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Abstract

INTRODUCTION:Research on somatic and germlinemutations in Chinese individuals

with early-onset Alzheimer’s disease (EOAD) has been limited.

METHODS: We conducted whole-genome sequencing of blood DNA from 108

patients with EOAD and 116 controls. The analysis included somatic and germline

mutations across coding and non-coding regions, mutational signature determination,

pathway enrichment identification, and predictivemodel.

RESULTS: The mutational burden was significantly higher in the EOAD group com-

pared to the control group. The prevalence of single-base substitution signature 5,

which is strongly associatedwith aging,wasmuch higher in patientswith EOAD than in

controls. EOAD-specific somatic mutations were identified in genes such asMIR31HG,

TUBB4B, andAPP. Germlinemutations inDOCK3,PCSK5, andPDE4Dwere significantly

associatedwith age of dementia onset. Furthermore, a predictivemodel comprising 15

mutations demonstrated an area under the curve of 0.78.

DISCUSSION: The accumulation of senescence-related somatic mutations may

increase the risk of developing EOAD.

KEYWORDS

early-onset Alzheimer’s disease, germline mutation, predictive model, somatic mutation, whole
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Highlights

∙ Whole genome sequencing was used to find somatic and germline mutations in

Chinese individuals with early-onset Alzheimer’s disease (EOAD).

∙ Total number and burden of blood somatic mutations were significantly higher.

∙ The prevalence of single-base substitution signature 5 was notably elevated in

EOAD.
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∙ EOAD-specific somatic mutations were identified inMIR31HG, TUBB4B, and APP.

∙ DOCK3, PCSK5, and PDE4D germline mutations were associated with the age of

EOAD onset.

1 INTRODUCTION

Alzheimer’s disease (AD) is a profoundly debilitating neurodegenera-

tive disorder and is the most prevalent subtype of dementia. Based

on age at onset (AAO), AD is classified into early-onset AD (EOAD;

AAO < 65 years) or late-onset AD (LOAD; AAO ≥ 65 years). LOAD is a

complex disorder with a heterogenous etiology and heritability of 58%

to 79%. However, EOAD is predominantly genetically determinedwith

a heritability of > 90%.1 Although individuals with EOAD constitute

only 5% to 10% of all AD cases, they are more likely to experience a

severe clinical course and take longer to receive an accurate diagnosis,

thus warranting special consideration and study.

Only 6% to 11% of individuals with EOAD carry established auto-

somal dominant mutations in the amyloid precursor protein (APP)

or presenilin 1 and 2 (PSEN1 and PSEN2) genes, recognized as

causative factors for AD.2–4 This suggests that new genetic factors

remain to be discovered. Genome-wide association studies, poly-

merase chain reaction (PCR), and SNaPshot sequencing have identified

variants in SORL1, DHCR7, TREM2, and other genes that increase

the risk of developing EOAD.5–8 Whole genome sequencing (WGS)

provides the opportunity to obtain the most comprehensive genetic

variation of an individual and allows for detailed evaluations of all

genetic variations.9,10 Missense variants, including TBK1, ACAA1, and

DPP6 genes, have been identified in EOAD using WGS.11–13 How-

ever, these studies have primarily focused on common germline

mutations.

The human genome is continually exposed to both external and

internal mutagens, leading to the emergence and accumulation of

somatic mutations throughout development and aging. This accumu-

lation may stem from DNA replication errors and extensive oxidative

stress, compounded by gradual defects in DNA repair mechanisms.

Patients lacking germline pathogenic variants in autosomal dominant

AD genes may harbor somatic variants. It is plausible that, similar to

inherited or de novo germline pathogenic variants, somatic variants

with high penetrance can contribute to early onset.14 Recent studies

have highlighted the potential role of somatic mutations in neurode-

generative diseases, including AD.15 Somatic mutations, also known as

mosaic mutations, are acquired postfertilization and are present in a

subset of an individual’s cells, affecting only those derived from the ini-

tiallymutated cell.16 Unlike germlinemutations, somaticmutations are

postzygotic genetic alterations that are not inherited from the parents,

leading to genetically distinct cell populations within an organism.17

Somatic mutations in the APP, PSEN1, and PSEN2 loci have also been

reported.18–20 These mutations demonstrate a gene dosage effect on

the age of disease onset and phenotypic severity,21 and have been

implicated in various neurological disorders, including AD, Parkinson’s

disease, and schizophrenia. Both germline and somatic mutations may

influence the incidence and presentation of these disorders.20,22 Fur-

thermore, the effects of many risk loci vary among ethnic groups.23

Hence, we reasoned that focusing on a subset of individuals of Chi-

nese ethnicity with EOAD might uncover unique somatic or germline

mutations.

