
GWAS. Our study demonstrates the importance of studying genetic 
risk factors of NPEs as a complement to studies of clinical and proxy 
phenotypes of LOAD.

Online content
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maries, source data, extended data, supplementary information, 
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Methods
Participants
An overview of our study design is presented in Fig. 1. Each participat-
ing study previously obtained informed consent from participants 
or caregivers for participants with substantial cognitive impairment. 
Parent study protocols were approved by the local institutional review 
boards. This study was approved by the University of Kentucky Office 
of Research Integrity Institutional Review Board.

NACC. The present study used NACC data from 36 National Institute 
on Aging (NIA)-funded Alzheimer’s Disease Research Centers (ADRCs). 
Individual ADRCs use different recruitment strategies and perform 
autopsies on-site, but neuropathology data at each ADRC are collected 
using a standard form (https://files.alz.washington.edu/documenta-
tion/np11-form.pdf) and submitted to NACC where they are aggregated 
and anonymized. The NACC Neuropathology dataset based on the 
first version of this form was originally implemented in 2001 (ref. 30), 
and this analysis uses data from then through the March 2023 freeze. 
Participants were excluded if they did not have autopsy data available 
or if they were noted in the NACC Neuropathology dataset to have at 
least one of 19 conditions that could potentially bias results. These 
conditions include brain tumors, severe head trauma and frontotem-
poral lobar degeneration (see Supplementary Table 6 for the full list 
of variables used for exclusion criteria).

ROSMAP. ROSMAP consists of harmonized data from the following 
two longitudinal cohort studies: the Religious Orders Study (ROS) and 
the Rush Memory and Aging Project (MAP)74. ROS and MAP were both 
approved by the Institutional Review Board of Rush University Medi-
cal Center. All participants signed the Uniform Anatomic Gift Act, as 
well as informed and repository consents. ROS began in 1994 and has 
recruited over 1,500 Catholic priests, nuns and brothers across the 
United States. MAP started in 1997 and has enrolled more than 2,300 
community members in the greater Chicago area of northeastern Illi-
nois. The ROSMAP NP data used in this study were received from Rush 
University Medical Center in January 2020. Using KING 2.2.7 (ref. 75), 
we found that several participants in ROSMAP also had neuropathol-
ogy and genotype data available in NACC. In these cases, records in the 
NACC were preferentially kept.

ACT. The ACT study began in 1994 and recruited residents in the greater 
Seattle area aged 65 years and older without dementia at the time of 
enrollment76–79. The study has expanded to include three cohorts with 
continued enrollment using the original enrollment criteria and has a 
current total of 4,960 participants across all three cohorts. The ACT 
NP data used in this study were obtained from Kaiser Permanente in 
May 2023.

Genotype data and quality control
Genotype data for all cohorts underwent imputation using the 
Trans-Omics for Precision Medicine (TOPMed) Imputation Server 
1.7.3 and the TOPMed reference panel using Minimac 4 (refs. 80–82). 
Postprocessing was performed with BCFtools 1.10.2 (ref. 83) and 
SAMtools 1.10 (ref. 84), PLINK 1.9 and 2.0 (ref. 85), R 4.2.1 and 4.2.2 
(https://cran.r-project.org/), and R packages data.table 1.14.10 (https://
CRAN.R-project.org/package=data.table) and stringi 1.803 (ref. 86). 
The 3.4.2 NACC and ACT raw genotype data were obtained from the Sep-
tember 2020 freeze of the Alzheimer’s Disease Genetics Consortium 
(ADGC) in March 2021 and subsequently imputed. Pre-imputed ROS-
MAP genotype data were received from collaborators in the Hohman 
Lab at Vanderbilt University in December 2021. Genetic variants with 
minor allele frequency (MAF) < 0.1% and imputation quality scores of 
<0.8 were removed before further quality control measures. Due to 
the small sample sizes of participants with substantial non-European 
ancestry (based on proximity to 1000 Genomes ‘EUR’ superpopulation 

cluster in principal component (PC) analysis), especially in replication 
cohorts, these participants were excluded from the analysis. Standard 
GWAS quality control procedures were followed for variant and par-
ticipant inclusion (Supplementary Methods).

