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Abstract

Background: Except APOE, Alzheimer’s disease (AD) associated genes identified in recent
large-scale genome-wide association studies (GWAS) had small effects and explained a small
portion of heritability. Many AD-associated genes have even smaller effects thereby sub-threshold
p-values in large-scale GWAS and remain to be identified. For some AD-associated genes, drug
targeting them may have limited efficacies due to their small effect sizes.

Objective: The purpose of this study is to identify AD-associated genes with sub-threshold
p-values and prioritize drugs targeting AD-associated genes that have large efficacies.

Methods: We developed a gene-based polygenic risk score (PRS) to identify AD genes. It was
calculated using SNPs located within genes and having the same directions of effects in different
study cohorts to exclude cohort-specific findings and false positives. Gene co-expression modules
and protein-protein interaction networks were used to identify AD-associated genes that interact
with multiple other genes, as drugs targeting them have large efficacies via co-regulation or
interactions.

Results: Gene-based PRS identified 389 genes with 164 of them not previously reported as
AD-associated. These 389 genes explained 56.12%-97.46% SNP heritability; and they were
enriched in brain tissues and 164 biological processes, most of which are related to AD and other
neurodegenerative diseases. We prioritized 688 drugs targeting 64 genes that were in the same
co-expression modules and/or PPI networks.

Conclusions: Gene-based PRS is a cost-effective way to identify AD-associated genes without
substantially increasing the sample size. Co-expression modules and PPI networks can be used to
identify drugs having large efficacies.
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INTRODUCTION

Alzheimer’s disease (AD) is the most common neurodegenerative disease and the most
common cause of dementia. The estimated heritability of AD is between 60% and 80%

[1]. Identifying genes contributing to the risk for AD will advance our knowledge of AD
etiology and thus facilitate the development of novel therapeutic strategies, especially drugs
targeting AD genes due to their known mechanisms [2-4]. Recent large-scale genome-wide
association studies (GWAS) have identified >100 AD-associated genes; however, except
APOE, all had small effects and together they only explained a small portion of AD
heritability [5-15]; and many genes with even smaller effects remain to be discovered.
Additionally, the small gene effects mean that drugs targeting some of them may have
limited efficacies.

Increasing the AD GWAS sample size will identify more AD genes. However, this requires
extensive and strategic data collection that cannot be achieved in near future. Furthermore,
as demonstrated in a recent study, when the sample size reaches a certain level, further
increasing it results in minimal returns in gene identification but results in dramatically
increased cost [16]. In fact, as shown in a recent study with > 1M samples, the largest AD
GWAS to date only identified 7 novel loci [15, 17]. While we should continue our effort to
increase the sample size, novel methods to detect AD genes with sub-threshold p-values are
urgently needed. Polygenic risk score (PRS) is the weighted sum of disease risk alleles and
is used to predict disease risks. It requires discovery datasets to select SNPs and obtain their
weights; then PRS is applied to target datasets that are independent of discovery datasets to
predict disease risk. If PRS has high predictability (i.e., explained large portion of variation
in the target datasets) and SNPs used in calculating PRS explain large portion of SNP
heritability (/anp), then these SNPs are likely disease-associated SNPs. Furthermore, if we
also know the genes impacted by SNPs included in calculating PRS (i.e., gene-based PRS),
then those genes are likely disease-associated genes. Therefore, gene-based PRS provides
another way to identify disease genes with sub-threshold p-values.

