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Shared genetic architecture between 2
leukocyte telomere length and Alzheimer’s
disease
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Abstract

Background Epidemiological and clinical studies have reported an association between leukocyte telomere length
(LTL) and Alzheimer’s disease (AD). However, genetic association between the two phenotypes remains largely
unknown. We aimed to elucidate the potential shared genetic architecture between LTL and AD.

Methods Summary statistics from genome-wide association studies were obtained from large-scale biobank in
European-ancestry populations for LTL (N=472,174) and AD (71,880 cases, 383,378 controls). We examined the global
and local genetic correlation between LTL and AD using linkage-disequilibrium score regression and p-HESS. We
applied the bivariate causal mixture model (MiXeR) to calculate the number of shared genetic causal variants, and the
conditional/conjunctional false discovery rate (condFDR/conjFDR) framework to identify specific shared loci between
LTL and AD. Bidirectional two-sample Mendelian randomization (MR) were used to explore the causal associations
between LTL and AD.

Results We detected a significant genetic correlation between LTL and AD (r,=-0.168). Partitioning the whole
genome into 1703 almost independent regions, we observed a significant local genetic correlation for LTL and AD

at 19913.32. MiXeR estimated a total of 360 variants affecting LTL, of which 16 was estimated to influence AD. The
condFDR revealed an essential genetic enrichment in LTL conditional on associations with AD, and vice versa. We next
identified 8 shared genomic loci between LTL and AD using conjFDR method, of which 4 are novel loci for both the
phenotypes. Moreover, 3 shared loci were identified as eQTLs (rs3098168, rs4780338 and rs2680702). All shared loci
mapped a subset of 48 credible genes, including USP8, DEXI and APOE. Gene-set analysis identified 18 putative gene
sets enriched with the genes mapped to the shared loci. MR analysis suggested that genetically determined AD was
causally associated with LTL.

Conclusion Our study identified specific shared loci between LTL and AD, providing new insights for polygenic
overlap and molecular mechanisms, and highlighting new opportunities for future experimental validation.
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Introduction

Telomeres are protein-DNA complexes at the ends of
chromosome that mitigate loss of coding DNA, since
chromosomes are shortened with each cell division [1].
There has been much interest in a shorter leukocyte
telomere length (LTL) as a biomarker of older biological
age [2]. Telomeres have been considered potent drivers
of genome stability, playing an important role in neu-
roplasticity to oxidative stress [3]. As oxidative stress is
increased in older individuals, these mechanisms could
be related to telomere shortening and aging manifesta-
tions such as cognitive disorders [4] A growing body of
epidemiological and clinical studies have reported the
associations between LTL and aging-related disorders,
such as Alzheimer’s disease (AD) [5, 6, 7]. However, it
remains unclear about shared genetic etiology and causal
relationship between them.

The genetic architectures of both LTL [8] and AD [9,
10] are highly polygenic, implying numerous genetic vari-
ants with small effects synthetically contributing to the
phenotypes. Two large genome-wide association study
(GWAS) meta-analysis of AD has identified 29 and 38
genome-wide significant loci [9, 10], which mapped
genes are highly expressed in immune-related tissues
and enriched for amyloid precursor proteins degradation
pathways [9]. It has been difficult to determine genetic
loci related to LTL until the recent well-powered GWASs
of LTL from the UK Biobank with 472,174 participants,
which identified 138 genetic loci and accounted for com-
mon variant LTL heritability of ~8.1% [8]. Despite the
phenotypic overlap suggesting genetic pleiotropy, genetic
overlap for LTL and AD remains elusive. Of note, these
genetic data enable us to elucidate shared and distinct
genetic architecture between LTL and AD, which can
broaden our new insight into molecular mechanisms.