Defining and harmonizing NPEs for analysis
In total, we combined and/or harmonized 11 NPEs for analysis across 
the four studies. We note that there are differences in the way that 
some neuropathological data were collected across studies, and our 
strategy for harmonizing was informed by practical considerations 
for maximizing available sample sizes given the available endopheno-
types. Thus, several synthetic NPEs were created by merging existing 
NPEs within a cohort or by harmonizing categorical variables from one 
cohort and continuous variables from another. Hippocampal sclerosis, 
microinfarcts and gross infarcts were recorded as binary case–control 
phenotypes. Arteriosclerosis, atherosclerosis, CAA, CERAD score for 
neuritic plaques, amyloid plaques, LATE-NC and Lewy body pathology 
were recorded as four-stage ordinal variables that either measured pro-
gressive severity of pathology (‘none’ < ‘mild’ < ‘moderate’ < ‘severe’) 
or progressing anatomical distribution of pathology. Braak NFT was 
recorded as a seven-stage ordinal variable that followed the anatomical 
distributional stages originally characterized in ref. 87. We provide a 
deeper description of our harmonization approach in the Supplemen-
tary Methods, and a detailed listing of variables harmonized across data 
sources to construct NPEs for analysis is available in Supplementary 
Table 1.

To assess the co-occurrence of NPEs in our data, we estimated 
polychoric correlations (an approach that assumes that observed 
ordinal or binary variables reflect latent normally distributed vari-
ables) between NPE pairs, followed by hierarchical clustering using the 
polycor 0.8-1 (ref. 88), psych89 and pheatmap 1.0.12 (ref.90) R packages 
(Extended Data Fig. 1).

DNA methylation data
Preprocessed and quality-controlled DNA methylation data for 740 
ROSMAP participants were downloaded from Synapse.org (Synapse 
IDs: syn3157275 and syn3191087). DNA methylation preparation and 
quality control measures have been previously described91,92. Briefly, 
approximately 50 mg of frozen gray matter tissue from the DLPFC was 
sampled from each participant. DNA was then extracted and processed 
using the Illumina Infinium HumanMethylation450 BeadChip. Quality 
control measures included removing low-quality probes, removing 
participants with poor bisulfite-conversion efficiency and adjusting 
methylation levels by age, sex and batch, which adequately controlled 
for batch effects92. Missing methylation levels were imputed using 
100-nearest neighbors91,92.

RNA-seq data
Preprocessed and quality-controlled bulk-tissue RNA-seq data from 
the DLPFC of ROSMAP participants were downloaded from Syn-
apse.org (Synapse IDs: syn21088596, syn21323366, syn3505732 and 
syn3505724). As previously described, samples were prepared by sec-
tioning approximately 100 mg of gray matter tissue from the DLPFC 
and RNA extracted using the Qiagen MiRNeasy Mini (217004) protocol 
and then submitted for transcriptome library construction using the 
dUTP protocol and Illumina sequencing92. A total of 634 participants 
in seven batches were sequenced with an average sequencing depth 
of 50 million paired reads per sample92. Subsequent quality control 
and batch corrections were performed, and the final output of the 
RNA-Seq pipeline was fragments per kilobase of transcript per million 
mapped reads (FPKM)92.

Statistical analyses
Single-variant GWAS. We analyzed ordinal endophenotypes using 
proportional-odds logistic mixed-effects models implemented in the 
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POLMM 0.2.3 (refs. 93,94) and GRAB 0.1.1 R packages93 and analyzed 
binary variables similarly with logistic mixed-effects models imple-
mented in the SAIGE R package95. Fixed-effect covariates included 
age at death, sex, cohort and the first ten genetic PCs created using 
the PCA in Related Samples (PC-AiR) method in the GENESIS 2.26.0 R 
package96. We included a dense genetic relationship matrix (GRM) as 
a random effect to account for relatedness between participants. An 
additive mode of inheritance was assumed in all analyses.