To maximize PRS predictability, it is important to include more disease-associated SNPs
and exclude unrelated SNPs (i.e., noise). SNPs used to calculate PRS are selected from

the discovery dataset, which typically is a meta-analysis of multiple cohorts. Each cohort

is usually ascertained using different strategies, sometimes even with different diagnostic
methods. For instance, while cohorts from Kunkle et al. (2019) included clinically and
neuropathologically defined AD cases and controls [8], the majority of AD cases from

the UK Biobank (UKBB) were proxy AD cases, i.e., first-degree relatives of AD patients
[12, 13, 18]. Therefore, some association findings may be limited only to a particular
cohort (i.e., cohort-specific findings). Sophisticated meta-analysis algorithms can mitigate
this problem but cannot eliminate cohort-specific findings, especially those with extremally
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small p-values or those having low minor allele frequencies and only found in one or a few
cohorts. In both cases, these findings result in p-values that remain small after meta-analysis.
Additionally, due to the larg enumber of SNPs tested, many SNPs have small p-values
simply due to random variations (i.e., false positives). These cohort-specific SNPs and

false positives are indistinguishable from AD-associated SNPs with sub-threshold p-values
and can be wrongly selected in calculating PRS, thereby reduce the PRS predictability.
However, cohort-specific SNPs and false positives are less likely to have the same directions
of effects and small p-values in all cohorts, i.e., they are not concordant; therefore, by
keeping only concordant SNPs, the likelihood of including true disease-associated SNPs is
dramatically increased and most noise are excluded, as a result, the PRS predictability can
be substantially enhanced. We note that concordant SNPs can only be selected from cohorts
with sufficiently large sample sizes as our goal is to detect SNPs with small effect sizes. For
those SNPs, they may have opposite directions of effects in small cohorts due to random
chance and/or cohort-specific effects, consequently, they will be excluded if only retaining
concordant SNPs from all cohorts. In our previous work, PRS calculated using concordant
SNPs had predictability comparable to the family history to predict the risk for alcohol use
disorder [19]. To identify disease genes, we selected concordant SNPs located within gene
boundaries and using this gene-based PRS, we identified 410 genes associated with alcohol
use disorder [20].

In this study, we modified our gene-based PRS framework to identify AD-associated genes.
We first used a leave-one-cohort-out strategy as described in Material and Methods section
to identify concordant SNPs and AD-associated genes, then we calculated gene-based PRS
by only using concordant SNPs in identified AD-associated genes. We tested whether

these gene-based PRS had high predictability and identified AD-associated genes explained
large portion of hzsnp to ensure that they were truly AD related. We further confirmed

the roles of identified genes in AD by searching previous GWAS of traits related to AD
and other neurodegenerative diseases. Moreover, if these genes are truly AD related, then
they should be expressed in AD-related tissues and presented in AD-related biological
processes; therefore, we performed gene enrichment analyses to demonstrate this. One of
the major goals to identify AD-associated genes is to search for drugs targeting them to
facilitate the development of novel treatment methods. Since most genes have small effects,
intuitively, drugs targeting them may have limited efficacies. However, for those genes

in the same gene co-expression module or in the same protein-protein interaction (PPI)
network, especially those genes interacting with multiple other genes (i.e., hub genes), drugs
targeting them may have large efficacies as they may affect other genes via co-regulations
and/or protein-protein interactions. Therefore, we identified gene co-expression modules
and protein-protein interaction (PPI) networks, then searched the Drug Gene Interaction
Database (DGIdb, v4.2.0) [21] for drugs targeting AD-associated genes. Those drugs
targeting co-expressed genes and hub genes were prioritized.
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MATERIALSANDMETHODS

Datasets

For PRS calculation, the discovery datasets are usually GWAS summary statistics, and the
target datasets are typically individual level genotyping data if the goal is to predict an
individual’s disease risk. However, since our goal was to evaluate the overall predictability
of gene-based PRS, therefore, GWAS summary statistics can also be used as the target
dataset, and a specifically designed program, megaPRS as described below [22] was used
for this purpose. Three independent, large-scale European ancestry AD GWAS summary
statistics were used in our analyses: Kunkle et al. (21,982 cases and 41,944 controls)