The aim of the present study was therefore to perform
a comprehensive cross-trait GWAS analysis to examine
the genetic overlap and the causal association between
LTL and AD. Such analyses have several analytic aspects.
First, a genetic correlation analysis that traditionally
quantifies the average sharing of genetic effect between
two traits was used to estimate global and local genetic
correlation by linkage-disequilibrium score regression
(LDSC). Next, we applied the bivariate causal mixture
model (MiXeR) [11] and the conditional/conjunctional
false discovery rate (cond/conjFDR) [12] method for
large-scale GWASs of LTL and AD in order to (1) esti-
mate the total number of shared genetic causal variants,
(2) identify individual loci driving the phenotypic overlap
between LTL and AD, and (3) leverage polygenic overlap
to boost statistical power to identify novel loci related to
LTL or AD. The MiXeR and cond/conjFDR framework
have been extensively used in recent years to improve
discovery power for identification of genomic loci and
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to determine shared genomic loci among a wide range of
polygenic phenotypes, by leveraging the combined power
of two GWAS regardless of the presence of a genetic cor-
relation [13, 14, 15, 16, 17]. Finally, we conducted a bidi-
rectional two-sample Mendelian randomization (MR)
analysis to infer putative causal relationships between
LTL and AD. To the best of our knowledge, no cross-trait
GWAS analysis has been performed to investigate com-
prehensively the shared and distinct etiology underlying
LTL and AD. The overall study design is shown in Fig. 1.

Methods

GWAS data and quality control

We acquired summary statistics for LTL from the UK
Biobank, which consisted of 472,174 well-characterized
participants who measured LTL by quantitative Poly-
merase Chain Reaction (PCR) assay [8]. GWAS sum-
mary statistics for AD were acquired from the Psychiatric
Genomics Consortium (PGC), which comprised 71,880
AD cases, 383,378 controls [9]. All participants were of
European ancestry. Detailed description of each sample
is provided in the original publications [8, 9].

For the two phenotypes, quality control were under-
taken stringently: removed duplicated SNPs or those not
included in the 1000 Genomes Project or whose alleles
did not match those there; excluded non-biallelic SNPs
and those with strand-ambiguous alleles; excluded SNPs
that were located within the region of major histocom-
patibility complex (chr6: 28.5-33.5 Mb) as its complex
LD structure [18]; excluded SNPs without rsID label;
excluded SNPs with minor allele frequency (MAF) <0.01.

Statistical analyses

Global and local genetic correlation analysis

To elucidate the genetic architecture between LTL and
AD, a global genetic correlation analysis was undertaken
by linkage disequilibrium score regression (LDSC) [18].
It can be estimated using GWAS summary statistics
through an algorithm implemented in LDSC software
[18, 19]. LDSC analyses were performed with and with-
out a constrained intercept, since constraining single trait
heritability intercepts can improve the accuracy of esti-
mates when there are sample overlap and minimal popu-
lation stratification [18].

Global genetic correlations calculated by LDSC are
based on aggregated information across whole genome
variants. Even though the global genetic correlation is
extremely small between two phenotypes, there might be
specific regions in the genome contributing to both phe-
notypes. Nevertheless, we further assessed pairwise local
genetic correlations for LTL and AD using p-HESS [20],
an algorithm that partitions the genome-wide genetic
sharing across 1703 nearly independent linkage disequi-
librium (LD) regions of 1.5 Mb and precisely assesses the
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Fig. 1 Outline of the current study

genetic correlation between two phenotypes because of
genetic variation restricted to these genomic regions.

MiXeR

To quantify polygenic overlap between LTL and AD, we
applied the MiXeR statistical tool [11], which quantifies
the number of phenotype-specific and shared causal vari-
ants between two phenotypes, and the results are display-
ing as a Venn diagram. “Causal” refers to the cause of the
statistical association and not necessarily the biological
cause of the conditions studied. MiXeR includes univari-
ate estimation of the number of phenotype-influencing
loci for each phenotype of interest and bivariate estima-
tion of genome-wide genetic overlap between two phe-
notypes. We calculated the Dice coefficient (DC) index
(polygenic overlap measure in the 0-100% scale) and
genetic correlation between two phenotypes. Univariate
and bivariate estimation and standard errors were com-
puted by 20 iterations using 2 million randomly selected
SNPs for each iteration, and then random pruning at an
LD threshold of r?=0.8 is conducted. Model fit was based
on GWAS z-scores.

CondFDR/conjFDR

To provide a visual representation and assess cross-traits
polygenic enrichment between LTL and AD, conditional
quantile—quantile (Q-Q) plots were constructed [21]. The
conditional Q-Q plots compare the association with one
phenotype (e.g. LTL) within SNPs strata determined by
the strength of association with a secondary phenotype
(e.g. AD). Enrichment for overlapping signals exists for a
given phenotype if the degree of leftward deflection from
the expected null line increases with increasing associa-
tion significance in the second phenotype [21].

