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Although Alzheimer’s disease (AD) has a polygenic architecture, with
numerous associated single-nucleotide polymorphisms (SNPs) identified,
the contribution of structural variants (SVs) is unclear. In this study, using
long-read (n =11) and short-read (n = 3,190) sequencing data from the
Chinese population, we show that common SVs contribute to AD heritability
beyond common SNPs. We identify an expanded CCG repeatin the
FAM193B promoter that shows a genome-wide significant association with
increased AD risk (odds ratio =2.20 per 10-repeatincrease, P=5.5x1073).
The expanded FAM193B-CCG repeat increases FAMI193B expression and
mediates the pleiotropic association between brain FAM193B expression
and AD risk. Analyses of postmortem human brains and cultured neuronal
cells show that elevated neuronal FAM193B expression is associated with
DNA damage and cell death-related pathways. These findings establish the
common FAMI193B-CCG repeat as an AD risk genetic factor and highlight the
contribution of common SVs to AD heritability.

AD, a progressive neurodegenerative disorder, is the most common
type of dementia and one of the leading causes of death in the aged
population’. ADis highly heritable and exhibits polygenic architecture®.
Genome-wide association studies (GWASs) have identified more than
70risk locifor AD*. Most identified AD risk genetic variants are common
variants with minor allele frequency (MAF) > 0.05, such as APOE €4,
whichisthe mostsignificant AD risk genetic variant and has high disease
penetrance (oddsratio (OR) = 3.2 for heterozygous carriers)*. Although
other common genetic variants exert relatively weak effects on AD risk,
their polygenic effects account for a substantial proportion of herit-
ability’. Nonetheless, the known AD-associated genetic variants do not
fully explain the observed heritability of AD? indicating the presence
of unidentified disease-associated genetic factors.

Existing genetic studies are limited by their focus on small genetic
variants, such as SNPs. Consequently, the disease associations of SVs,
which affect genomic regions larger than 50 base pairs, are largely
overlooked®. Compared to SNPs, SVs affect more nucleotide content
in the human genome and play arole in disease susceptibility’. Indeed,
genetic studies illustrate strong risk effects of rare SVs on AD and
other neurodegenerative diseases® ™. For example, duplication of
APPis reported to cause autosomal dominant AD in a few families".
Recent genetic studies on SVsand tandem repeat expansions reveal an
increased polygenic burden of rare SVsin patients with sporadic AD'*".
These findings indicate that rare SVs modulate the risk of developing
AD. However, it is largely unclear how common SVs contribute to AD
risk. Given the high prevalence of common SVs, investigating their roles
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inmodulating AD risk and gene expressionisimportant tounderstand
the genetic etiology of AD in the general population. Moreover, as SVs
generally exert stronger effects on molecular phenotypes than indi-
vidual SNPs™, they present new opportunities for identifying common
genetic variants with relatively high AD penetrance.

The major bottleneck to studying SVs has been reliance on micro-
array or short-read sequencing (SRS) technologies, which cannot
accurately discover or genotype more than half of SVs owing to their
limited ability to resolve full sequences spanning the SVs”. However,
recent advances in long-read sequencing (LRS) enable sensitive dis-
covery of SVs using continuous long reads of several kilobase pairs' %,
Furthermore, LRS provides precise information about SV sequences
and breakpoints, enabling the use of SRS data to genotype SVs with
relatively high accuracy”.

Accordingly, in the present study, we used a hybrid sequenc-
ing strategy combining small-scale LRS data and large-scale SRS
datato investigate the contribution of common SVs to AD, thereby
mitigating the high cost of LRS. We show that common SVs contrib-
ute to additional AD risk beyond that explained by common SNPs.
Notably, we identified a common CCG repeat polymorphism in the
FAMI93B promoter as an AD risk variant with genome-wide signifi-
cance. This FAM193B-CCG repeat mediates the pleiotropic associ-
ation between brain FAM193B expression and AD risk. Supporting
its regulatory effect, longer FAMI193B-CCG repeats enhance tran-
scription factor binding to the FAM193B promoter and upregulate
FAMI93B gene expression. Moreover, the repeat is associated with
neuronal death-related pathways and decreased gray matter volume
inthe human brain. Consistently, FAM193B overexpressionin cultured
neuronal cells increases DNA damage pathways, suggesting that ele-
vated FAM193B expression promotes neuronal death. Thus, our study
identifies acommon repeat polymorphism in the FAM193B promoter
as a genetic risk factor for AD and highlights the impact of common
SVs on neurodegeneration-related pathways.

Results
SV calling and genotyping
We first generated areference set of SVs based on the PacBio continu-
ous long-read data from 11 Chinese genomes, including two samples
sequenced in-house and nine public samples (Supplementary Table1).
After filtering out low-quality and duplicate reads, we obtained 1.37
terabases of clean long reads with an average length of10.35 kilobases,
whichis 40-fold (s.d. =17.7) average coverage of the human genome
(Supplementary Table 2 and Supplementary Fig. 1).

To perform sensitive SV discovery using LRS data, we performed
SV calling against the GRCh38 reference genome for each sample
by combining two long-read aligners—NGMLR' and minimap2
(ref. 20)—with three SV callers: Sniffles2 (ref. 16), cuteSV** and SVIM"
(Fig. 1a). After merging the results from the six SV calling methods,
we identified 125,530 non-redundant SVs (Supplementary Table 3).
To obtain a high-confidence SV call set, we utilized a random forest
model to classify individual SV calls (Fig. 1a), yielding areas under
the receiver operating characteristic curves (AUROCs) of 0.981 for
insertions and 0.958 for deletions (Extended Data Fig. 1a). Moreover,
compared to single SV calling methods, the random forest model
enabled more accurate SV calling with scalable stringency (Fig. 1b,c
and Supplementary Table 4). By retaining SVs with a false discovery
rate (FDR) < 5%, we identified 44,122 SVs, including 21,821 insertions
and 22,301 deletions (Extended Data Fig. 2). We compared the fil-
tered SVs with those reported in other studies or represented in the
T2T-CHM13 reference genome (Supplementary Table 5). Most common
SVs (96.7%) were present in public SV datasets, whereas the novel SVs
identified in this study are predominantly restricted to 1-2 haplotypes
(Extended DataFig.2b,c), supporting the robustness of theidentified
SVs. Further demonstrating the accuracy of SV genotypes, in the two
parent—child trios, the filtered SVs exhibited lower Mendelian error

rates than raw SV calls (decreasing from 7.7% to 2.4% and from 6.3% to
2.1% in these families; Fig. 1d). Thus, these results demonstrate that
our multi-method SV calling approachyields high-confidence SVs.