Somatic mutations may be carried by postmitotic neurons and

expanded by replicative myeloid cells in the central nervous system

(CNS) and peripheral tissues.1 Given that the burden of somatic muta-

tions is five times higher in the blood than in the brain,17 we conducted

WGS on blood tissues from 108 patients with EOAD and 116 normal

controls within the Chinese population. This study aimed to identify

novel somatic mutations in EOAD among Chinese individuals, com-

pare genomic features, identify differences between EOAD patients

and healthy controls, and assess the genome-wide landscape to poten-

tially explain EOADetiology and discover new geneticmarkers specific

to the Chinese population.

2 METHODS

2.1 Patient recruitment

In total, 224 individuals, comprising 108 EOAD and 116 healthy nor-

mal controls (NCs), were included in this study. All AD diagnoses were

determined according to the recommendations set by the National

Institute on Aging–Alzheimer’s Association workgroup or National

Institute of Neurological24 and Communicative Disorders and Stroke–

Alzheimer’s Disease and Related Disorders Association criteria.25

Individuals with a diagnosis of EOAD and no family history of demen-

tia were included in the study. To include more cases with a genetic

component, we enrolled EOAD patients with an age at onset of < 60

years. Participants were recruited following ethical guidelines. All con-

trols were cognitively normal (without subjective memory complaints,

Mini-Mental State Examination score of 26–30, and Clinical Dementia

Rating scale score of 0), and free of any general or laboratory evidence

of diseases that could affect cognition. The EOAD group and control

groupwere generallymatched in age and sex. All sampleswere derived

from the China Cognition and Aging Study (COAST), which is a multi-

center cohort study comprising clinical diagnosis, disease progression,

genetic regulation, and drug trials across 30/31 provinces in China.

Signed informed consents were provided by all the patients and con-

trol subjects. The study protocol was approved and monitored by the

ethics committee of XuanwuHospital.
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2.2 Deep WGS

Genomic DNA was obtained from the peripheral blood of all partici-

pants. High-quality gDNA samples were sent to the Beijing Genomics

Institute (BGI) for deep WGS. Sequencing libraries were prepared

using the TruSeq DNA PCR-Free Library Preparation Kit (Illumina)

to minimize bias introduced by PCR amplification. Each library was

sequenced on the Illumina HiSeq 2000 platform, generating 150 bp

paired-end reads. Sequencing was performed to achieve an average

coverage depth of ≈ 32 × per sample, ensuring comprehensive and

accurate genome representation.

The raw sequencing data were subjected to quality control checks

using FastQC (v0.10.1) to assess read quality, guanosine–cytosine

content, and the presence of adapter sequences. High-quality reads

were then aligned to the human reference genome (hg19) using the

BWA-MEM algorithm (v0.7.17). Post-alignment, the Binary Alignment

Map files were processed to remove duplicates using Picard tools

(v2.18.14), followed by base quality score recalibration and indel

realignment with the Genome Analysis Toolkit (GATK, v4.1.4.1) to

prepare the data for downstream analyses.

2.3 Germline mutation calling

Germline mutations were identified using the GATK HaplotypeCaller

(v4.1.4.1). Variants were called on each sample individually, followed

by joint genotyping across all samples to produce a multisample vari-

ant call format (VCF) file. To ensure high confidence in the identified

variants, we applied standard hard filters recommended by GATK: sin-

gle nucleotide polymorphisms (SNPs) were filtered with “QD < 2.0

|| FS > 60.0 || MQ < 40.0 || MQRankSum < –12.5 || ReadPos-

RankSum< –8.0,” and indels were filteredwith “QD< 2.0 || FS> 200.0

|| ReadPosRankSum < –20.0.” The resulting variants were annotated

using ANNOVAR,26 and common polymorphisms were filtered out

by comparing against the gnomAD (v2.1.1) and dbSNP (build 151)

databases. Rare or novel variants not present in these databases were

prioritized for further analysis.

2.4 Somatic mutation calling

Somatic mutations were identified following a multistep approach. Ini-

tially, germline variants identified byGATKHaplotypeCallerwere used

to create a panel of normal (PoN) from control samples using GATK’s

Create Somatic Panel of Normals tool. This PoN was used to filter

out technical artifacts and common germline variants in subsequent

somatic mutation calling.

Somatic variants were first called using MuTect2 (v4.1.4.1), with

the PoN database applied to increase specificity. Variants tagged as

“str_contraction,” “triallelic_site,” or “t_lod_fstar” were excluded. The

preliminary somatic calls were further refined using MosaicForecast,

which uses a statistical model to distinguish true somatic variants

from sequencing artifacts.MosaicForecastwas applied to theMuTect2

RESEARCH INCONTEXT

1. Systematic review: The authors conducted a literature

review on the genetics of early-onset Alzheimer’s disease

(EOAD) using PubMed, meeting abstracts, and presen-

tations. However, there is a notable lack of studies on

somatic and germline mutations in Chinese individuals

with EOAD.