[8, 13], UKBB (53,042 cases and proxy cases, and 355,900 controls) [12, 13, 18], and
FinnGen consortium (9,271 cases and 299,883 controls) [5,23]. UKBB is a relatively young
population-based cohort (aged between 40-69, 898 AD cases) [24] and many high-risk
individuals are too young to develop AD; therefore, proxy cases, defined as having at

least one first-degree relative with AD/dementia, were also included (52,791 proxy cases);
and those who reported not having AD and first-degree relatives with AD/dementia were
considered as controls [12, 13, 18]. UKBB proxy cases were included in all recent large-
scale AD GWAS except Kunkle et al. (2019) to dramatically increase the sample sizes [5-7,
13, 15]. Palindromic SNPs were excluded to avoid strand ambiguity. Only SNPs with rs
numbers and the same reference and alternative alleles as in the 1000 Genomes Project
(Phase 3, version5, NCBI GRCh37) were retained for analyses.

Leave-one-cohort-out strategy

We used the leave-one-cohort-out (LOCO) strategy to perform gene-based PRS analyses and
to identify AD-associated genes (Fig. 1). Each large-scale AD GWAS was considered as a
cohort. At each LOCO, two cohorts were used as the discovery datasets and the third cohort
was used as the target dataset. This procedure was repeated three times until all cohorts had
been used as the target dataset. Each LOCO identified a list of AD-associated genes, and

we only retained those genes identified by all three LOCOs in subsequent analyses, as these
genes were more likely to be true positives.

Identify AD-associated genes

During each LOCO, we first identified concordant SNPs, i.e., SNPs that had the same
directions of effects and p-values < 0.05 (i.e., showing some degree of association) in both
discovery datasets. Next, we identified candidate AD genes as those having at least one
concordant SNP within the gene’s boundaries. Gene boundaries were defined by using
ANNOVAR (1kb from transcription start and end sites) [25] with gene information obtained
from Ensembl (GRCh37, data accessed 2022—-08-02). Due to the large amount of SNPs
tested in GWAS, some genes irrelevant to AD may have one or a few concordant SNPs
simply by chance, especially for those large genes; therefore, for all candidate AD genes,
we further performed gene-based analysis by using MAGMA [26] to ensure that they
were associated with AD at the gene level. MAGMA analyzes multiple SNPs in a gene
simultaneously to evaluate their joint effect conditioned on gene size and density [26];
therefore, genes having concordant SNPs due to chance were excluded. MAGMA was
performed on the meta-analysis results of both discovery datasets, and we retained genes
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with MAGMA p-values < 0.05 (i.e., showing at least marginal association) as AD-associated
genes.

Calculate PRS, evaluate PRS predictability, and estimate h2Snp explained

In each LOCO, all concordant SNPs in AD-associated genes were included in the gene-
based PRS calculation in the target dataset. The effect sizes of concordant SNPs used to
calculate PRS were estimated from the meta-analysis of both discovery datasets by using
METAL [27]. Due to the proxy case used in UKBB, small numbers of cases in both UKBB
and FinnGen, as well as small portions of related individuals in these GWAS, we weighted
the effect sizes using the inverse of standard errors instead of using sample sizes. We note
that this was not optimal as using inverse variance resulted in biased effect size estimates but
to a less extent than using sample sizes. Since APOE has a large effect on AD risk, we also
performed gene-based PRS analyses by excluding APOE region (2 Mb from start and end
of APOE). We chose a large region to exclude SNPs that are in linkage disequilibrium with
APOE SNPs and SNPs that impact APOE long distantly.

We used megaPRS, which is a part of the genetic analysis software package LDAK [22] to
evaluate PRS predictability. The prediction accuracy is measured by /2. It is the squared
correlation between the phenotype in the target GWAS summary statistics and the predicted
phenotype based on the discovery dataset [22]. Higher A2 indicates higher prediction
accuracy. Since target datasets were also GWAS summary statistics; therefore, no additional
covariate was included.