Then, we employed the condFDR/conjFDR method
[12], which using polygenic overlap between two traits
to improve statistical power to determine loci related to
a single phenotype (condFDR) and loci jointly related
to two phenotypes (conjFDR), thus complementing the
genome-wide genetic overlap observed with MiXeR. This
framework extends the standard FDR approcach and
builds on an empirical Bayesian framework to control
type 1 errors by using all p-values from GWAS results
for both phenotypes, and by re-ranking the test statis-
tics for a primary phenotype conditioned on a secondary

phenotype.
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The conjFDR approach, on the basis of the condFDR,
was also performed to test which loci showed evidence of
association with both phenotypes. The conjFDR statistic
is defined as the maximum of the two mutual condFDR
values and is a conservative estimate of the posterior
probability that an SNP has no association with either
phenotype, given that the Pvalues for that SNP in both
the primary and conditional phenotypes are lower than
the observed Pvalues. Thus, the conjFDR approach can
identify loci jointly associated with these two pheno-
types. The FDR significance cutoffs were 0.05 for con-
JEDR and 0.01 for condFDR in accordance with previous
studies [22, 23, 24].

Definition of genomic loci

As described previously [25], genomic risk loci were
defined within Functional Mapping and Annotation
(FUMA; https://fuma.ctglab.nl). First, we identified
independent significant SNPs as SNPs that were inde-
pendent from each other at r?<0.60 and that reached
a condFDR<0.01 or conjFDR<0.05 in the respective
condFDR or conjFDR analysis. Those independent signif-
icant SNPs were further clumped at r?=0.1 to define lead
SNPs. Independent significant SNPs that were in LD with
the same lead SNPs (r?>0.1) and LD blocks closer than
250 kb were merged into a single locus. Candidate SNPs
were defined as SNPs in the genomic loci with a condFDR
or conjFDR value <0.10 having an LD r*>0.6 with one of
the independent significant SNPs. In line with prior evi-
dence [26], the candidate SNP cond/conjFDR thresholds
were lowered to maximize the probability that putative
traits-influencing SNPs were captured within each locus.
The directional effects of the loci shared between LTL
and AD were assessed by comparing the z-scores of their
lead SNPs. A locus that was not physically overlapping
with findings from the original GWASs [8, 9] or NHGRI-
EBI GWAS Catalog [27] (last accessed on February 20,
2023) was considered as novel.

Functional annotation, gene mapping, and gene-set analyses
All candidate SNPs were functionally annotated using
FUMA platform. Functional consequences of SNPs on
genes were acquired by running ANNOVAR [28] gene-
based annotation using Ensembl genes. Enrichments of
candidate SNPs in each annotation were tested by Fisher’s
exact test by comparing them with the annotations of all
SNPs analyzed in the cond/conjFDR. We annotated SNPs
based on functional categories, CADD scores, Regulom-
eDB scores and chromatin states. CADD score [29] was
annotated for each SNP to determine the deleteriousness
of SNPs, a CADD score above 12.37 is the threshold to be
potentially pathogenic. The RegulomeDB score [30] is a
categorical score based on information from eQTLs and
chromatin marks, ranging from 1a to 7, with lower scores
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indicating an increased likelihood of having a regulatory
function. Chromatin state [31] suggests the accessibility
of genomic regions with 15 categorical states predicted
by ChromHMM based on 5 chromatin marks for 127 tis-
sue/cell types obtained from Roadmap.

All candidate SNPs obtained by the cond/conjFDR
were mapped to genes using three strategies [25]: (1)
positional mapping to align SNPs to genes based on
their physical proximity, (2) expression quantitative trait
locus (eQTL) mapping to match cis-eQTL SNPs to genes
whose expression is associated with allelic variation at
the SNP level, and (3) chromatin interaction mapping to
link SNPs to genes based on three-dimensional DNA—
DNA interactions between each SNP’s genomic region
and nearby or distant genes. Credible genes were mapped
by at least 2 strategies above.

On each set of mapped genes, we performed gene-set
enrichment analysis within the Gene Ontology (GO)
classification system [32]. Additionally, genotype tis-
sue expression (GTEx) data resource [33] was applied to
assess gene expression and look at the eQTL functionality
of likely regulatory SNPs in the shared loci between LTL
and AD. All reported Pvalues were corrected for multiple
testing by the false discovery rate (FDR)approach.