2. Interpretation: The prevalence of single-base substitu-

tion signature 5 was found to be significantly higher in

Chinese EOAD patients. EOAD-specific somatic muta-

tions were identified in genes such asMIR31HG, TUBB4B,

and APP, which are involved in cellular senescence—a

major contributor to human aging. Additionally, germline

mutations in DOCK3, PCSK5, and PDE4D were strongly

associated with the age of dementia onset.

3. Future directions: Further validation and more extensive

genomic coverage in larger cohorts are required to con-

firm the role of somatic mutations in AD. Future research

should investigate both somatic and germline mutations

across the genome, as they may contribute to the risk of

EOAD.

output, focusing on candidate somatic variants with variant allele fre-

quencies (VAFs) < 0.4 and excluding those present in the gnomAD

database to filter out likely germline variants.

Post calling, somatic variants were further filtered using the follow-

ing criteria: variants with low confidence scores, those present in com-

mon polymorphism databases (gnomAD, dbSNP), and those with VAFs

<0.02 or>0.4were excluded. Additionally, variants found in repetitive

regions and segmental duplications were removed. Variants passing

these filters were considered high-confidence somatic mutations. The

resulting mutation annotation format (MAF) files were analyzed using

the R package maftools (v2.4.05) to summarize the mutation burden,

variant types, and recurrently mutated genes. Driver mutations were

identified using the OncodriveCLUST algorithm, focusing on genes

known to be involved in neurodegenerative diseases.

2.5 Mutation annotation and statistical analysis

Variants were annotated using ANNOVAR, a comprehensive tool for

annotating variants from VCF files. ANNOVAR provided annotations

including mutation types, genomic positions, and gene-based anno-

tations, enabling detailed characterization of mutations across the

genome. From the annotated data, MAF files were generated, consol-

idating information on mutation types, genomic coordinates, and gene

identities.

These MAF files served as standardized inputs for subsequent sta-

tistical analyses. Statistical analyses were conducted using maftools

in R.27 Maftools facilitated comprehensive statistical exploration of
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mutation data, including mutation burden analysis, identification of

significantly mutated genes, and comparison of mutation profiles

between AD patients and non-AD individuals. Statistical significance

was assessed using appropriate tests to discernmeaningful differences

relevant to AD pathogenesis.

2.6 Functional annotation and impact prediction

Both somatic and germline mutations were comprehensively anno-

tated by FunSeq2.28 Because non-coding variants in regulatory ele-

ments (promoter, enhancer, etc.) can be associated with potential

target genes, this pipeline helps to identify both coding and non-

coding variants of a given gene. Additionally, the functional impact

of each variant was predicted using PredictSNP2,29 categorizing vari-

ants as neutral, deleterious, or unknown. Only variants predicted to be

deleterious, with high functional impact, were selected for gene- and

pathway-level analysis.

To predict if variants affect the protein structure and functions, we

set up the followingpipeline. First, for eachprotein, the sequenceof the

wild-type protein was retrieved fromUniProt and truncated according

to the mutation. For each AlphaFold2 prediction, we used AlphaFold

v2.2.0 with the full BFD database for sequence alignment. We pre-

dicted five structures for each group and the resulting structures were

ranked by predicted local distance difference tests. The top-ranked

complex structurewas picked for further analysis. For visualization, we

use PyMOL 2.3.1 to depict the protein 3D structure and further added

labels in Adobe Illustrator.

2.7 Mutation signature analysis

To elucidate differences in mutational processes between AD and

non-AD subjects, somatic mutations fromWGS data were pooled sep-

arately for each group. Mutational signatures were then constructed

using Mutalisk,30 categorizing mutations into 96 substitution classes.

The decomposition of mutational signatures used a linear regression

maximum likelihood estimation (MLE) method, with reference to 30

standard mutational signatures from COSMIC (Catalogue of Somatic

Mutations inCancer). Thebest-fit combinationof known signatures for

each groupwas determined based on Cosine similarity scores.

2.8 Gene-set enrichment analysis

To gain insights into the roles of somatic mutations in underlying bio-

logical processes (BPs), we performed functional enrichment analysis

on somatic mutations from AD samples using the “clusterProfiler” R

package.31 This analysis encompassed both Gene Ontology (GO) and

Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analyses.

GO terms and KEGG pathways with Benjamini–Hochberg adjusted P

values< 0.05were deemed statistically significant.