RZ is a measure of variation due to genetic factors; therefore, it cannot exceed the estimated
/72snIO in the target dataset. The estimated /ﬁsnp may be low if the overall sample size or the
number of AD cases is small, resulting even lower A2. However, if genes identified were
truly AD-associated, then /stnp explained by /2 should be large. Therefore, we estimated
hzsnp in the target dataset using the BLD-LADK model implemented in LDAK [28] with
/rzsnp estimated on the observed scale; then we calculated the percentage of /ﬁsnp explained
by PRS as R2//Psnp.

To demonstrate that the increase in the variance explained was not due to the megaPRS
method used in this study, we also tested gene-based PRS by using individual-level genotype
data. We used ADC7 (509 AD cases and 787 matched controls), which is a small dataset
used as a replication cohort in Kunkle et al. (2019) [8]. For each discovery dataset, we
calculated two types PRS: 1) Using all SNPs; 2) Using only those concordant SNPs located
in AD-associated genes. PRS-CS was used to estimate the posterior effect size of each SNP
[29]. PLINK [30,31] was used to calculate PRS, with sex, age, the number of APOE E4
alleles, and the first 10 principal components of genetic ancestry included as covariates. For
each analysis, we calculated the delta £2, which is the difference between the variances
explained by fitting models with and without PRS, respectively.

For both PRS analysis and /72Snp estimation, European ancestry samples from the 1000
Genomes Project was used as the reference panel to prune SNPs that are in linkage
disequilibrium with each other following the steps recommended by LDAK [28]. PRS
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analysis and /anp estimation were performed at each LOCO, with and without APOE
region.

Search GWAS catalog and gene enrichment analyses

For those genes identified in all three LOCOs, to confirm their roles in AD, we first
searched the GWAS catalog [32] using FUMA (Functional Mapping and Annotation of
Genome-wide association studies) [33] to identify genes previously implicated in GWAS
of traits related to AD and other neurodegenerative diseases such as aging, amyloid-beta
measurement, cerebellar volume measurement, cognitive function, dementia, memory, p-
tau measurement, etc. We then performed two types of gene enrichment analyses. The
first one was tissue specificity enrichment analysis using differentially expressed gene
(DEG) sets, which were pre-calculated by FUMA using gene expression data from 54
tissue types obtained from GTEX (v8) [34]. The second approach was gene ontology
enrichment analysis using PANTHER [35] implemented in the Gene Ontology (GO)
Resource (http://geneontology.org/, accessed: 2022-09-15). We focused on GO Biological
Processes (GOBPs), which were compiled by using multiple molecular activities. For
both enrichment analyses, Benjamini-Hochberg false discovery rate (FDR) [36]< 0.05 was
considered as significant.

For those identified AD-associated genes that were not previously reported as AD related,
to further demonstrate that they were associated with AD, we also checked the minimum
SNP P-values in these genes and gene-based p-values in Kunkle et al. (2019), UKBB, and
FinnGen. We also performed gene enrichment analyses by using these genes only.

Prioritize drugs targeting AD-associated genes by using gene co-expression modules and
protein-protein interaction networks

RNA sequencing data from human cortex (N = 255) were obtained from GTEx (V8) [34].
Genes with more than half of samples with read counts < 10 were excluded. Transcript
per million (TPM) calculated from the read count was used. Local maximal Quasi-Clique
Merger (ImMQCM) [37] implemented in the network analysis tool suite TSUNAMI [38]
was used to detect co-expression modules, taking advantage of its ability to identify small
densely connected co-expression modules.

For proteins encoded by identified AD associated genes, we used the STRING database
(https://string-db.org/, accessed: 2022—-09-18) [39] to identify PPI networks. STRING
database includes known and predicted PPI networks, which are derived from high-
throughput lab experiments, previous knowledge in databases, automated text mining,
genomic context predictions, and conserved Co-expression [39]. We only retained high
confidence interactions from human (i.e., having confidence score = 0.7 or obtained from
high-throughput laboratory experiments and previous knowledge in databases).