Bidirectional two-sample MR analyses

To further investigate the causal association between LTL
and AD, a two-sample MR approach was employed [34].
Genetic instruments were sourced from summary statis-
tics by thresholding at a significance level of 5x 1078 and
clumping according to r*<0.01 using a 1000 Genomes
European population reference. To validate whether the
instrumental variable (IV) set is strong (F-statistics > 10),
we estimated the F-statistics for each phenotype [35]. For
each exposure, the primary MR analysis was performed
by using the inverse-variance weighting (IVW) under a
multiplicative random-effects model [36]. In addition, a
series of sensitivity analyses were undertaken to verify
the pleiotropy in the causal estimates. The potential pres-
ence of horizontal pleiotropy was evaluated by MR-Egger
regression based on its intercept term, where deviation
from zero (P<0.05) was considered to provide evidence
for the presence of directional pleiotropic bias [37]. We
also performed the weighted-median [38], weighted-
mode [39] methods in the sensitivity analyses on the basis
of different assumptions. The leave-one-SNP-out analysis
was conducted to confirm whether the causal association
was obviously driven by a single SNP (a Pvalue of <0.05
was regarded as an outlier). The presence of pleiotropy
was also estimated using MR-PRESSO, which detects and
corrects the effects from outliers, yielding causal esti-
mates that are robust to heterogeneity [40]. To address
the issue of sample overlap between LTL and AD datas-
ets, we first evaluated the bias and type 1 error rate for
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sample overlap based on an online calculator (https://sb
452.shinyapps.io/overlap/) [35], then we used the summa
ry statistics from Wightman et al. [10] that excluded UK
Biobank participants to replicate our findings. All analy-
ses were performed using the TwoSampleMR and MR-
PRESSO packages [40, 41] in R software.

Results

Genetic correlations between LTL and AD

We found a significant overall genetic correlation
between LTL and AD using unconstrained LDSC
(rg:-0.168, P=0.017) (Supplementary Table S1). We
further constrained the intercepts of genetic covariance
estimates to zero, through which LDSC could indicate
greater power with slightly decreased standard errors.
A strongly negative genetic correlation was observed
for LTL and AD (r,=-0.139, P=1.71x10"°). Motivated
by the significant overall genetic correlation, we further
explored the local genetic correlation using p-HESS
(Fig. 2) [20]. A strong local signal was only observed at
19q13.32 (chrl9: 44744000-46103000) (P=8.45x10%)
(Supplementary Figure S1).

Polygenic overlap pattern

Univariate MiXeR estimated that LTL was approximately
14 times more polygenic relative to AD, with 360 variants
estimated to influence LTL compared to 25 in AD. Detail
information of heritability, polygenicity, discoverability
and power analyses are described in the Supplementary
Table S2. Bivariate MiXeR demonstrated moderate poly-
genic overlap between LTL and AD, beyond that cap-
tured by genetic correlation (Supplementary Figure S2).
Of a total of 360 variants estimated to influence LTL,
16 (SD =4, 4.4%) was estimated to influence AD (Dice
coefficient=8%) (Supplementary Table S2). Consistent
with genetic correlation by LDSC, bivariate MiXeR also
estimated a moderately negative genetic correlation
(ry=-0.13). The stratified conditional QQ plots showed
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SNP enrichment for LTL as a function of their associa-
tions with AD and vice versa (Supplementary Figure S2¢
and 2d), suggesting the existence of polygenic overlap.

Shared genetic loci

To improve the discovery of genetic variants, we applied
condFDR to perform the cross-trait enrichment between
LTL and AD and reranked LTL SNPs conditionally on its
association with AD and vice versa (Supplementary Fig-
ure S3). At condFDR <0.01, we identified 263 loci asso-
ciated with LTL conditional on its association with AD
(Supplementary Table S3 and Figure S4). The reverse
condFDR analyses identified 122 loci associated with AD,
conditional on LTL (Supplementary Table S4 and Figure
S5).