Analysis of individual data sources proceeded in two stages. In 
stage one, GRM was constructed using a pruned set of independent 
variants, defined as having a pairwise r2 < 0.2 within moving windows 
of 15 kbp. Null models, which included fixed covariates and the GRM, 
were then fitted using the GWASTools 1.42.1 (ref. 97), SNPRelate 1.30.1 
(ref. 98), POLMM 0.2.3 (refs. 93,94), GRAB 0.1.1 (refs. 93,94) and/or 
SAIGE 1.1.3 (ref. 95) R packages. In stage two, score tests were performed 
on each variant with a saddle-point approximation used to calculate P 
values. We considered all variants with a P <5 × 10−8 to be genome-wide 
significant. To identify independent risk loci, we clumped results using 
the ‘--clump’ flag in PLINK 1.9 with the pairwise LD threshold set to 
r2 ≤ 0.05 (https://www.cog-genomics.org/plink/1.9/)85. Following analy-
ses of individual cohorts, we performed fixed-effects meta-analyses 
using METAL software using inverse-variance weighting on variants 
with MAF > 1% in each cohort33.

Conditional analysis of the APOE region. The region surrounding the 
APOE gene on chr19 is consistently the single strongest genetic risk 
factor for LOAD in GWAS. Three common forms of the APOE gene—ϵ2, 
ϵ3 and ϵ4—are present in our study populations (see Table 1 for distribu-
tion of APOE alleles in participants), and the ϵ2 and ϵ4 alleles are associ-
ated with lower and higher risk of LOAD, respectively, relative to the  
ϵ3 allele99. We therefore expected that variants in the APOE region, 
defined as the region within 200 kbp from the start and end transcrip-
tion sites of APOE, would be associated with multiple NPEs in our study. 
Moreover, we hypothesized that genetic variants in the APOE region 
may influence neuropathology risk independently of the effects of 
APOE ϵ alleles. To test this hypothesis, we re-analyzed variants in chr19 
while adjusting for APOE ϵ diplotype. We limited re-analysis to endo-
phenotypes with at least one genome-wide significant association 
signal within the APOE locus in the final meta-analysis of the three 
independent GWAS. APOE diplotypes were determined either using 
the rs7412 and rs429358 variants according to the SNPedia online  
ref. 100 or taken directly from study data if available. Both rs7412 and 
rs429358 variants had high imputation quality scores (r2 = 0.997 and 
0.975, respectively). The ϵ3/ϵ3 diplotype was used as a reference, and 
we included fixed-effect indicator variables to adjust for ϵ2/ϵ2, ϵ2/ϵ3, 
ϵ3/ϵ4 and ϵ4/ϵ4 diplotypes. We chose this approach rather than adjust-
ing for counts of ϵ2 and ϵ4 alleles because it is robust to potential 
nonlinear effects of genotypes. We performed additional sensitivity 
analyses for loci identified through this approach (Supplementary 
Information).

Replication of known AD risk loci in NPE. We used the 83 ADRD loci 
presented in a recent large GWAS to investigate whether AD-associated 
loci were associated with NPE6. We restricted our comparison to AD loci 
with lead variants with MAF ≥ 0.01, which excluded three loci, leaving 76 
loci for comparison. LD for variants near the top-known AD-associated 
variants was evaluated using the R package LDLinkR 1.2.3 (ref. 101). We 
controlled the false-discovery rate for each NPE using the Benjamini–
Hochberg procedure102. Variants with an adjusted Q value ≤ 0.05 were 
considered significant.

FUMA and FAVOR annotation, gene-prioritization and functional 
enrichment pipeline. We mapped variants to genes and performed 
subsequent gene and gene-set analyses using the FUMA and FAVOR 
pipelines37,103. Variants were mapped to genes if they had P ≤ 1 × 10−5 

in the GWAS meta-analysis and were located within 10 kbp of a 
protein-coding gene’s transcription start or end sites. Gene-based 
analyses were performed using MAGMA 1.10. The top variant PCs that 
accounted for 99.9% of the variance in a gene’s region were used to test 
for significance using an F test. We considered genes with resulting 
P ≤ 2.5 × 10−6 to be significantly associated with NPE. Gene-set enrich-
ment analyses were performed using MAGMA104 gene-set analysis of 
Gene Ontology and curated gene sets from MSigDB105. Bonferroni P 
value corrections were made for each NPE individually.