2.9 Pathogenic germline mutations in AD risk
genes

In total, 290 known AD pathogenic mutation sites associated with AD

(e.g., pathogenic, risk modifier, possible risk modifier) in three autoso-

mal dominant (APP: 28 sites, PSEN1: 239 sites, and PSEN2: 16 sites) and

two other AD-associated genes (TREM2: 6 sites andMAPT: 1 site) were

curated from theAlzGenemutation database (last updated onApril 27,

2018).32 Additionally, individuals carrying two copies of apolipopro-

tein E (APOE) ɛ4 (rs429358 [C], rs7412 [C]) were also considered to

harbor pathogenic germline mutations. We used the “bamreadcount”

R package to quantify the number of reference and alternative alleles

in brain samples at each germline SNP site.33 To ensure the accuracy of

identified germline SNPs, we used filtered reads (MQ ≥ 20, BQ ≥ 30)

and defined germline SNPs as those with a VAF of ≥ 40%. Suspected

heterozygous germline SNPs identified through “bamreadcount” were

further validated using GATKHaplotypeCaller (v3.5).

2.10 Genome-wide association study

Geneticmatching of EOADcases andNCcontrolswas performedusing

PCAmatchR to mitigate potential confounding from population strati-

fication effects.34 Linkage disequilibrium filtered variants (R2 < 0.1)

were extracted from the array manifest file for the combined set of

cases and controls. Principal component (PC) analysis using PLINK

identified the first 20PCs and corresponding eigenvalues, adjusting for

covariates including disease status, family history, sex, and age.

Imputation of genetic variants was conducted using the Michigan

Imputation Server with the TOPMed reference panel. After imputa-

tion, association analyses were carried out under an additive model

using SNPTEST (v2.5.6). Any PCs that retained significance after

adjusting for covariates were further included in the genome-wide

association study (GWAS) association tests. For the primary GWAS,

germline variants were filtered based on a control minor allele fre-

quency (> 0.5%) and imputation quality score (> 0.7).

In stratified GWAS analyses by AD and NC groups, variants were

subjected to a more stringent control minor allele frequency thresh-

old (> 5%) to mitigate potential spurious associations arising from

small sample sizes. Manhattan plots were generated for visualization

of association results using the “qqman” and “hudson” R packages.

3 RESULTS

3.1 Quantitative comparison of somatic
mutations in the AD and control groups

The description of the cohorts used in this study is provided in Table 1.

We quantified somatic mutations, VAFs, and mutation subtypes of

somatic mutations in patients with EOAD and individuals without AD

based on WGS data. After filtering out mutations with low coverage
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F IGURE 1 Characteristics of somatic mutations in AD and control groups based onWGS data. A, The somatic mutation gene number in AD
and control. B, Distribution of VAFs of pooled somatic mutations fromAD and control individuals. C, Comparison of average counts in exome of
somatic mutations fromAD and control individuals. D, Comparison of mean VAFs of somatic mutations in exome in each group, which are shown as
box plots (center line, median; box limits, upper and lower quartiles; whiskers, maximum andminimum values). AD, Alzheimer’s disease; NC,
normal control; SNV, single nucleotide variant; VAFs, variant allele frequencies;WGS, whole genome sequencing

TABLE 1 Description of the cohorts used in the current study.

AD cases no. (%)

(n= 108)

Controls no. (%)

(n= 116)

Female 61 (56.5) 56 (48.3)

Age at onset mean (SD) 50.4 (6.2) NA

Age at examinationmean

(SD)

54.7 (7.2) 59.3 (7.8)

Abbreviations: AD, Alzheimer’s disease; NA, not available; SD, standard

deviation.

depth (0.4), we detected an average of 1051.06±173.42 (mean± stan-

dard deviation [SD]) somatic mutations per sample (range, 19–1472)

in the EOAD group and an average of 957.11 ± 243.40 (mean ± SD)

somatic mutations per sample (range, 524–1515) in the control group.

A total of 573 somatic mutation genes were identified in EOAD, com-

pared to 266 in the control group (Figure 1A). TheVAFs of the detected

somatic mutations ranged from 32.1% to 37.5% (median: 34.9%) in the

EOAD group and from 16.3% to 36.3% (median: 22.8%) in the control

group (Figure 1B). The average number of somatic mutations was sig-

nificantly higher in the EOAD group compared to the control group

(t test, P = 0.021; Figure 1C). The mean frequency of somatic muta-

tions was significantly higher in the EOAD group than in the control

group (t test, P < 0.001; Figure 1D). These findings indicated that both

the mutation count and genomic location of the somatic mutations

were significantly different between individuals with EOAD and those

without AD.

For EOAD samples, the top three variant classifications were mis-

sense_mutations, in_frame_insertions, and frameshift_insertions,

whereas for control samples, they were missense_mutations,

in_frame_deletions, and in_frame_insertions (Figure 2A,B). The

number of variant types in blood somaticmutations showed significant

differences between individuals with EOAD and those without AD

(P < 0.001; Figure 2B). SNPs were the most common variant type in

both EOAD patients and controls (Figure 2C). The classification of

blood somatic mutations also differed significantly between the two

groups (P < 0.001; Figure 2C). C > T mutations accounted for 53.45%

(650/1216) in the EOAD group and 54.20% (187/345) in the control

group (Figure 2D), with no statistically significant difference observed.