We subsequently genotyped the high-confidence SVs in a Hong
Kong Chinese cohort (n=2,333; Fig. 1a and Supplementary Table 6)
using Paragraph with high-coverage SRS data (35x)". To evaluate the
accuracy of SVgenotyping, we compared the correlations between the
allele frequencies derived from SRS and LRS data. After conventional
genetic quality control (Methods), the allele frequencies obtained from
SRS datawere moderately correlated with those from LRS data for both
insertions (r=0.693, P<2.2 x107; Fig. 1e) and deletions (r=0.583,
P<2.2x107%;Fig.1f), suggesting the presence of genotyping errorsin
SRS data. To address these genotyping errors, we performed SRS-based
genotypingin five LRS samples that also had 35x SRS dataand applied
a stringent filtering procedure by retaining SVs that exhibited 100%
concordance between the LRS and SRS genotypes in those five sam-
ples. The remaining SVs (n =17,294) exhibited strong allele frequency
correlation between LRS and SRS data for both insertions (r=0.930,
P<2.2x107'%; Fig. 1e) and deletions (r=0.942, P < 2.2 x107%; Fig. 1f).
We then benchmarked the filtered SVs by performing PacBio HiFi
sequencing (30x) on onerandom sample, using the consensus call from
Sniffles and cuteSV across the 17,294 SVs as the truth set. The filtered
SRS-based SV genotyping achieved high accuracy, with F1 scores of
0.938 for insertions and 0.934 for deletions (Extended Data Fig. 1b).
Therefore, by applying a hybrid sequencing method, weidentified and
genotyped high-confidence SVs in the study cohort.

Functional annotation of SVs

To investigate the biological functions of the high-confidence SVs
identified by LRS data (n = 44,122), we examined their enrichment
in functional genomic elements. Both insertions and deletions were
rarer in exons, 3’ untranslated regions (UTRs), regions with distal
enhancer-like signatures and CTCF-binding regions (P < 0.001; Fig. 2a
and Supplementary Table 7). Moreover, SV enrichment analysis in
different types of genes revealed that deletions were less prevalent
in protein-coding genes (OR = 0.85, 95% confidence interval (CI):
0.76-0.93, P < 0.001) and more prevalent in pseudogenes (OR =3.77,
95%Cl:2.65-4.92,P < 0.001) (Fig. 2b and Supplementary Table 8). There-
fore, therelativeintolerance of SVsin functional regions suggests that
they modulate gene expression and functions, potentially conferring
risk effects on human diseases.

We subsequently investigated the potential involvement of SVsin
human diseases by examining their abundance in known disease risk
loci”. Notably, neurological disorder loci harbored more SVs (n = 3,144,
averaging 2.9 SVs per locus) than other disease loci (Fig. 2c). This dif-
ference is possibly attributable to the longer genomic spans of neu-
rological disorder loci (Fig. 2d), which reflects the generally greater
length of genes involved in neuronal functions®. However, after nor-
malization by locus length, cancer risk loci exhibited the highest SV
density (16.1SVs per megabase pair; Supplementary Table 9). Next,
we analyzed the pathogenic impacts of SVs based on their genomic
features by using Combined Annotation Dependent Depletion scores
for SVs (CADD-SV)*. SVs with higher CADD-SV deleteriousness scores
weremore likely toreside in known disease risk loci (Fig. 2e). Notably,
among SVs with a CADD-SV score greater than 16 (that is, the top 2.5%
most deleterious SVs; n=111), 61.3% of SVs, including 13.2% predicted
as loss-of-function SVs, were not in any known risk locus. Thus, these
SVs could tag disease risk loci not investigated in previous GWASs.

Polygenic effects of common SVson AD

Although a few rare SVs are associated with AD" ", it is unclear how
common SVs (that is, MAF > 5%) contribute to AD risk. Therefore, we
performed genome-wide association analysis (Supplementary Fig.2)
and polygenic risk score (PRS) analysis using common SNPs or SVs.
The PRS models were generated by the clumping and thresholding
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Fig.1|SV calling and genotyping using a hybrid sequencing strategy.

a, Analytical workflow of SV discovery, joint SV calling, SV genotyping and AD
association analysis of SVs. Blue and black rectangles denote the sequencing
reads and reference genome, respectively. b,c, Precision-recall curves of
insertions (b) and deletions (c) identified by different SV calling methods.

Therandom forest filter cutoff was determined by precision = 0.95.d, Mendelian
error rates of identified SVs. n = 2 families. Bars represent mean values.

e f, Correlations between the allele frequency (AF) obtained from the LRS data
and SRS datafor insertions (e) and deletions (f). Alt, alternative allele; r, Pearson’s
correlation coefficient; Ref, reference allele; RF, random forest.
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method with repeated 10-fold cross-validation, excluding the APOE
locus to prevent it from dominating the models. The PRS models of
SNPs and SVs best predicted AD with Pvalue thresholds of 0.01and 0.05,
respectively (Supplementary Table 10). Interestingly, the SV models
predicted AD risk (* = 0.056, AUROC = 0.611) better than the SNP mod-
els (=0.046, AUROC = 0.597) (P=0.022) (Fig. 3a,b). Moreover, the
PRSs calculated from SNPs and SVs were weakly correlated (72 = 0.005;
Fig. 3c), suggesting that SNPs and SVs capture different genetic risks
of AD. Accordingly, we constructed PRS models combining both SNPs
and SVs (‘SNP +SV models’ hereafter), which explained more AD vari-
ance (r*=0.098, AUROC = 0.649) than the models solely using SNPs
orSVs (P<2.6 x107) (Fig. 3a,b). Toinvestigate whether the improved
performance of the SNP + SV models was due to the linkage disequi-
librium between SVs and SNPs, we conducted conditional PRS analysis
(‘SNP,4+ SV models’ hereafter) by adjusting the SNPs’ effect with the
lead AD-associated SV within 1 megabase. The SNP + SV and SNP,; +
SV models showed similar predictive performance for AD (P> 0.11;
Extended DataFig. 3a,b) and yielded highly correlated PRSs (1> = 0.977,
P <2.2x107%%; Extended Data Fig. 3¢), suggesting that the SNP + SV
models’ performance is not confounded by linkage disequilibrium
between SNPs and SVs.

To validate the PRS models, we applied a representative SNP
+SV model (that is, one with a PRS r* value close to the mean of the
cross-validation results) to AD and cognitively normal controls (NCs)
in the corresponding validation set as well as additional participants
with mild cognitive impairment (MCI). Accordingly, individuals with
MCI had higher PRSs than NCs but lower PRSs than patients with AD
(Fig.3d). We then categorized participantsinto low, medium and high
PRS groupsaccording to PRS tertiles. Interestingly, the high PRS group
had larger proportions of individuals with AD (16%) and MCI (75%) than

the medium PRS group (AD: 11%, MCI: 70%) or the low PRS group (AD:
9%, MCI: 62%) (Fig. 3e). Moreover, both the SV model (AUROC = 0.64,
95% Cl: 0.58-0.70) and the SNP + SV model (AUROC = 0.62, 95% CI:
0.56-0.68) distinguish MCI from NC more accurately than the PRS
modelsolely based on SNPs (AUROC = 0.54, 95% Cl: 0.48-0.60, DeLong
test P<0.012, net reclassification improvement > 0.146; Fig. 3f and
Supplementary Table11), underscoring the significant contributions of
common SVsto AD and related dementias. Therefore, the PRS analyses
collectively suggest that common SVs account for additional herit-
ability of AD that is not captured by common SNPs.