Colocalization analyses. We used multiple sources of publicly avail-
able summary statistics from external studies as data sources for Bayes-
ian colocalization analyses. First, we downloaded Genotype-Tissue 
Expression Project (GTEx) v8 European ancestry QTL analysis sum-
mary statistics, which contains summary statistics for significant gene 
expression and splicing QTL variants (eQTL and sQTL, respectively) 
in 48 body tissues106. We also used gene expression and DNA mQTL 
analysis summary statistics from studies using tissue from the DLPFC 
of ROSMAP participants42. These studies examined the associations 
of genetic variants with molecular traits and provided curated lists of 
significant QTL variants. Finally, we downloaded the summary statis-
tics from a recent GWAS of LOAD for a targeted post hoc colocalization 
analysis in TMEM106B and GRN6.

For each NPE outcome in our study, we first created a list of genetic 
variants with P ≤ 1 × 10−5 in the GWAS meta-analysis. We then queried the 
lists of significant QTL variants in GTEx and ROSMAP using R (https://
cran.r-project.org/) and Python 3.8.16 and 3.10.8 (https://www.python.
org/) to identify neuropathology-associated QTL variants. For each 
genetic locus associated with NPEs that had at least one significant QTL in 
either GTEx or ROSMAP, we performed colocalization analysis using the 
‘coloc.abf’ function in the coloc 5.2.2R package39. For ordinal variables, 
we chose dichotomizing cut points to determine case–control propor-
tions. We used coloc’s default prior PrC of PrC = 1 × 10−5 and considered 
a posterior PrC > 80% as a threshold for evidence of colocalization.

To investigate whether shared GWAS signals drive association 
among multiple NPEs, we also performed colocalization analysis on loci 
with variants satisfying P < 1 × 10−4 and concordant effect direction for 
at least two NPEs in the GWAS meta-analysis. Due to the absence of asso-
ciations in the region in APOE-adjusted analyses for NPEs other than 
CAA, we excluded that region for NPE–NPE colocalization analyses.

Association analyses using DLPFC DNA methylation and bulk 
RNA-seq data from ROSMAP. ROSMAP participants had postmortem 
bulk-tissue samples collected from the DLPFC, which underwent DNA 
methylation quantification using the Illumina DNAMethylation450 
chip and gene expression and RNA-seq using the Illumina HiSeq 2000 
(ref. 92). In total, 708 ROSMAP participants had DNA methylation data 
available for analysis. We restricted analyses involving DNA methylation 
or RNA-seq data to NPE-associated loci that reached the genome-wide 
significance threshold in the meta-analysis and also colocalized with 
mQTL or eQTL in brain tissue in either GTEx or ROSMAP.

In our APOE ϵ-adjusted genetic association analysis, one locus near 
APOE remained significantly associated with CAA. This locus colocalized 
with DNA methylation levels at four CpG sites in ROSMAP. To investigate 
whether these CpG sites were in turn associated with CAA pathology, 
we combined individual-level DNA methylation and neuropathological 
data in ROSMAP for analysis. We used cumulative logit models using 
the ‘clm’ function implemented in the R package ordinal 2023.13.12-04 
(ref. 107) with the semi-quantitative CAA variable described above as 
the outcome for analysis. We performed four analyses, with one of each 
of the four CpG sites tested as the independent variable of interest in 
each analysis. We adjusted for age, sex, ROS versus MAP study, 
bisulfite-conversion efficiency, postmortem interval and APOE ϵ diplo-
type in each analysis. Similar models were used to test associations 
between hippocampal sclerosis and LATE-NC and methylation levels at 
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CpG sites cg09613507 and cg23422036. Wald tests were performed on 
the resulting parameter estimates to test for statistical significance. We 
also performed post hoc analyses examining the association between 
these CpG sites and APOC2 expression in ROSMAP.

For genes with significant eQTL in GTEx or ROSMAP that colocal-
ized with NPE, we performed additional targeted analyses to assess the 
association between gene expression and NPE. We first assessed the 
association between NPE lead variants and gene expression in ROSMAP 
to confirm nominal eQTL status. We then performed generalized linear 
regression models between square-root or log-transformed mRNA 
expression and NPE outcomes adjusting for age at death, sex, PMI and 
RNA integrity number.

Plots from these analyses were generated using the R package 
ggplot2 (ref. 108).