For AD-specific variants, the most common variant classification

and type were missense_mutation and SNP, and C > T accounted

for 53.38% (640/1199) of the mutations (Figure S1 in supporting

information).

3.2 Mutational signature analysis

Somatic cells from different tissues are exposed to various intrinsic

(e.g., DNA polymerase error and impairment DNA repair mechanisms)

and extrinsic (e.g., tobacco smoking and ultraviolet rays) mutagenic

sources. These sources elicit distinct patterns of base alterations and

their associated nucleotide contexts, known as mutational signatures.

To characterize the mutational processes, we first pooled all putative
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F IGURE 2 Substitution spectrum for somatic mutations. The somatic variant classification distribution in the EOAD and control groups (A),
the percentage of each variant classification (B), the percentage of variant type (C), and the percentage of each somatic mutations class (D) in
EOAD cases and control individuals. AD, Alzheimer’s disease; EOAD, early-onset Alzheimer’s disease; NC, normal control

somatic mutations available for signature analysis. We then decom-

posed all possible combinations ofmutation signatures usingmaximum

likelihood estimation (MLE) and identified the best model. Analy-

ses were conducted on 65 single base substitution (SBS) signatures

(adjusted for human whole-exome trinucleotide frequencies) from the

PCAWG database. For EOAD-specific somatic mutations, SBS signa-

tures 5, 1, and 23 accounted for 61.4%, 25.0%, and 6.4% of all somatic

mutations, respectively (Figure 3). However, in the control group, the

top three SBS signatures were 5, 15, and 1, accounting for 48.1%,

21.1%, and 18.4%, respectively (Figure S2 in supporting information).

SBS signature 5 has recently been found to cause an accumulation of

somatic mutations via a universal genomic aging mechanism, although

the underlying cause remains unknown.

3.3 Mutation annotation results

Variants in mutated genes were selected based on the deleterious-

ness predictions reported by PredictSNP2, encompassing both coding

and non-codingmutations. The affected geneswere extracted for each

sample, and their mutation frequencies were compared between indi-

viduals with EOAD and those without AD. A total of 24 AD-specific

genes were frequently affected by deleterious somatic mutations. The

top 10 genes identified were leukocyte receptor cluster member 1

(LENG1);mucin 16 (MUC16);MIR31host gene (MIR31HG); tubulin beta

4B class IVb (TUBB4B); small nucleolar RNA host gene 14 (SNHG14);

APP; major histocompatibility complex, class II, DR beta 1 (HLA-DRB1);

G-protein subunit alpha i2 (GNAI2); LOC100506885, and titin (TTN;

Figure 4). Notably, the TTN gene also appeared among the top 10 genes

in the control group (Figure S3 in supporting information). Our analysis

of sharedgeneannotation revealed significantdifferencesbetween the

EOAD and non-AD groups (Fisher test, Bonferroni-adjusted P < 0.05).

APP and HLA-DRB1 are well-known AD risk genes, while LENG1,

MIR31HG, TUBB4B, SNHG14, andGNAI2 are newly discovered somatic

mutations in patients with EOAD.

Themutation burden for each sample was obtained by counting the

number of mutations across the 24 genes. We compared the muta-

tion burden between the EOAD and NC groups and found it to be

significantly higher in the EOAD group than in the control group

(P< 0.001; Figure S4 in supporting information).
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F IGURE 3 Mutation signatures of EOAD-specific somatic mutaions. The best decomposedmutation signaturemodels frommultiple likelihood
estimation were derived for each tissue along with actual distribution of 96 possible mutation types. SBS signatures 5, 1, 23 and others account for
61.4%, 25.0%, 6.4%, and 7.2% of somatic mutations in EOAD, respectively. AD, Alzheimer’s disease; EOAD, early-onset Alzheimer’s disease; SBS,
single base substitution

F IGURE 4 Landscape of somatic mutations contributing to early-onset Alzheimer’s disease–specific genes

3.4 Pathway analysis results

Gene set enrichment analysis showed that EOAD-specific somatic

mutations were significantly enriched in multiple EOAD-related

KEGG pathways, including motor proteins, cytoskeleton in muscle

cells, gap junctions, pathogenic Escherichia coli infection, pathways

of neurodegeneration–multiple diseases, amyotrophic lateral scle-

rosis, and Huntington disease (Figure 5A). These pathways were

not observed in the non-AD population (Figure S5 in supporting

information).