ConjFDR method was then used to identify the shared
genetic loci between LTL and AD. At conjFDR<0.05, a
total of 8 distinct genomic loci were jointly associated
with LTL and AD, in which 6 were novel for LTL and 4
for AD (Fig. 3; Table 1, Supplementary Tables S5 and S6).
Altogether, we identified 4 novel loci in both phenotypes.
Then, we assessed the directionality of allelic effects of
the shared lead SNPs between the phenotypes by exam-
ining their z-scores. There was a pattern of mixed effect
directions of the shared SNPs between LTL and AD
(Table 1). We discovered the same effect direction of
62.5% of SNPs shared. For the independent significant
SNPs within locus and their tagged SNPs, a summary of
previous SNP-phenotype associations with other pheno-
types are listed in Supplementary Table S7.

Biological insights for the shared loci

Functional annotation of all candidate SNPs in the loci
shared between LTL and AD phenotypes demonstrated
that these were mostly intronic (69.74%) and intergenic
(13.3%), only 1.49% in exons (Fig. 4). The distribution of
minimum chromatin state shows that 99.3% of the SNPs
in the shared loci are in open chromatin state regions,
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making them more accessible to DNA regulatory ele-
ments. We mapped 174 protein-coding genes to candi-
date SNPs for LTL and AD, in which 48 credible mapped
genes by at least two gene-mapping strategies (Supple-
mentary Table S8). Credible genes of shared loci showed
a high expression in the brain and whole blood tissues
(Fig. 5). Gene-set analyses revealed 18 significantly asso-
ciated biological and cellular processes with the genes
mapped to the shared loci, including “very low density
lipoprotein particle clearance’, “cholesterol efflux’, “regu-
lation of sterol transport’, “phospholipid efflux” (Supple-
mentary Table S9). All the novel shared loci identified by
the conjFDR were represented by 4 unique lead SNPs,
of which 3 (rs3098168, rs4780338 and rs2680702) were
identified as eQTLs for 20 unique genes within 28 differ-
ent tissues in the GTEx database (Supplementary Table
S10).

Bidirectional MR analyses

We applied a two-sample MR analysis to test the causal
relationship between LTL and AD. In the forward MR
analysis, the genetic instrument for LTL consisted of 125
independent significant SNPs (Supplementary Table S11).
Collectively, these SNPs explained 3.0% of the variance
in LTL in this sample and could be considered a strong
instrument (F statistic=118.7). In the primary MR anal-
ysis (IVW), we found that genetically determined LTL
was not causally associated with risk of AD (OR=0.99,
95% CI: 0.91-1.09, P=0.873) (Fig. 6 and Supplementary
Figure S6). The direction of effect was consistent with
MR-PRESSO, weighted median and MR-Egger, although
weighted mode regression had a marginal Pvalue. The

intercept of MR-Egger regression test did not identify any
horizontal pleiotropy (f=0.0018, P=0.42). In the reverse
MR analysis, using 33 SNPs robustly and independently
associated with AD as instrument variables (Supplemen-
tary Table S12), MR provided strong causal evidence that
AD shortened the LTL ($=0.070, 95% CI=0.030—0.109,
P=5.3x10"%). The intercept of MR-Egger regression test
did not identify any horizontal pleiotropy (p=-0.0013,
P=0.11). In the sensitivity analysis, the MR-PRESSO
test detected 1 potential outlier, with the results being
stable after outlier correction (p=0.072, 95% CI=0.043—
0.101, P=2.0x107°). The estimates were similar in size
in weighted median ($=0.070; 95% CI, 0.019-0.120;
P=0.007) and MR Egger (=0.105; 95% CI, 0.048—-0.163;
P=0.001), supporting a strong effect of AD on LTL (Fig. 6
and Supplementary Figure S6). Moreover, we found the
type 1 error rate due to sample overlap between LTL and
AD was well controlled under 0.05, indicating that sam-
ple overlap might not significantly bias the causal associ-
ation. We used another GWAS summary statistics of AD
excluding the UK Biobank sample, suggesting the consis-
tent MR findings (Supplemental Table S13).

Discussion

By leveraging large GWAS summary datasets, our study
provided insights into the polygenic architecture and
overlap between aging-related phenotype. Using the
novel MiXeR tool, our findings showed that 8% of causal
variants of LTL influence AD, despite a mild part of the
polygenic architecture. Subsequently, we identified 8
genomic loci jointly associated with LTL and AD using
a condFDR/conjFDR approach, of which half of loci
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have not been reported before for both the phenotypes.
Moreover, we annotated these specific shared loci and
identified a subset of 48 credible genes and many eQTLs
for multiple tissues. Finally, MR analysis suggested that
genetically determined AD was causally associated with
LTL. Our findings provide new insight into the molecular
mechanisms shared between LTL and AD.