Replication of CAA locus using Mayo Clinic neuropathology GWAS. 
We used data from Mayo Clinic Brain Bank participants available from 
ref. 26 study of the genetic risk factors of CAA (dataset heretofore 
referred to as MC-CAA) to attempt to replicate a new CAA locus in the 
present study in an independent sample26. Neuropathology and genetic 
variant data were downloaded from Synapse (Synapse IDs: 
syn10930250, syn21499318, syn21522653 and syn21547862). Eight 
participants were identified as duplicates between batches or with 
NACC participants and removed. While CAA is graded on a four-level 
ordinal scale in the present study, CAA in MC-CAA is graded as an aver-
age of CAA burden across five brain regions26. We therefore used linear 
regression with the outcome variable as sqrt(CAA) with the independ-
ent variable of interest being the number of G alleles of variant 
rs7247551. Covariates included APOE diplotype (ϵ3/ϵ3, ϵ2/ϵ4, ϵ2/ϵ3, ϵ3/ϵ4 
or ϵ4/ϵ4), sex, age at death (truncated at 90 years) and the first three 
genetic PCs.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
Meta-analysis summary statistics for each NPE studied will be 
made available through NIAGADS upon publication at https://dss.
niagads.org/. The authors are unable to share genotype or phe-
notype data from NACC, ADGC, ROSMAP or ACT due to data use 
restrictions. While these data were de-identified for study authors, 
these studies contain identifiable information on participants. 
ROSMAP data can be requested at https://www.radc.rush.edu and 
https://www.synapse.org. ADGC data can be requested from NIA-
GADS at https://www.niagads.org/resources/related-projects/
alzheimers-disease-genetics-consortium-adgc-collection. NACC 
neuropathology data can be requested at https://naccdata.org/. ACT 
data can be requested at https://actagingresearch.org/. Harmonized 
neuropathology data are available through NIAGADS at https://dss.
niagads.org/datasets/ng00067/. The results published here are in 
whole or in part based on data obtained from the AD Knowledge Por-
tal. Raw long-read RNA-seq data generated and used in this manu-
script are publicly available in both Synapse (https://www.synapse.
org/#!Synapse:syn52047893) and NIH SRA (accession: SRP456327). 
Processed long-read RNA-seq data can be easily downloaded or viewed 
at https://ebbertlab.com/brain_rna_isoform_seq.html.

Code availability
All code used for data preparation and analysis is available at  
https://doi.org/10.5281/zenodo.11089995 (ref. 109).
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Extended Data Fig. 1 | Heatmap of the polychoric correlations of 11 
neuropathology endophenotypes. The y-axis (rows) and x-axis (columns) refer 
to the neuropathology endophenotype pairs with the hierarchical clustering 
generated by the polychoric correlations calculation. The red and blue color 
refers to high and low correlations between the neuropathology endophenotype 
pairs. The three positively correlated clusters of endophenotypes that match 

general expectations are highlighted by the black solid lines: a ‘vascular’ cluster 
consisting of gross infarcts, microinfarcts, arteriolosclerosis and atherosclerosis; 
an ‘Alzheimer’s disease’ cluster consisting of Braak NFT stage, neuritic plaques, 
amyloid-beta plaques and CAA; and a ‘LATE’ cluster consisting of LATE-NC and 
HS, respectively.

http://www.nature.com/naturegenetics
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Extended Data Fig. 2 | Quantile–quantile (QQ) plots for the 11 
neuropathology endophenotype. The y-axis refers to the experimental −
log10(P) from two-sided z test of the genome-wide association study (GWAS) 
meta-analysis. The x-axis refers to the theoretical −log10(P) based on percentile. 
Each point represents a single-nucleotide polymorphism (SNP). The line of 
identity (y = x) is shown in a black dashed line, indicating the expected alignment 

under the null hypothesis. Deviations from this line suggest possible inflation 
due to population structure or polygenic effects. The genomic inflation factor 
lambda (λ) is calculated for each phenotype indicating minimal inflation of test 
statistics. The λ estimates ranged from 0.9907 to 1.0094, and visual inspection of 
the QQ plots did not suggest any systematic bias in the data.
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Extended Data Fig. 3 | Forest plots of associations between CAA and lead 
variant (rs7247551) on chromosome 19 stratified by study and APOE ϵ 
diplotype. For each of the data sources (NACC n = 5,927, ROSMAP n = 1,172 and 
ACT n = 677), we re-analyzed the association between CAA and lead variant 
rs7247551 from the meta-analysis while stratifying by APOE ϵ diplotype and 
visually compared effect sizes across groups. Due to low sample sizes preventing 