GO analysis showed that EOAD-specific somatic mutations were

enriched for important BPs such as positive regulation of tumor

necrosis factor production, necroptotic processes, microtubule bundle

formation, astrocyte activation, negative regulation of amyloid beta
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F IGURE 5 Functional analysis of EOAD–specific somatic genes. A, Gene-list enrichment test of putatively pathogenic somatic mutations using
the KEGG. B, Results of GO enrichment analysis for AD-specific genes. AD, Alzheimer’s disease; BP, biological process; CC, cellular component;
EOAD, early-onset Alzheimer’s disease; GO, GeneOntology; KEGG, Kyoto Encyclopedia of Genes and Genomes;MF, molecular function.

(Aβ) clearance, actin filament-based transport, microtubules, dense

core granules, neuronal dense core vesicles, and structural con-

stituents of the cytoskeleton (Figure 5B).

3.5 Drug-gene-KEGG correlation network in AD
cases

We constructed drug–gene–KEGG correlation networks to explore

how mutations affect the clinical and pathological traits of patients

with AD at different omics levels by integrating the drugs, genes, and

KEGGpathways. Drug—gene–KEGGcorrelation network analysis sug-

gested interactions between TUBB4B,HLA-DRB1, TUBB6,APP,MUC16,

MAPT, and drugs. Combretastatin A4, nocodazole, colchicine, pod-

ofilox, and paclitaxelwere correlatedwith twonewgenes (TUBB4B and

TUBB6; Figure S6 in supporting information). These drugs all work by

targetingmicrotubules.

3.6 Landscape of pathogenic germline mutations
in AD

Furthermore, we examined germline mutations in EOAD risk factors.

We found that several genes were associated with EOAD including

potassium two pore domain channel subfamily K member 1 (KCNK1),

kalirin RhoGEF kinase (KALRN), family with sequence similarity 13

member B (FAM13B), sarcospan (SSPN), NACC family member 2

(NACC2), neuronal cell adhesion molecule (NRCAM), and pleckstrin

homology domain containing A7 (PLEKHA7; Figure 6A). Perhaps due

to the small sample size, the risk genes did not reach a significance

level of 5.0 × 10−8. We also found that dedicator of cytokinesis 3

(DOCK3), proprotein convertase subtilisin/kexin type 5 (PCSK5), and

phosphodiesterase 4D (PDE4D) were significantly associated with age

at dementia onset (P< 5.0 × 10−8; Figure 6B).

3.7 Gene expression results

The expression of the somatic and germline genes that we discovered

(LENG1, MIR31HG, TUBB4B, GNAI2, DOCK3, PCSK5, PDE4D, KALRN,

SSPN, NRCAM) was analyzed using data from the National Center for

Biotechnology Information Gene Expression Omnibus dataset (http://

www.ncbi.nlm.nih.gov/geo; GSE5281). The GSE5281 dataset includes

expression data from 74 controls and 87 AD patients. Samples were

obtained from individual brains provided by the Arizona Alzheimer’s

Disease Center, the Duke University Alzheimer’s Disease Center, and

the Washington University Alzheimer’s Disease Center. Small sample

sizes (200 µm sections) from six brain regions, each histopathologi-

cally or metabolically relevant to AD and aging, were collected. Prism

software (version 8.0.0; GraphPad Software, Inc.) was used to com-

pare gene expression between the CN and AD groups (unpaired t test

and Welch t test) and to generate figures. As shown in Figure S7 in

supporting information, except for MIR31HG and GNAI2, there were

statistically significant differences in the expression of other genes

between the AD and control groups. Specifically, LENG1, PCSK5, and

SSPN showed higher expression levels in the brain tissue of patients

with AD than in those of cognitively normal individuals. TUBB4B,

DOCK3, PDE4D, KALRN, andNRCAMwere significantly downregulated

in patients with AD compared to cognitively normal individuals (Table

S1 in supporting information).

3.8 AlphaFold2 structure prediction

To predict the effect of mutations on protein structure, we used

AlphaFold2. The protein structures of GNAI2, LENG1, and TUBB4B

were significantly compromised by premature truncation, resulting in

the loss of crucial functional domains and disruption of their native

conformation, leading to impaired biological activity and potentially

detrimental consequences (Figure S8 in supporting information). This

http://www.ncbi.nlm.nih.gov/geo
http://www.ncbi.nlm.nih.gov/geo
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F IGURE 6 Manhattan plot of P values on the−log10 scale for SNPs with AD status and age of onset. A, P values with AD status. The dashed
line represents P= 1.0 × 10−5. λ= 1.002. B, P values with age of onset. The dashed line represents P= 5.0 ×10−8. λ= 1.056. AD, Alzheimer’s
disease; SNP, single nucleotide polymorphism

truncation probably disrupts the ability of the protein to interact with

othermolecules, leading to a cascade of effects on various cellular pro-

cesses. Furthermore, damagedproteinsmayaccumulate and formtoxic

aggregates that exacerbate cellular dysfunction.