We searched the Drug Gene Interaction Database (DGldb, v4.2.0) [21] for drugs targeting
AD associated genes identified in all three LOCOs. Only drugs with the Anatomical
Therapeutic Chemical (ATC) codes (obtained from the Kyoto Encyclopedia of Genes and
Genomics (KEGG): https://www.genome.jp/kegg/drug/) were retained. Drug targeting genes
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in the same co-expression modules or PPI networks, or targeting genes that interact with = 3
other genes (i.e., hub genes) in the same PPI network were prioritized.

Identification of AD-associated genes, variation explained by PRS, and hzSnp explained

Table 1 summarized the gene-based PRS analyses and hzsnp for each LOCO. Numbers of
identified AD-associated genes ranged from 1,711 to 2,003 and about 400K concordant
SNPs were included in each LOCO. Variation explained (/2) ranged from 0.08 to 0.23

and explained more than half to almost all hzsnp (56.12%-97.46%). After excluding APOE,
RZ ranged from 0.02 to 0.06 and these genes explained 29.93%-45.79% of /anp. There
were 389 AD-associated genes identified in all three LOCOs (Supplementary Table 1, with
MAGMA p-values). For gene-based PRS analyses using ADC7, PRS were significant when
Kunkle et al. (2019) and FinnGen were used as the discovery datasets. Using concordant
SNPs in AD-associated genes explained more variance in the data (delta /2 = 0.72%, p
=0.001) than using all SNPs (delta /2 = 0.29%, p = 0.04), indicating that the increased
variance explained was not due to the megaPRS method.

Searching GWAS catalog, gene enrichment analyses

More than half of the genes (225) were reported in GWAS of traits related to AD and

other neurodegenerative diseases (Supplementary Table 2); the remaining (164 genes)

were not reported previously (Supplementary Table 2). The minimum SNP p-values and
gene p-values for those 164 genes from Kunkle et al, UKBB, and FinnGen are shown

in Supplementary Table 3. All 164 genes have minimum SNP p-values < 0.05 and thus
showed some degree of associations. About half these genes did not have any gene level
associations (p-values = 0.05) in each dataset but they had p-values < 0.05 in meta-analyses
(Supplementary Table 1) by using concordant SNPs only, indicating that excluding most
study-specific findings and false positives in gene level analysis resulted in more findings.

Tissue type gene enrichment analysis results are shown in Supplementary Figure 1 and
Supplementary Table 4. AD-associated genes were significantly (FDR p-value < 0.05)
enriched in 20, 43, and 41 upregulated, downregulated, and both up- and downregulated
tissue-specific DEG sets, respectively, including all 13 brain tissues, adipose visceral
omentum, aorta, spleen, and whole blood, etc. The top 10 most enriched tissues are all from
brain, indicating that identified genes are likely AD related. GOBPs enrichment analysis
results are shown in Supplementary Table 5 and 164 GOBPs had FDR p-values < 0.05,
including those related to AD and other neurodegenerative diseases such as regulation of
neurofibrillary tangle assembly, chylomicron remnant clearance, regulation of tau-protein
kinase activity, etc. This again indicated that identified genes are likely AD related. For
those 164 genes not previously reported as AD related, they were also majorly enriched

in brain tissues, and they are likely AD related. However, they were not significantly
enriched in any GOBPs. This is not a surprise as these GOBP were derived based on known
knowledges of AD and these genes were not reported previously.
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Using gene co-expression modules and protein-protein interaction networks to prioritize
drugs targeting AD-associated genes

There were 348 genes that had gene expression readcount = 10 for more than half of the
GTEX cortex samples. Four co-expression modules were identified with 58, 58, 18, and 15
genes in modules 1, 2, 3, and 4, respectively (Supplementary Table 6). Proteins encoded
by 98 AD-associated genes interacted with each other directly or via proteins encoded by
other genes (connecting genes) and they formed 15 PPI networks (Supplementary Figure
3 and Supplementary Table 7). There were 54 genes (1 connecting genes; well-established
AD genes such as APOE and APPwere in this network), 15 genes (9 connecting genes),
11 genes (1 connecting genes), and 8 genes (1 connecting genes) in networks 1 to 4,
respectively. All other networks had 3 or 2 genes. There were 37 hub genes in these 15 PPI
networks.