Identification of acommon AD risk repeat polymorphismin
the FAM193B locus

The significant contribution of common SVs to AD suggests that they
areimportant geneticrisk factors. Toidentify candidate AD-associated
SVs that may exert causal effects on molecular functions during dis-
ease pathogenesis, we analyzed the associations between AD and
common SVs predicted to be highly deleterious (that is, CADD-SV
score >16). Among the deleterious SVs, aninsertion in the promoter/
5 UTR of the FAM193B gene was most significantly associated with
AD (OR=1.60,95% Cl:1.17-2.21, P=3.6 x 1073, CADD-SV score =19.6;
Supplementary Table 12). For validation of thisinsertion, we performed
PacBio HiFisequencing onarandom heterozygous carrier of this inser-
tion. The inserted sequence wasidentified as an expanded CCG repeat
(Fig.4a), highlighting that the prior analysis, which treated the repeat
as afixed-length insertion, does not fully capture its polymorphism.
To quantify repeat polymorphisms, we reanalyzed the SRS data using
tandem repeat callers (Methods and Supplementary Fig. 3a)**"°. The
FAM193B-CCG repeat was highly polymorphic, with alleles ranging from
four to more than 30 repeats (Fig. 4b). Moreover, the FAM193B-CCG

Nature Neuroscience


http://www.nature.com/natureneuroscience

Article

https://doi.org/10.1038/s41593-026-02481-z

a - -18 b c
p=a0x10_ P=4.0x107"
027 P=3.7x10 087 T po26x107 " =0.005
el
P=22x1072 P=22x107
el
0.15 4
L 8 &
%] 0.1+ x ~ 05
x > %] |- et —
0.05
0.5
0- - r 1 T 0 T 1
SNP SV SNP+SV SNP SV SNP+SV 0 05 1
PRS model PRS model PRS (SNP)
d i i e f MCl vs. NC
Low ’}"ed'“m High  ppg ,_ 190 180 189 100 -
| B8 o
8 0.62| [0.70 O mal
Q 0.75| [l AD 80
> 075 1
o 5 —
S X
AD 2 < 60 A
[} 2
5 9% =
[72]
S £ 40+
MCI t n
S 025 [029 AUROC (95% ClI)
< [ 20 |
& o419 " —sv 0.64 (0.58-0.70)
NC ‘ | o : : 0-?9 o — SN‘P +SV 062 (O.‘5670.68‘)
0 0.25 05 0.75 1 Low Medium High 0 20 40 60 80 100
PRS (SNP +SV) PRS (SNP + SV) 1 - specificity (%)

Fig. 3 | Polygenic effects of common SVs on AD. a, Association between AD and
PRSs calculated using SNPs, SVs and both SNPs and SVs (‘SNP +SV’). Ten times
repeated 10-fold cross-validation. Paired two-tailed Wilcoxon signed-rank test.
r?,Nagelkerke’s pseudo r*. b, AUROCs showing the performance for distinguishing
patients with AD from NCs using SNP, SV and SNP + SV PRS models. Ten times
repeated 10-fold cross validation. Paired two-tailed Wilcoxon signed-rank test.
Inaandb, box plots show medians, interquartile ranges, 10th and 90th percentiles
and allindividual values. ¢, Correlations between the PRSs calculated from SNPs

and SVs. %, Pearson’s correlation coefficient. d, Distributions of the PRSs in
participants with AD, participants with MCland NCs. Dashed lines denote PRS
tertiles of participants with alow, medium or high risk of AD. e, Proportions of
NC, MCland AD participantsin different AD risk groups. f, ROC curve showing
the performance of the PRS model for distinguishing participants with MCI from
NCs. The AUROCs and 95% Cls are shown in the bottom right. The PRS models
fromarepresentative fold (*=0.047,0.055 and 0.088 for the SNP, SV and
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repeat polymorphisms genotyped by tandem repeat callers were cor-
related with the high-confidence insertion genotypes generated by the
Paragraph method (Supplementary Fig. 3b), indicating that the repeat
genotyping results are also of high confidence.

We analyzed the dosage effects of the FAM193B-CCG repeaton AD
risk by performing association analysis using both the additive model
(thatis, the summed repeat length fromboth alleles) and the dominant
model (that is, the repeat length of the longer allele). Accordingly,
the FAM193B-CCG repeat was significantly associated with increased
AD risk in both the additive model (8=0.056, P=5.3 x10°®) and the
dominant model (8=0.081, P=8.1x107"°) (n= 651 AD versus n =981
NC; Fig. 4c and Supplementary Table 13). Conditional analysis sug-
gests that the effect of the FAM193B-CCG repeat is independent of
nearby SNPs (P=4.3 x107and P= 6.9 x 10~ for the additive and domi-
nant models, respectively; Supplementary Table 14). Furthermore,
association analysis using an independent mainland Chinese cohort
(Supplementary Table 6)* replicated the association between the
FAM193B-CCGrepeatandincreased AD risk (additive model: = 0.035,
P=7.7x107% dominant model: =0.073, P=3.0 x10™*; n =865 AD
versus n =693 NC; Supplementary Table 13). Meta-analysis of the two
Chinese cohorts identified genome-wide significant associations
(Bonferroni correction cutoff =1.7 x 10°%) between the repeat and AD
for both the additive model (8=0.048, P=1.2 x10”°) and the domi-
nantmodel (8=0.079,P=5.5x10") (n=1,516 AD versus n=1,674 NC;
Supplementary Table 13).

Of note, the estimated per-repeat effect sizes of the FAM193B-CCG
repeat suggest that long repeat expansions may confer relatively high

disease penetrance (equivalent to ORs of 1.6 and 2.2 per 10 repeats
for the additive and dominant models, respectively). To estimate the
risk effects of FAM193B-CCG with different repeat length cutoffs, we
performed association analysis of AD by comparing participants with
thelonger allele carrying >n CCG repeats against those who harbored
<11CCGrepeats. Accordingly, the AD risk effects of the FAMI93B-CCG
repeat increased with repeat length (Fig. 4d-f). In particular, the
FAMI193B-CCG repeat with >18 CCG repeats exhibited the most sig-
nificantassociation with AD (OR =2.11,95% Cl: 1.68-2.65,P=1.1 x107%;
Fig.4fand Supplementary Table 15) and was prevalent in the Chinese
population (carrier frequency = 0.199 and 0.309 in NCs and patients
with AD, respectively). These findings collectively suggest that the
common FAM193B-CCG repeat polymorphismisan AD risk variant with
genome-wide significance in the Chinese population.