3.9 Predictive model results

We randomly divided the participants into a discovery set (two thirds)

and a testing set (one third). To assess the cumulative effect of multi-

ple AD risk-associated SNPs in predicting AD risk, we calculated PRS

for subjects in the independent testing set based on all 15 implicated

SNPs in the discovery set (Table S2 in supporting information). The 15

SNPs were selected based on the criteria below: (1) exceeded the P

value threshold and (2) when there were several SNPs in strong link-

agedisequilibriumsatisfying these criteria (pairwise r2≥0.2),we chose

the frequently cited one. The performance of the PRS in discriminat-

ing patients with AD from controls was evaluated using the area under

the receiver operating characteristic curve (AUC). The results showed

that the AUC of the PRS for discriminating AD cases from controls was

0.768 (95% confidence interval [CI]: 0.664–0.871; Figure 7A). When

only seven SNPs were used, the AUC of the PRS was 0.729 (95% CI:

0.621–0.836; Figure 7B). The AUCs were increased to 0.795 (95% CI:

0.686–0.904) and 0.784 (95% CI: 0.672–0.897) after adding APOE ɛ4
to themodel (Figure 7).

4 DISCUSSION

In this study, we used WGS to identify somatic and germline muta-

tions across the genome in thebloodofChinese individualswithEOAD.

This analysis revealed unique genes and patterns that pave theway for

future investigations and the identification of potential novel genetic

markers affecting the disease.

UsingWGS on Chinese patients with EOAD and controls, we found

that the total number and mutation burden of blood somatic muta-

tions in patients with EOAD were significantly higher than in controls.

Consistent with our results, other studies have shown that carrying

somatic mutations in EOAD loci may be associated with earlier dis-

ease onset.20,35 Although the individuals with EOAD were younger

than controls,mutation signature analyses showed that EOADpatients

had a 61.4% prevalence of SBS5 (notable for C > T variants), which

was much higher than the control group. SBS5 was recently shown to

be generated via a universal genomic aging mechanism,17 suggesting
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F IGURE 7 ROC curves for two predictivemodels with different predictors. A, PRS1model included 15 SNPs. B, PRS2model included 7 SNPs.
ROC, receiver operating characteristic curve; SNP, single nucleotide polymorphism

that the accumulation of age-related somatic mutation signatures may

be associated with earlier disease onset. We also identified an EOAD-

specific mutation signature, SBS23, which accounts for 6.4% of the

somatic variants in EOAD. However, the mechanisms underlying this

signature remain unclear. Our findings provide important insights into

signature-specific damage related to somatic mutations in EOAD.

We then identified the top 10 candidates for EOAD-specific somatic

mutation-harboring genes, including LENG1, MUC16, MIR31HG,

TUBB4B, SNHG14, APP, HLA-DRB1, GNAI2, LOC100506885, and TTN.

We also identified EOAD-specific somatic mutations significantly

enriched in motor proteins, gap junctions, and necroptotic pathways.

TUBB4B is located in themicrotubules and is predicted tobe involved in

the motor protein pathway. The findings revealed the upregulation of

TUBB4B inDown syndrome and anADmousemodel36 and the involve-

ment of TUBB4B in cellular senescence.37 Motor proteins, the main

components of the axonal transport system, generate directed move-

ments along the cytoskeletal tracks of axons, delivering cargo between

the soma and the synapse.38,39 Previous studies have reported that

defects in motor protein–mediated neuronal transport mechanisms

are involved in tau homeostasis and implicated in AD.40,41 Bejarano

et al.42 found that reduced motor protein content in fibroblasts leads

to insufficient autophagy and contributes to aging. TheGNAI2 encodes

a protein involved in the gap junction pathway. Gap junctions are spe-

cialized transmembrane channels that facilitate neuroglial crosstalk

in the CNS and play a crucial role in dementia.43–45 During aging,

GNAI2 was overexpressed. Studies have revealed that gap junctions

are important regulators of aging and premature senescence.46

Among the other top somatic mutation-harboring genes, long non-

coding RNA SNHG14 is reported to be upregulated in AD serum

samples47 and is involved in AD-related neuroinflammation and nerve

cell apoptosis.48,49 The long non-coding RNA MIR31HG regulates

senescence-associated phenotypes.50 Our results suggest that in addi-

tion to Aβ and tau pathways, the putatively specific somatic mutations

identified in individualswith EOADare known to involve aging andpre-

mature senescence and may contribute to increased risk for EOAD.

However, mutations in these genes have not been reported in AD.

For the first time, we report somatic mutations in these genes in Chi-

nese patients with EOAD. This result suggests that Chinese patients

with EOAD exhibit a unique mutational profile compared to patients

from other ethnic backgrounds. In line with previous findings,15,17,51

we also identified some candidate somatic variants among the

known risk modifiers of AD, such as APP, HLA-DRB1, ABCA7, and

MAPT.