We identified 878 drugs targeting 102 AD-associated genes from DGIdb (Supplementary
Table 8). In total, 688 drugs targeted 64 genes (24 of them were hub genes) that were in the
same co-expression modules and/or PPI networks.

DISCUSSION

In this study, using gene-based PRS, we identified 389 AD-associated genes. More than half
of them were reported in previous GWAS of AD or other neurodegenerative diseases related
traits; others showed some degree of associations in recent large-scale AD GWAS but were
not genome-wide significant. In our study, these genes together explained a large portion of
AD /7anp- These AD-associated genes were enriched in brain tissue and biological processes
related to AD. We also prioritized drugs targeting genes in the same co-expression modules
and/or PPI networks for future investigation of AD treatment.

We used concordant SNPs located within gene boundaries to calculate gene-based PRS and
to identify AD genes with sub-threshold p-values. Based on the variation explained by PRS
and the estimated hzsnp, MAGMA gene-based p-values (< 0.05 in all three LOCOs), as well
as tissues and biological processes that they were enriched in, the identified AD-associated
genes with sub-threshold p-values are likely to be AD-associated and they should be
prioritized in future functional studies to validate their roles in AD risk. This simple strategy
is much more cost-effective than recruiting large samples to have sufficient statistical power
to identify these genes using genome-wide levels of significance, or functionally testing

all possible AD genes showing some degrees of association in large-scale GWAS. We
acknowledge that some true AD-associated genes may be missed by this strategy. However,
those genes would not have concordant SNPs within the gene boundaries and/or have
MAGMA gene-based p-value = 0.05; therefore, even if they are true AD-associations, they
may have minimal or negligible effects on AD risk. We limited to genes with concordant
SNPs within gene boundaries and acknowledge that many regulatory SNPs, especially those
identified as eQTLs, are located out of gene boundaries. However, as shown in a recent
study, only up to 8% of eQTLs are disease relevant [40]; therefore, including eQTLs would
likely introduce more noise, resulting in low predictability of PRS.
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The estimated heritability of AD from twin studies [1] is 60% to 80% but /?snp estimates
from recent large-scale GWAS were < 9% [5, 6, 8, 11, 15, 17, 18], aphenomenon called the
missing heritability problem [41, 42]. Furthermore, as noted by a recent study, paradoxically
with substantially increased sample sizes, although more genome-wide significant SNPs
were identified, the hzsnp estimated actually became smaller [17]. One theory about the
missing heritability is that many disease-causing variants such as rare SNPs or CNVs cannot
be detected by GWAS [41, 42] but this cannot explain why /?snp estimates became smaller
with larger and more powerful GWAS. Our study demonstrated that the missing heritability
was at least partially due to including erroneous SNPs in estimating hzsnp. For instance, the
reported /anp in Kunkle et al. (2019) was only 7% using the LDsc model [8]. Although we
re-estimated /anp using the same BLD-LDAK model as used in this study and it increased
to 21%, however, by focusing on concordant SNPs in identified AD-associated genes, the
/72snIO estimation increased to 40%, which is about 1/2 to 2/3 of the heritability estimated
from twin studies [1]. This indicated that: 1) many AD-associated SNPs were already
identified by large-scale GWAS but with sub-threshold p-values and thus indistinguishable
from cohort-specific findings and false positives; 2) Including all SNPs in calculating /725np
resulted in the inclusion of both cohort-specific findings and false positive SNPs thereby
dramatically underestimating the hzsnp. Increasing AD GWAS sample sizes by adding
additional large cohorts will generate more cohort-specific findings and false positives,