We subsequently replicated the above association analysis in the
European population using the UK Biobank (Supplementary Meth-
ods)*®. Accordingly, the FAM193B-CCG repeat exerted nominally sig-
nificant association withincreased AD risk in the European population
(additive model: 8= 0.015, P=2.9 x107*; dominant model: f=0.012,
P=9.2x107% n=2,674 clinically diagnosed AD versus n=22,996 NC;
Supplementary Table 13). Among all common FAMI193B-CCG repeats,
alleles with =19 CCG repeats (FAMI193B-CCG,,,) were most significantly
associated with AD (OR=1.21, 95% CI: 1.05-1.41, P=1.1x107% Fig. 4g
and Supplementary Table 16), whichis similar to the >18 CCG cutoffin
the Chinese population. Conditional analysis showed that the effect
ofthe FAM193B-CCG repeat is independent of the lead AD-associated
SNP (thatis, rs335480) reported in European AD GWASs>” (P=1.6 x 1072
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Fig. 4 |Identification of acommon AD-associated CCG repeatin the FAM193B
locus. a, PacBio HiFi sequencing validation of the insertion in the FAMI193B
promoter region. The promoter annotation (red) was retrieved from the SCREEN
database. b, Prevalence of the FAMI193B-CCG repeat polymorphism in the study
cohort. ¢, LocusZoom plot showing the associations of genetic variants in the
FAMI193Blocus with AD. Logistic regression. Filled colors denote the linkage
disequilibrium (as measured by |r]) between the FAM193B-CCG repeat and nearby
genetic variants. d,e, Risk effects of the FAMI93B-CCG repeat on AD with different

CCG repeat length (longer alleles)

repeat length cutoffs in the Hong Kong Chinese cohort (d) and the mainland
Chinese cohort (e). f, Meta-analysis of the risk effects of the FAM193B-CCG repeat
on ADin the Chinese population. Fixed-effect meta-analysis model. g, Risk
effects of the FAM193B-CCG repeat on AD with different repeat length cutoffs in
the UK Biobank. In d-g, associations were examined by logistic regression under
adominant model; dataare presented as ORs with 95% CI. Black and red dotted
linesindicate ORs of1and 2, respectively. Mb, megabase.

and P=4.5x107*for conditional analysis with additive and dominant
models, respectively; Supplementary Table 14). To explore the cor-
relation between the FAM193B-CCG repeat and nearby AD-associated
SNPs, we performed linkage disequilibrium analysis of FAMI193B-CCG,,.
with other SNPsinthe FAMI193Blocus. Although most SNPs in thislocus
were not in linkage disequilibrium with FAM193B-CCG,,. (Ir| <0.2),
the candidate AD-associated SNPs that passed the locus-wise sig-
nificance threshold (P < 0.05/831= 6.0 x107°) exhibited the highest

linkage disequilibrium with FAM193B-CCG,, (0.2 <|r| < 0.5; Extended
Data Fig. 4a). Moreover, the AD risk effects of SNPs in the FAMI93B
locus were positively correlated with their linkage disequilibrium (as
measured by r) with FAM193B-CCG,, (r=0.550, P=7.8 x10™%; Extended
DataFig.4b). Therefore, these results collectively support the FAM193B-
CCGrepeatas an AD risk factor in the European population.
Although the FAM193B-CCG repeat is associated with AD in both
the Chinese and European populations, its effect size is smaller in the
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European population (Fig. 4f,g). To understand the genetic basis of
this ethnic difference, we performed local ancestry analysis with the
inclusion of additional samples of mixed European ancestry from the
UK Biobank (Extended Data Fig. 5a). Interestingly, the FAMI193B-CCG
repeat positively interacted with East Asian local ancestry within its
50-150-kilobase upstream region in modulating AD risk (8= 0.170,
Bonferroni-adjusted P< 0.05; Extended Data Fig. 5b). Thisinteraction
likely accounts for the stronger AD risk effect observed inthe Chinese
population. Thus, these findings establish the FAM193B-CCG repeat as
anADrisk variantinboth the Chinese and European populations, with
greater disease penetrance in the Chinese population.

The FAM193B-CCG repeat mediates the pleiotropic association
between FAM193B expression and AD

Given that the AD risk FAM193B-CCG repeat resides in the FAMI193B
promoter (Fig.4a), it may confer disease risk by modulating FAM193B
expression. We found that FAM193B was expressed across all human
tissues (transcripts per million (TPM) > 10, Genotype-Tissue Expres-
sion (GTEx) dataset; Supplementary Table 17)*°. Moreover, single-cell
transcriptomic data in human blood and brain tissues illustrate that
FAM193B exhibited similar expression levels across cell types within
each tissue and across multiple brain regions (Supplementary Figs. 4
and 5), suggesting low cell type specificity of FAMI93B expression.
To investigate the genetic regulation of FAMI93B, we performed
expression quantitative trait loci (eQTL) analysis of FAMI93B using
the blood bulk RNA sequencing (RNA-seq) data of the Hong Kong
Chinese cohort®. Accordingly, the FAM193B-CCG repeat was one of the
top eQTLs associated with increasing FAM193B expression (= 0.026,
P=9.1x10"%, additive model; Fig. 5a and Extended Data Fig. 6). Inter-
estingly, blood expression of FAMI93B was higher in patients with AD
thanNCs (P=2.0 x 107; Fig. 5b), suggesting that FAM193B expression
is associated with AD.

Next, we investigated the regulatory role of the FAM193B-CCG
repeat on FAM193B gene expressionin the human brain. The FAM193B-
CCGrepeat was associated with increased FAMI93B expression in the
brain as reported by an eQTL study (P=1.3 x10"%; ROSMAP dataset;
Extended Data Fig. 6)*. To further investigate its regulatory roleamong
different brain cell types, we analyzed the single-nucleus RNA-seq
data of postmortem human brain tissues obtained from the UK Brain
Bank Network (UKBBN)*’. FAM193B-CCG was consistently associated
with increased FAM193B expression across all cell subpopulations
commonly detected in the dataset (Fig. 5c, Extended Data Fig. 7 and
Supplementary Tables 18 and 19). Notably, it was associated with
increased FAMI93B expression in neurons (8=0.003, P=3.1x107"),
astrocytes (8=0.003,P=2.3 x10°) and oligodendrocytes (= 0.003;
P=2.9 x107%) at genome-wide significance and in oligodendrocyte

progenitor cells (8=0.003, P= 6.4 x10°°) at suggestive significance
(Fig. 5c and Supplementary Table 18). Interestingly, FAMI93B gene
expression was higher in neurons, astrocytes and oligodendrocytes
in patients with AD than in NCs (adjusted P <1.5 x107%; Fig. 5d and
Supplementary Table18), suggesting that, in these cell types, FAM193B
could beinvolved in AD pathogenesis.