Our findings suggested a light genetic correlation
between LTL and AD, which may be partly attribute to
the relatively small number of causal variants related to
AD (univariate MiXeR estimated 25 causal variants)
compared to LTL (univariate MiXeR estimated 360
causal variants), or the mixed direction of effects among
the variants shared across the two phenotypes (the
shared SNPs of concordant effect direction of was 62.5%).
These findings contribute to accumulatively numerous
evidence suggesting extensive polygenic overlap across a
range of complex, brain-related phenotypes, with mixed
directions of effect and minimal genetic correlation [14,
42]. Firstly, local genetic correlations using p-HESS [20]
revealed a strong local signal at 19q13.32, this genomic
region harbors protein coding MARK4, a member of
the microtubule affinity-regulating kinase family [43].
MARKH4 isoform is primarily found in brain tissue, lead-
ing to microtubule destabilization in neuronal cells and
also tau-protein phosphorylation seen in AD [44]. Sec-
ondly, the conjFDR statistical approach used in our
study, which enables the identification of genomic loci
jointly affecting both phenotypes, singled out 8 specific
loci shared between LTL and AD, further dissecting their
polygenic overlap. When boosting the power from the
combined samples, condFDR identified 263 loci in LTL
conditioned on AD and 122 loci in AD conditioned on
LTL. These discovered loci can help to explain more of
the heritability underlying LTL and AD traits. Through
leveraging the cross-trait enrichment to improve statisti-
cal power, this enabled the identification of novel risk loci
in LTL and AD, these findings warrant future validation
[12, 45].

We functionally annotated all shared loci to explore
putative biological mechanisms linking the polygenic
overlap and phenotypic associations observed between
LTL and AD. Most of the SNPs identified in the shared
loci between LTL and AD by the conjFDR analysis, are
in intronic regions that are likely to impact expression/
regulation, and are not predicted to be highly deleteri-
ous based on CADD scores. In the conjEDR analysis, we
found that 4 of 8 shared loci were both novel for LTL and
AD, including rs17552904, rs3098168, rs4780338 and
rs2680702. The lead SNP at the locus (rs3098168) was
identified as an eQTL for USP8 (15q21.2) in the GTEx
database and significantly regulates the expression of the
gene in several human brain regions [46]. USP8 regulates
the ubiquitination, trafficking, and lysosomal degradation
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Abbreviations: A1, allele 1 (effect allele); A2, allele 2 (noneffect allele); conjFDR, conjunctional false discovery rate; AD, Alzheimer’s disease; CHR, chromosome; Cor_Eff, concordancy of association directions between 2 traits;

AC020743.4
LTL, leukocyte telomere length; SNP, single nucleotide polymorphism

GPC2
SPI
usp8
DEXI
RNF43
APOE

A1/A2
2
T/C
G/A
T/G
T/C

T/G
C
A/G

Position

50,318,308
99,774,122
47,391,948
50,751,050
11,031,156
56,431,549
45413,233
54,815,366

HR

C
7
7

rs17552904
rs12705073
rs10437655
rs3098168
rs4780338
rs2680702
rs1065853
151761452

Lead SNP

b The directionality of allelic associations with both phenotypes in discovery data sets using z scores is shown here. + Indicates the same direction and -, the opposite direction

a Whether a locus was novel for 2 traits, according to the original GWAS or GWAS Catalog

Table 1 Novel loci jointly associated with LTL and AD at conjfdr <0.05

Locus
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a b c
Functional category RegulomeDB score Minimum chromatin state
UTRS | 0.81% 30.8% 13 |0.14%
UTR3 | 1.09%
910.41%
upstream Wl 2.17%
810.14%
ncRNA_intronic [l 8.14%
NncRNA_exonic | 0.81% 5 31.21%
NA [[1.22% 4 38.26%
intronic r 69.74% 3
intergenic 13.3%
2
exonic | 1.49%
downstream || 1.22% 1
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Fig.4 Distribution of the annotation for all candidate SNPs jointly associated between LTL and AD. (a) Distribution of functional consequences of SNPs in
the shared genomic risk loci. (b) Distribution of RegulomeDB scores for SNPs in the shared genomic loci, with a low score indicating a higher likelihood of
having a regulatory function. (c) The minimum chromatin state across 127 tissue and cell types for SNPs in shared genomic loci, with lower states indicat-