and this explains the smaller hzsnp with the increasing sample sizes, as shown in a recent
study [43]. Therefore, we recommend that for those SNPs that are not concordant among
different cohorts, as long as each cohort has a reasonable large sample size (e.g., tens of
thousands of samples, preferably clinically determined cases and well-matched controls) to
warrant sufficient statistical power, they should be removed from hzsnp estimation and PRS
analysis to increase the likelihood of selecting true disease-associated SNPs and excluding
noise. In our study, the estimated /anp using concordant SNPs in Kunkle et al. (2019) was
still smaller than the heritability estimated from twin studies. However, among 1,745 genes
(Table 1) included in estimating /ﬁsnp, only 389 genes were common in all three LOCOs,
indicating that many of them may still be cohort-specific and/or false positives. Additionally,
we focused on concordant SNPs within gene boundaries and excluded regulatory SNPs
located outside of genes; therefore, our smaller /ﬁsnp estimate as compared to twin studies is
actually expected. Lastly, as in Kunkle et al. (2019) [8], we reported /anp on the observed
scale, which is study-specific and cannot be used to compare with other studies. ldeally,
hzsnp estimated on the liability scale should be used; however, it requires accurate estimation
of AD prevalence, which is age dependent. Different cohorts have different age distributions,
making it challenging to precisely estimate AD prevalence, consequently, hzsnp estimation
on the liability scale may be biased and thus was not used in this study. In the analyses of
excluding APOE region, the estimated hzsnp and hzsnp explained were about half of those
with APOE in all three LOCOs. Such a reduction is expected due to the large effect in
APOE region.

For UKBB and FinnGen, although the estimated /ﬁsnp were more than doubled those from
the original report [17], they were still only around 8% in our study.As summarized by a
recent study, this is largely due to the use of proxy cases in UKBB and population controls
in both UKBB and FinnGen [17]. In UKBB, there were 898 case and 52,791 proxy cases
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(98.33% of the entire cases) [13]. Using proxy cases reduced the effective sample size

by a factor of up to 4.9 and limited the ability to detect SNPs with small effects [12].
Furthermore, proxy case was defined as having a parent or sibling with AD or dementia [13,
18], therefore, some of the proxy cases will never develop AD, resulting in underestimated
SNP effect sizes [7]. Both UKBB and FinnGen used population controls instead of clinically
screened and age matched controls as used in Kunkle et al. (2019) [8, 12, 13, 17, 18].
Controls were younger than cases and simply adjusting age in analyses would result in
spurious findings due to collider bias because age is also a significant contributor to AD and
is heritable [44]. Furthermore, since AD is age related and genetic factors are more likely

to determine when to develop AD instead of whether to develop AD [45, 46], therefore,
heritability estimate is also age dependent [17]. All of these resulted in lower statistical
power in UKBB and FinnGen, hence the small estimate of hzsnp, despite the large overall
sample sizes. Our PRS analysis results also demonstrated the lower statistical power of
UKBB and FinnGen. When Kunkle et al, 2019 was included as the discovery dataset,

the hzsnp explained were 97.46% and 69.53% for UKBB and FinnGen (APOE included),
respectively; however, the /ﬁsnp explained when using UKBB and FinnGen as the discovery
datasets was only 56.12% (Table 1), indicating that at least the SNP effect sizes were
underestimated. While biobanks provide unprecedented opportunity to quickly increase the
sample size, more effort should be devoted to accurately define cases and controls as the
statistical power may only increase minimally even with the dramatically increased sample
size.