The associations of FAM193B expression with AD and the AD risk
FAM193B-CCG repeat implicate FAM193B expression in AD patho-
genesis. To examine their causal relationship, we performed sum-
mary data-based Mendelian randomization (SMR) analysis. Both the
single-variant SMR test and the heterogeneity in dependent instru-
ments (HEIDI) testindicated that the FAMI193B-CCG repeat is ashared
causal variant of AD and FAM193B expression in both blood (adjusted
Poyr=5.5%107, Pypp = 0.239) and the brain (adjusted Pgy = 2.8 1072,
Pyeip = 0.259) (Fig. Se and Supplementary Table 20). To validate the plei-
otropic association between FAM193B expression in different tissues
and AD risk, we performed a multivariant SMR (SMR-multi) test. Only
the pleiotropic association between brain FAM193B and AD remained
significant after multiple test correction (adjusted Pgyg.mu = 1.7 X 1073
Fig.5e,f), whereas the test for blood FAM193B was nominally significant
(Psmromari = 2.3 X 107%; Fig. 5e), highlighting that the regulation of brain
FAM193B expression is more important for AD. To determine which
cell type(s) account for this pleiotropic association in the brain, we
conducted SMR analysis with cell-type-specific cis-eQTL results (Sup-
plementary Data 1). Notably, neuronal FAM193B expression passed
all SMR tests (adjusted Pgyz = 2.6 x 1072, adjusted Psyg.mue =1.0 X 1072,
Pyep = 0.055; Fig. 5e,g). No other cell types showed sufficient
genome-wide significant eQTLs for the SMR test (thatis, microgliaand
oligodendrocyte progenitor cells) or the SMR-multi test (that s, astro-
cytes and oligodendrocytes) (Fig. 5e and Supplementary Table 20).
Therefore, these results suggest that the FAM193B-CCG repeat is the
causal variant mediating the pleiotropic association between neuronal
FAM193B expression and AD risk.

To investigate how the FAM193B-CCG repeat confers causal
effect on FAMI93B gene expression, we analyzed the epigenetic pro-
file and transcription factor binding in this CCG repeat region. The
FAM193B-CCG-harboring region exhibited a promoter-like signature
inbrain tissues as indicated by strong H3K4me3 and H3K27ac signals
in the frontal cortex and high chromatin accessibility across all brain
cell types (Fig. 5h). In silico analysis further identified MAZ as a can-
didate transcription factor that binds to the FAM193B-CCG repeat
region (Fig. 5h). Interestingly, MAZ knockdown decreased FAM193B
expression in K562 cells (TPM decreasing from 5.2 to 2.8; Fig. 5i), sup-
porting the role of MAZ in regulating FAMI193B expression. To inves-
tigate whether FAMI93B-CCG repeat length modulates the binding
of FAM193B promoter with MAZ, we performed an electrophoretic

Fig. 5| The FAM193B-CCG repeat mediates the pleiotropic association
between FAM193B expression and AD. a, Association between the FAM193B-
CCGrepeat and blood FAM193B expression level. n=1,260. Linear regression
under an additive model. b, Association between AD and blood FAM193B gene
expression. n =481 patients with AD and n = 566 NCs. Robust linear regression. In
aandb, box plots show medians, interquartile ranges, 10th and 90th percentiles
and allindividual values. ¢, Associations between the FAM193B-CCG repeat

and FAM193B expression in different brain cell types. n =101. Hurdle model
regression under an additive model. ***P= 6.4 x107¢, P < 5x107%. Data are
presented as effect sizes with 95% Cls. d, Cell-type-specific changes of brain
FAMI93B gene expression in patients with AD compared to NCs. n = 58 patients
with AD and n = 44 NCs. Hurdle model regression. *Bonferroni-adjusted P = 0.012,
**Bonferroni-adjusted P <1x 107", Dataare presented as effect size with 95% CI.
e, SMR analysis of the causal effect of the FAMI93B-CCG repeat on FAM193B
expression and AD. f,g, SMR-multi plots showing the pleiotropic association
between AD and FAM193B expression in the brain (f) and neurons (g). n =551,
n=101and n= 25,670 for brain eQTLs, neuronal eQTLs and AD association,
respectively. The top cis-eQTL is colored red; the colors of other dots represent

their linkage disequilibrium (as measured by r) with the top cis-eQTL. Data

are presented as effect size + s.e. h, Epigenetic profile and transcription factor
bindingin the FAMI193Blocus. The single-nucleus assay for transposase-
accessible chromatin using sequencing (snATAC-seq) signals represent —log;,(P).
The chromatinimmunoprecipitation followed by sequencing (ChIP-seq) signals
represent the fold change compared to theinput control. i, Changes in FAM193B
expression after MAZ knockdown in K562 cells. n = 2 biological replicates per
group. Data are presented as mean + s.e.m.j, Electrophoretic mobility shift assay
comparing the binding between MAZ and FAM193B-CCG repeats with 11and 25
CCGrepeats. n =3 biological replicates per group. Extra sum-of-squares F-test.
Data are presented as mean + s.e.m. k, Expression levels of FAMI93B-HA mRNA
driven by FAM193B promoters containing 11 or 25 CCG repeats in HEK293T cells.
FAMI93B-HA mRNA levels were normalized to GFP. n = 3 biological replicates per
group. Unpaired two-tailed ¢-test. Data are presented as mean + s.e.m. Conc.,
concentration; Oligo., oligodendrocyte; OPC, oligodendrocyte progenitor cell;
P,4, Bonferroni-corrected Pvalue; siRNA, smallinterfering RNA; snRNA-seq,
single-nucleus RNA sequencing.
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mobility shift assay using DNA probes with varying CCG repeats. MAZ
bound 25 CCG repeats more strongly than 11 repeats (P=4.7 x107™;
Fig. 5j), supporting aregulatory effect of the FAM193B-CCG repeat on
FAM193B expression. To experimentally validate this effect, we com-
pared FAM193B expression driven by FAMI93B promoters containing
different CCG repeat lengths in HEK293T cells. Promoters with 25
CCG repeats induced higher FAM193B gene expression than those
with 11 repeats (P=7.8 x 107*; Fig. 5k and Supplementary Fig. 6). Taken
together, both statistical analysis and experimental validation show
that the FAM193B-CCG repeat is a causal variant regulating FAM193B

Blood bulk RNA-seq (Hong Kong Chinese cohort)

expression and mediating the pleiotropic association between
FAMI193B expression and AD.