ing higher accessibility and states 1-7 referring to open chromatin states
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Fig.5 Spatiotemporal gene expression of credible genes of shared loci between LTL and AD. Among all mapping candidate SNPs of the shared loci be-
tween LTL and AD, 48 credible genes were mapped by at least 2 strategies: positional mapping, expression quantitative trait locus mapping, and chroma-
tin interaction mapping. The gene expression data were acquired from the Genotype Tissue Expression (GTEx) v8 resource and the figure was generated
using the GENE2FUNC procedure of FUMA. Gene expression was based on data from 948 individuals and is presented as the averaged log2 transformed
expression per tissue for each gene. Darker red means higher gene expression compared to a darker blue color

of several plasma membrane proteins, and its mutation
is regarded as be potential therapeutic targets for Cush-
ing Disease [47]. The lead SNP at the locus (rs4780338)
was also identified as an eQTL for DEXI (16p13.13) in
the GTEx database, and is associated with type 1 dia-
betes [48] and asthma [49]. Moreover, we determined a
subset of 48 unique credible genes that map to specific

identified shared loci based on three gene-mapping strat-
egies. For instance, APOE gene is regarded as a strongest
genetic risk factor for AD [50], interestingly, our cross-
traits analysis revealed APOE might also be a significant
genomic loci of LTL. A prior study showed that short-
ened LTL may be associated with the ApoE4 homozy-
gote in AD patients [51]. Notably, the MR analysis in our
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LTL on AD ADon LTL

MR methods OR (95% CI) P value B (95% CI) P value
Inverse variance weighted 0.99 (0.91-1.09) ’—‘;—' 0.873 0.070 (0.030-0.109) i 53x 10"
MR-Egger regression 0.94 (0.80-1.10) % 0.447 0.105 (0.048-0.163) — 0.001
Weighted-median 0.98 (0.95-1.01) Fliﬂ 0.151 0.070 (0.019-0.120) —— 0.007
Weighted-mode 0.95 (0.91-1.00) i—.—i 0.036 0.058 (0.001-0.115) — 0.053
MR-PRESSO 0.99 (0.92-1.07) ._.i_< 0.914 0.069 (0.030-0.109) —— 15107

e —_—

08 09 1 1.1

Fig. 6 Bidirectional MR results for the relationship between LTL and AD

study showed that LTL was not causally associated with
AD, whereas AD was causally related to shortened LTL.
Previous evidence from observational studies have sug-
gested an association between LTL and AD [6, 52]. As
such, a relation between LTL and AD is well established,
but the underlying causal association has been difficult to
determine from clinical and epidemiological data. Our
findings highlight that genetic risk variants for AD con-
tribute to the variance in LTL. These findings provide
further evidence for the strong association between AD
and LTL, suggesting an essential shared genetic basis and
neurobiological mechanisms.

There were limitations to the current study. This study
was using European samples only, which limits the gen-
eralizability of these findings to other ancestral groups.
It is important that more diverse samples and improved
approaches for trans-ancestral analysis are used to
broaden the applicability of genetic studies. Moreover,
current approaches used in this study dependent on com-
mon variant from published GWAS summary statistics,
thus, only the common variant data for LTL and AD were
performed in our study. Consequently, some rare and
structural variations important to the genetic architec-
ture of these two phenotypes were not adequately taken
into consideration.

Conclusion

In conclusion, the present study identified shared genetic
architecture, beyond genetic correlation, between LTL
and AD. We identified 8 shared loci and a subset of cred-
ible genes likely to play a role in the underlying genetic
etiology of LTL and AD, which may represent novel
drug targets and thus opportunities for personalized
approaches to treatment. These findings have implica-
tions for substantially enhancing our understanding of
molecular genetic basis between aging-related biomarker
and diseases. Future experimental studies of the identi-
fied shared loci between the aging-related biomarker
and diseases may provide new knowledge for molecu-
lar mechanisms, which can ultimately facilitate the

-0.1 0 0.1 0.2

development of AD drugs by identifying potential thera-
peutic targets.
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