Furthermore,weexaminedgermlinemutations in EOADrisk factors

and found somegenes associatedwithEOAD, includingKCNK1,KALRN,

FAM13B, SSPN, NACC2, NRCAM, and PLEKHA7. However, possibly

owing to the small sample size, these risk genes did not reach a signifi-

cance level of 5.0 × 10−8. Among these, KALRN encodes a protein that

interacts with huntingtin-associated protein 1, a huntingtin-binding

protein that may function in vesicle trafficking. Dysregulation of the

KALRN gene has been linked to various neurological disorders, includ-

ing AD.52 Reducing Kalrn in APPswe/PSEN1dE9 mice resulted in

higher levels of synaptic proteins and resilience to the progression

of psychosis-associated behaviors.53 Interestingly, we found higher

expression levels of KALRN in the brain tissues of patients with AD

than in those of CN individuals. NRCAM encodes a neuronal cell adhe-

sion molecule that promotes directional signaling during axonal cone

growth. Aprevious studydemonstrated thatNRCAM is amarker for the
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substrate-selective activation ofADAM10 inAD.54 Cerebrospinal fluid

NRCAM was correlated with the severity of cognitive impairment,55

and can improve the diagnostic accuracy of Aβ42 and tau for AD.56

We also found that DOCK3, PCSK5, and PDE4D were signifi-

cantly gene-wide associated with age of onset. DOCK3 encodes a

member of the DOCK (dedicator of cytokinesis) family of guanine

nucleotide exchange factors. Its interaction with presenilin proteins

as well as its ability to stimulate tau/MAPT phosphorylation sug-

gests that it may be involved in AD. DOCK3 mutations have been

reported to be associated with neurodevelopmental disorders and

impaired intellectual development.57 PCSK5 encodes a member of the

subtilisin-like pro-protein convertase family.58 AGWASshowedPCSK5

mutations are linked to PHF-tau measurement,59 neurofibrillary tan-

gle measurement,59 AD,60 and cognitive impairment.58 The PDE4D

encoded protein has 3′,5′-cyclic adenosine monophosphate (cAMP)

phosphodiesterase activity and degrades cAMP, which acts as a signal

transduction molecule in multiple cell types. Paes et al.61 found that

increased PDE4D1 and -D3 isoform expression was associated with

higher plaque and tau pathology levels, higher Braak stages, and pro-

gressive cognitive impairment. Inhibition of specific PDE4D isoforms

can enhancememory processes.62

Using combinations of germline mutations identified in this study,

we established predictive models for EOAD. A polygenic risk score

can predict disease and allow the selection of patients with high

polygenic risk scores for clinical trials andprecisionmedicine.63 Chaud-

hury et al.64 reported a prediction accuracy of 75.5% for EOAD risk

with certain predictors (APOE, polygenic risk score calculated from >

9000 SNPs, and sex). However, the model included too many SNPs,

preventing its clinical use. Therefore, we established predictive mod-

els to determine the risk of EOAD development. Our 15-germline

mutation-based model identified patients with EOAD and healthy

controls with 77% accuracy. The application of this model is not

affected by the sample type and does not require adjustments for

other variables. Individualized risk scores can be obtained by SNP

microarrays or DNA sequencing. By detecting the status of the 15

mutations inbloodor tissue samples, clinicians candistinguishbetween

EOAD and NCs. Therefore, the model has universal applicability and

is almost unaffected by the technological differences among medical

centers.

This studyhas some limitations. First, false-positive reads of somatic

mutations may occur because of DNA damage during cell lysis and

DNA polymerase errors during amplification, making them indistin-

guishable fromnaturally occurring somatic variants. Further validation

and deeper coverage of larger cohorts are necessary to confirm the

involvement of somaticmutations in AD. Second, because brain tissues

were unavailable for sequencing, we detected somatic mutations by

sequencing DNA isolated from the blood. Considering that the gener-

ation rate of somatic mutations in the blood may be five times higher

than that in the brain, the interpretation of these mutations requires

caution. Future investigations should explore the similarities between

the somatic mutations identified in blood and brain tissues of the Chi-

nese population. Third, larger scale studies are needed to better define

the somatic and germline genetic landscapes in Chinese patients with

EOAD. Additionally, predictive models should be validated in larger

populations. Fourth, functional studies on the candidate genes are lack-

ing. Further investigations are warranted to understand the functional

consequences of these risk genes in EOAD.

In this study, we delineated the genomic landscape of EOAD in a

Chinese population byWGS of blood samples.We uncovered a distinc-

tive mutation signature associated with EOAD and identified somatic

mutations in genes related to cellular senescence, potentially shedding

light on its etiology and offering new therapeutic targets. Furthermore,

we identified novel germline mutations that predispose individuals to

EOAD and developed a predictive model based on these 15mutations,

which holds promise for clinical applications.
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