Effects of the FAM193B-CCG repeat on

neurodegeneration-related pathways

To understand how the FAM193B-CCG repeat contributes to AD risk, we
examined its effects on molecular and cellular phenotypes in postmor-
tem human brains using single-nucleus RNA-seq data. Interestingly,
among all brain cell types, the FAM193B-CCG repeat was associated
with the largest transcriptomic changes in neurons (analysis in NCs;

Brain snRNA-seq (UKBBN)

a b c d .
4 — - g 4 - _ . HE-
S P=91x10% S _P=20x10% Neuron | ¥ Neuron —| e
12 (2] 1
1% ] 1% 1
o H 9] . |
% 24 H : % 2 ¢ Astrocyte | —=—3%  Astrocyte E [
@ @ ) - ) 1 *
S S Oligo. | - Oligo. | Lo
S 0 S 0 1
by = . !
T g OPCH —— OPCH  —=im
e} o |
[0 [} [
N -2+ N -2 4 . . . . '
= = Microglia — Microglia 4 ——=—=
£ £ =
S S
z -4 I T T T T Z -4 T T (0] 0.002 0.004 0.006 -0.04-002 0O 0.02 0.04
R I QR LA g NC AD Effect of FAM193B-CCG on Effect of AD on
S < < < FAM193B expression FAM193B expression
Average CCG repeat length
e P=005 = P,=005 f SMR of brain FAM193B eQTL 9 SMR of neuronal FAM193B eQTL
e —— _
Blood — e o1 A Top cis-eQTL -1 1
= Tests a A Top cis-eQTL
] M smrR < 005 - 0.155 -
Brain Em—————— ’ c - 08 L 0.8
= SMR-multi g . a FAM193B-CCG
HEIDI i << 0.077 A
| - B ° 06 c 06
Neuron — - )
= 8 i I /N
—— £ 005 1 [t FAMI93B-CCO | 04 B 01 L 0.4
Astrocyte Do 5 ﬁ%ﬁ +
e
T -01 - £ -0077
] - 0.2 ) B - 0.2
Oligo. - i
= -0.155 -
e B L
0 1 2 3 a4 s -04 -02 0 02 04 -002-001 0 001 002
-log,o(P) Effect size on FAM193B Effect size on FAM193B
expression expression
h Reference & FYVIERT i (cco),
CCG repeats
Neuron ©-200
o
$ Astrocyte 0-200
g Oligo. 0-300
0-200
g OPC
Microglia 0200 -
g|  Hakames ©-60
o
& HaKzac 02
< 0-10
5 MAZ
. N
i ) Conc. of MAZ (nM)
= — FAM193B promoter PGK promoter
6 0 1,280 _
- oo %% 7 (cco),
= _g - FAM193B promoter F'PGK promoter
E | MAZ-probe anle 3 ?
z complex Q 06 g
O 44 5 X c
@ b= S S~ 2 p=78x10"
(] S H 7 _—
e £ 044 } 80
: Frec prove WMMMMMMG . p £o
Q 24 o / )
52} s { <3
2 S0z / 3
_ N =
= MAZ-probe UM« F P4 2’
w complex = L o £
0 : : Ot—T T T 1T 11 s2
MAZ: Control siRNA 2° 2% 97 2° 2° 2 " =
(CCG),, (CCG)
Free probe “““““““ ¥ <« Conc. of MAZ (nM) n %

Nature Neuroscience


http://www.nature.com/natureneuroscience

Article

https://doi.org/10.1038/s41593-026-02481-z

a b Neuron c Neuron
[0 Upregulated [ Downregulated 019,20.615 P<2.2x10738 [ Upregulated [l Downregulated
:I:| g S Cytoplasmic translation |
Neuron —| L2
8 @ 0.05 FAIM2 Macroautophagy {10
o9 CALM1 /
Astrocyte a2 \ CLU Neuron death 001
8 $ Response to ER stress |
S c
Oligo. —:I:| E( % Neuron apoptotic process |
w
s 8 Cytosolic transport I
OPC g g -0.05 + Synapse organization
[}
Mi i ]] < Chromatin remodeling Il
Icroglia —
-0 ‘ ‘ Regulation of DNA repair ]
-0.5 ] 0.5
O L L &® 6] 10 20 30
W W L Effect of AD on
] . neuronal gene expression ~log,o(FDR)
No. of genes associated with
FAM193B-CCG
d € | H2AX/GFP/DAPI YH2AX/DAPI f
_ 800+ P=0.008 4
é - o °7  P=0.006
€ S ——
< 3 2
2 700+ B S 404
5 S -
S © g
S 2
& 600 8
ot >
E < 204
= w T
S 500+ I} = .
% 3 8 10
@ 2 °
400 - s 2
11-13 14-17 18-21 =222 w 0-
o &
CCG repeat length & Q)O
(longer alleles) o8 \q’b
As
g h i FDR
Control FAM193B OF FAM193B OE vs. control G1/S DNA damage checkpoints 5.8 x 10
?/IETJ'KI\IIVI;Q y—— == —— [ Upregulated - [l Downregulated —— Regulation of apoptosis 1.5x1072
ENC1 % Oxidative phosphorylation |
phosphorylation
MT-ND5 :| © 0.6
= o
= — Respiratory electron transport chain - o
MT-col/ == — ] Z 04
——— L . s
i — Ras protein signal transduction —:| E
HMOX1 = — DNA-templated transcription 7:| g 0.2 1
ucp2 | —— = in response to stress s
SESN2 % = Cellular response to unfolded protein | 8’ 0
At = — e PN
FOS A\ —— — Integrated stress response signaling - 03:
RN
Normalized CPM ! ! ! ! !
[ amame | 0O 2 4 6 0o 2,500 5,000 7,500 10,000 12,500
-2 0 2 -log,,(FDR) Gene rank

Fig. 6 | Effects of FAM193B on neurodegeneration-related pathways. a, Number
of differentially expressed genes associated with the FAM193B-CCG repeat in
different brain cell types. Genes with FDR < 0.05 were considered differentially
expressed genes. n =44 non-AD controls (NCs). b, Correlation analysis between
the effects of AD and the FAM193B-CCG repeat on transcriptomic changes in
neurons.n =44 NCs for association analysis with the FAM193B-CCG repeat.
n=>58 patients with AD and n = 44 NCs for association analysis with AD. Two-
tailed correlation test. r, Pearson’s correlation coefficient. ¢, Gene Ontology
analysis of differentially expressed genes associated with the FAMI193B-CCG
repeatin neurons.d, Association between the FAM193B-CCG repeat and brain
gray matter volume in the Hong Kong Chinese cohort. Robust linear regression
under adominant model. n =186 non-AD individuals. Box plots show medians,
interquartile ranges, 10th and 90th percentiles and all individual values.

e f, Effects of FAM193B overexpression (OE) on DNA damage in IMR-32 cells.

e, Representative images showing yH2AX foci in IMR-32 cells transfected

with the FAMI93B plasmid (FAMI93B OE) and empty vector control. Cells

were co-transfected with pmaxGFP to identify transfected cells. Nuclei

were counterstained with DAPI. Scale bars, 20 pm (left) and 5 pm (right).

f, Quantification of the average number of nuclear yH2AX fociin GFP* cells.n=3
biological replicates per group. Unpaired two-tailed ¢-test. Data are presented
asmean +s.e.m. g, Heatmap showing the transcriptomic profile of IMR-32 cells
transfected with the FAM193B plasmid (FAMI193B OE) and empty vector control.
Only significant differentially expressed genes (that is, FDR < 0.05) are shown.
n=6biological replicates per group. h, Gene Ontology analysis of differentially
expressed genes in FAM193B-overexpressing IMR-32 cells. i, Gene set enrichment
analysis showing the upregulation of DNA damage-related pathways in FAM193B-
overexpressing IMR-32 cells. Genes are ranked by Wald statistics. CPM, counts
per million; Oligo., oligodendrocyte; OPC, oligodendrocyte progenitor cell.