Although small gene effects in GWAS do not necessarily mean small efficacies of drugs
targeting these genes, methods to prioritize the large number of drugs identified are
necessary. We used both co-expression modules and PPI networks as gene and protein
expressions are only weakly correlated [47-50] and many drugs were designed to work

on proteins. Among prioritized drug-targeting genes, PSMB5and PSMC6 were in the

same co-expression module and PPI network, and both interacting with 9 other genes
(majority of them were connecting genes). Both genes and most of their interacting genes
belong to proteasomes and regulate proteins degradation; not surprisingly, proteasomes
inhibitors such as carfilzomib and bortezomib target these genes. These drugs were
designed to treat cancer [21] but may provide some clues for treating AD. In addition,

genes in PPI network 1 and drugs targeting them were of particular interest. Among

them, 12 genes (APOE, APP, CLU, EGFR, ERBB4, HBEGF, HLA-DQA1, HLA-DRA,
HLA-DRBI1, MS4A2, PLCGZ, and PTKZB) were hub genes and were also genome-

wide significant in previous AD GWAS. Aducanumab targeting APP has been approved

by FDA to treat AD [21]. Other drugs targeting these genes such as atorvastatin
(anticholesterolaemic), bevacizumab (antineoplastic), cetuximab (antineoplastic), floxacillin
(antibacterials), fluvastatin (anticholesteremic), irbesartan (antihypertensive), lapatinib
(antineoplastic), lorazepam (antianxiety), lubiprostone (anti-constipation), omalizumab
(antiasthmatic), paliperidone, (antipsychotic), and prednisone (anti-inflammatory), have also
been approved by FDA [21] but could be potentially repurposed to treat AD. Drugs or
combinations of them targeting aforementioned genes should have the top priority for future
investigations. However, we note that while drugs targeting other genes were not prioritized,
they should not be ignored. For example, ACE was not identified in any co-expression
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module and PPI network but one of the drugs targeting it, germfibrozil, which is approved
by FDA to treat hyperlipidemias, was also identified in a recent study through a deep
learning framework as potential drug to treat AD [51]. For the drugs identified in our
analyses, the next step is to use real-world patient data to investigate their efficacies. For
example, testing whether those taking these drugs have different prevalence of AD compared
to those not taking the drugs with the same health conditions. Another critical part for drug
development is side effects. While side effects of those drugs are available from previous
clinical trials; however, those trials are not designed to treat AD. Side effects can also be
investigated by using real-world patient data by focusing on AD patients only.

This study has several limitations. First, we used concordant SNPs located within gene
boundaries to define candidate AD genes. While in general this is the most conservative way
to define disease genes, it misses genes that their causal SNPs are outside gene boundaries,
e.g., those SNPs acting long distantly through chromatin interactions. Second, if an AD-
associated gene overlaps with other genes that are not AD-associated, and concordant SNPs
happen to be in the overlapped regions, then all genes would be selected as AD-associated.
Third, we used GWAS summary statistics in this study due to the lack of individual level
genotype data. GWAS summary statistics only has aggregated information and this may
cause less accurate PRS predictability estimation. Fourth, due to limited sample sizes,
under-represented populations such as those with African and Hispanic ancestries were not
studied. Fifth, for some SNPs, the allele frequencies are different between FinnGen and
other samples even they are all European ancestries.

In summary, we have shown that gene-based PRS can be used to identify AD-associated
genes with sub-threshold p-values using current available data. These genes will be validated
in functional studies in the next step. We also prioritized drugs targeting identified AD genes
and will investigate their potentials to treat AD in future studies.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Cohort 3
megaPRS
h%;n, explained

Overview of the leave-one-cohort-out (LOCO) strategy. We first used two cohorts to identify
concordant SNPs, i.e., SNPs having -values < 0.05 and the same directions of effects in
both discovery cohorts. Then we defined AD candidate genes as those having at least one
concordant SNP. We further defined AD-associated genes as those AD candidate genes
having MAGMA gene-based analysis p-values < 0.05. Lastly, we calculated gene-based PRS
and evaluated its predictability in the third cohort using megaPRS. We also estimated hzsnp
explained in the third cohort.
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