model convergence, APOE ϵ4 carriers (diplotypes ϵ2/ϵ4, ϵ3/ϵ4, ϵ4/ϵ4) were 
merged in analyses for ROSMAP and ACT. Points along the x-axis represent the 
estimated odds ratios, and error bars indicate 95% CI. Results demonstrate a 
consistent pattern of association between rs7247551 and CAA within each of the 
data sources used in our study.
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Extended Data Fig. 4 | Regional plot and the chromatin interaction plot of 
rs2000660 that is associated with cerebral atherosclerosis. Atherosclerosis 
association plot from NPE GWAS meta-analysis (n = 7,340) for the SNP of 
rs2000660. The x-axis refers to the position of the genome. In the top plot, the 
y-axis refers to the −log10(P) from meta-analysis two-sided Z test. The lead variant, 
rs2000660, is circled in black and colored in dark purple. Variants meeting the 

threshold of P < 1 × 10-5 were colored coded according to linkage disequilibrium 
r2 to rs200060. Other variants are colored in gray. The figures are generated by 
FUMA pipelines (https://fuma.ctglab.nl). In the bottom plot, the x-axis refers to 
the genome position, and the y-axis refers to the type of regulatory elements in 
the chromatin interaction plot for rs2000660.
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Extended Data Fig. 5 | CERAD score and Braak NFT stage colocalize on BIN1. 
Braak stage and CERAD association plot from NPE GWAS meta-analysis (n = 7,776) 
for the region around BIN1. Colored dots represent the chromosomal position 
(x-axis, Mb, megabase) in hg38 coordinates and −log10(P from meta-analysis two-
sided z test; y-axis) of each variant in the region. Dots are colored to represent 
the linkage disequilibrium r2 with the lead variant (purple dot) estimated with 

PLINK–r2 using 1000 Genomes Phase 3 European-descended participants. The 
recombination rate was calculated using GRCh38 genetic map files downloaded 
from https://bochet.gcc.biostat.washington.edu/beagle/genetic_maps/. Boxes 
below data indicate the location of genes in the region (plot generated using 
LocusZoom73).

http://www.nature.com/naturegenetics
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Extended Data Fig. 6 | See next page for caption.
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Extended Data Fig. 6 | GRN expression, hippocampal sclerosis and LATE-
NC all colocalize on GRN. GRN gene expression, hippocampal sclerosis and 
LATE-NC association plot from NPE GWAS meta-analysis (n = 7,776) for the 
region around GRN. Colored dots represent the chromosomal position (x-axis, 
Mb, megabase) in hg38 coordinates and −log10(P from meta-analysis two-sided 
z test; y-axis) of each variant in the region. Dots are colored to represent the 

linkage disequilibrium r2 with the lead variant (purple dot) estimated with 
PLINK–r2 using 1000 Genomes Phase 3 European-descended participants. The 
recombination rate was calculated using GRCh38 genetic map files downloaded 
from https://bochet.gcc.biostat.washington.edu/beagle/genetic_maps/. Boxes 
below data indicate the location of genes in the region (plot generated using 
LocusZoom73).
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Extended Data Fig. 7 | Hippocampal sclerosis and ABCC9 expression 
colocalize on ABCC9. ABCC9 gene expression and hippocampal sclerosis 
association plot from NPE GWAS meta-analysis (n = 7,776) for the region 
around ABCC9. Colored dots represent the chromosomal position (x-axis, Mb, 
megabase) in hg38 coordinates and −log10(P from meta-analysis two-sided 
Z test; y-axis) of each variant in the region. Dots are colored to represent the 

linkage disequilibrium r2 with the lead variant (purple dot) estimated with 
PLINK–r2 using 1000 Genomes Phase 3 European-descended participants. The 
recombination rate was calculated using GRCh38 genetic map files downloaded 
from https://bochet.gcc.biostat.washington.edu/beagle/genetic_maps/. Boxes 
below data indicate the location of genes in the region (plot generated using 
LocusZoom73).
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