Fig. 6a). Notably, the association between neuronal gene expression
and the FAM193B-CCG repeat was correlated with the association
between neuronal gene expression and AD (r=0.615, P< 2.2 x 1073%;
Fig. 6b), indicating that the FAMI193B-CCG repeat may affect AD-related

pathways. Gene Ontology analysisillustrated that the genes positively
associated with the FAMI193B-CCGrepeatin neurons were enriched in
cell death-related pathways, such as macroautophagy, neuron death
and neuron apoptotic process (FDR < 0.05; Fig. 6¢).
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Toinvestigate the effect of the FAM193B-CCG repeat on neurode-
generation, we examined its association with brain gray matter volumes
measured by magnetic resonance imaging in the Hong Kong Chinese
cohort.Accordingly, longer FAM193B-CCGrepeats were associated with
decreased gray matter volume (8=-0.015,s.e.=0.006,P=8.3x107;
Fig. 6d), suggesting more severe neurodegeneration. To investigate
this functional consequence, we examined the effects of FAM193B
expression on neuronal death-related pathways using a neuroblas-
toma IMR-32 cell line. FAM193B overexpression resulted in increased
yH2AX fociformation (P=0.006; Fig. 6e,fand Supplementary Fig.7), a
molecular marker of DNA damage®*. Regarding the molecular pathways
regulated by FAM193B, RNA-seq analysis identified 270 differentially
expressed genes (FDR < 0.05) associated with FAMI93B overexpression
inIMR-32 cells (Fig. 6g). Specifically, upregulated genes were enriched
in pathways related to oxidative phosphorylation (FDR =7.2 x10~) and
Ras proteinsignal transduction (FDR = 1.5 x 10%); downregulated genes
were enriched instress response pathways (FDR < 6.0 x 107°) (Fig. 6h).
These findings suggest that FAMI193B overexpression results in stress
response dysregulation and affects mitochondria-mediated energy
productionand reactive oxygen species production pathways in neu-
ronal cells. Moreover, examination of global transcriptomic changes
by gene set enrichment analysis revealed significant upregulation of
genes involved in G1/S DNA damage checkpoints (FDR = 5.8 x10~) and
regulation of apoptosis (FDR =1.5 x 1072) in FAMI93B-overexpressing
cells (Fig. 6i). Thus, these findings suggest the role of FAMI193B in modu-
lating DNA damage and promoting neuronal death.

Discussion
This study highlights the contribution of common SVs to AD and iden-
tifies the FAM193B-CCG repeat polymorphism as an AD risk genetic
factor. By leveraging LRS and SRS data, we identified and genotyped
high-confidence SVsina Chinese AD cohort. Asaproof of concept, PRS
analysis with10-fold cross-validation shows that the polygenic effects
of common SVs account for additional AD risk beyond that explained
by common SNPs. Among these, the FAM193B-CCG repeat emerged asa
common AD risk variant mediating the pleiotropic association between
brain FAM193B expression and AD. Analysis of human data and cellular
assays consistently showed that elevated FAMI93B expression results
inincreased DNA damage and activation of cell death-related pathways
inneurons. Therefore, these results establish the FAM193B-CCG repeat
as a causal variant contributing to AD risk and neurodegeneration,
underscoring theimportance of common SVsingenetic studies of AD.
Despite the identification of numerous AD risk SNPs?, the esti-
mated SNP heritability of AD is notably lower than that observed in twin
studies’. In addition, SVs are increasingly recognized as key genetic
components that potentially explain this missing heritability of AD™.
Our PRS analysis revealed that common SVs contribute to additional
disease risk beyond that explained by common SNPs. Nevertheless,
larger discovery cohorts and independent replication analysis are
required to precisely estimate SNP-based or SV-based heritability for
AD. Interestingly, we found that approximately 18% of common SVs
were not tagged by SNPs, particularly those located within tandem
repeats (Supplementary Fig. 8). These untagged SVs may represent
a substantial portion of the genetic risk of AD poorly estimated by
common SNPs. Therefore, including SVs in PRS models could provide
amore comprehensive estimate of global genetic risk, thereby improv-
ingrisk prediction for human diseases. Furthermore, common SVs can
exert larger effect sizes on human phenotypes than common SNPs™. For
instance, 5.9% of Chinese individuals harbored at least 21 FAM193B-CCG
repeats, which strongly increases AD risk (OR =2.89,95% Cl:1.98-4.22;
Supplementary Table 15). Hence, the strong AD risk effects of common
SVs present opportunities for developing genetic biomarkers of AD.
Therefore, including SV analysis in AD genetic studies would extend
understanding of the genetic architecture of AD and facilitate lifetime
diseaserisk predictioninclinical settings.

Tandem repeat expansions are known causal factors of specific
neurological disorders, such as Huntington’s disease®. Although a
recent study shows that patients with AD have a higher polygenic
burden of rare tandem repeat expansions than NCs", we identified a
common tandem repeat polymorphisminthe FAM193B promoter that
isassociated withincreased ADrisk, suggesting that common tandem
repeat polymorphisms also contribute to AD risk. Tandem repeats in
regulatory regions can regulate gene expression by modulating tran-
scription factor binding to regulatory elements’. Our in vitro assays
show that the FAM193B-CCG repeatincreases the transcription factor
binding affinity of the FAM193B promoter and upregulates FAM193B
expression, suggesting that the common tandem repeats within regu-
latory regions are important genetic factors for modulating gene
expression and AD risk. Further genome-wide analysis of common
tandem repeats could elucidate new genetic mechanisms underlying
AD pathogenesis.

FAM193B is a protein-coding gene broadly expressed across
multiple tissues and cell types (Supplementary Figs. 4 and 5 and
Supplementary Table 17). Although its biological function remains
unclear, recent LRS studies link rare FAMI193B-CCG repeat expansions
torare diseases®*®, suggesting that FAM193B s involved inimportant
biological processes. Here, we identified FAMI93B as an AD risk locus,
with the common FAM193B-CCG repeat polymorphism exerting a
causal effect. Interestingly, arecent AD GWAS in the European popula-
tionreportsrs335480 as agenome-wide significant AD risk SNPin the
FAMI193Blocus®. Our linkage disequilibriumanalysis, conditional analy-
sisand SMR analysis collectively suggest that the FAM193B-CCG repeat
is the causal variant tagged by rs335480 in the European population
(Fig.5e-g, Extended DataFig.4 and Supplementary Table 14). Although
the FAM193B-CCGrepeatis associated withincreased FAMI193B expres-
sion across multiple tissues and cell types, our findings highlight
that neuronal FAM193B plays an important role in AD pathogenesis
(Figs.5e,gand 6a). Thisis supported by cellular experiments showing
thatincreased FAM193B expressionin cultured neuronal cells promotes
DNA damage and activates cell death-related pathways (Fig. 6e-i).
Interestingly, FAM193B protein directly interacts with GSK3a and
GSK3p¥, the glycogen synthase kinases whose dysregulation results
in increased B-amyloid production and tau hyperphosphorylation*.
This provides hints about the implications of FAMI193B in known AD
pathogenic pathways. Therefore, functional studies are required to
investigate the molecular mechanisms underlying theroles of FAM193B
inneurodegeneration and AD pathogenesis.

In summary, by investigating common SVs, we identify FAMI193B
as an AD susceptibility locus, revealing a common CCG repeat poly-
morphismas the underlying causal variant. Including SVsinlarge-scale
GWASs will help resolve missing heritability, advance mechanistic
insights and provide new candidate therapeutic targets.
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Methods

Sample recruitment and data collection

For the Hong Kong Chinese cohort, we recruited 2,333 participants
from the Specialist Outpatient Clinics of the Department of Medi-
cineand Therapeutics at the Prince of Wales Hospital, Haven of Hope
Christian Service and Community CareAge Foundation. All par-
ticipants underwent the Montreal Cognitive Assessment (MoCA)*,
and patients with AD were diagnosed according to the American
Psychiatric Association’s Diagnostic and Statistical Manual of Men-
tal Disorders, Sth Edition: DSM-5 (ref. 42). This study was approved
by the Clinical Research & Ethics Committees of the Joint Chinese
University of Hong Kong—-New Territories East Cluster for the Prince
of Wales Hospital as well as the Institutional Review Board, Hospital
Authority (CREC ref. nos. 2015.461 and 2021.651) and the Human
Participants Research Panel of the Hong Kong University of Sci-
ence and Technology (CRP#180, HREP-2023-0179). All participants
provided written informed consent for both study enrollment and
sample collection.

We also retrieved additional human whole-genome sequenc-
ing, bulk RNA-seq, single-nucleus RNA-seq and brain magnetic
resonance imaging data from previous studies and publicly avail-
able databases. The description of those data can be found in the
Supplementary Methods.

Generation of long-read whole-genome sequencing data

We collected the PacBio continuous long-read data of 11 Chinese individ-
uals, including nine publicly available samples (Supplementary Table 1)
and twoin-house participantsrecruited from the Specialist Outpatient
Department at the Prince of Wales Hospital. Among these 1lindividuals,
sixare parent—child trios (thatis, HG00512, HGO0513 and HG00514 as
wellas HGO05, HGO06 and HG007), and the rest are unrelated.

For the in-house LRS data, we performed library preparation
according to ‘Procedure & Checklist > 20kb Template Preparation
Using BluePippin Size-Selection System (15-20 kb Cutoff) for Sequel
Systems’ from PacBio using a PacBio Template Prep Kit 1.0 (PacBio,
100-259-100). In brief, we sheared 10 pg of DNA to the desired size
using a g-TUBE (Covaris, 520079). After purification with AMPure
PB beads (PacBio, 100-265-900), we removed single-stranded ends
by ExoVII treatment and repaired DNA using damage repair mix and
end repair mix. After blunt-end ligation, we size-selected the DNA
using a BluePippin size-selection system, annealed it with primers
and bound it with polymerase (PacBio, 100-619-300). We conducted
all purification steps according to the manufacturer’s protocol. We
then loaded the library using Magbeads (PacBio, 100-125-900) and
sequenceditonaSequel1.0 system using a Sequel Sequencing Kit1.2
(PacBio,100-902-200).

We converted the raw LRS datagenerated by the PacBio RS Il plat-
form into subreads using PacBio’s bax2bam (version 0.0.8) with the
defaultsettings*. After combiningindividuals’ subreads, we selected
the representative sequences of subreads using PacBio’s ccs (version
3.4 for PacBio RS II, version 4 for PacBio Sequel)* with the following
parameters: --maxLength 10Mbp, --minPasses 0 and --noPolish. We
evaluated the quality of the representative long-read sequences by
using LongQC’s sampleqc function**.

Generation of short-read whole-genome sequencing data

We performed DNA extraction from400 pl of blood cell pellets using a
QIAamp DNA Blood Mini Kit (Qiagen) on a QlAcube Connect machine
(Qiagen). We eluted the extracted DNA twice using 50 pl and 60 pl of AE
buffer, respectively, which yielded approximately 100 pl of DNA sam-
ples. We evaluated the concentration, A260/280 and A260/230 of the
DNA samples using a BioDrop Duo+ spectrophotometer (Biochrom).
Novogene performed library preparation and high-coverage (average:
35x after deduplication), 150-base-pair, paired-end, whole-genome
sequencing using an Illlumina NovaSeq 6000 System.

SV calling using LRS data

We developed a workflow (available at https://github.com/Han-Cao/
HarmoniSV) to perform joint SV calling across samples and meth-
ods, which includes SV discovery, SV merging, SV re-genotyping and
SVfiltering.

SV discovery. We aligned clean LRS data to the GRCh38 human refer-
ence genome using minimap2 and NGMLR'®?°. We then subjected the
alignments from each aligner to three different SV callers—Sniffles2
(ref.16), cuteSV'® and SVIM"—using the default parameters optimized
for PacBio continuous long-read data. We detected duplicate SV calls
using Jasmine (version 1.1.5) with the following parameters: --allow_
intrasample --nonlinear_dist max_dist =200 (ref. 45). For duplicate
SVs, we kept only the one with most supporting reads.

SV merging. To identify non-redundant SV calls from different
individuals and methods, we merged the identified SVs using Jas-
mine with the --ignore_strand parameter*’. Among the merged SVs,
we determined the representative SV by selecting the SV with the
highest frequency; alternatively, if multiple SVs shared the same
maximum frequency, we selected the one with the shortest Euclid-
ean distance to the average start position and length as follows:
argmin{\/(s — Smean)” + ([ — lmean)z}' where s denotes the start position

and [ denotes SV length.

SV re-genotyping. We performed re-genotyping analysis of merged
SVs using Sniffles2 and cuteSV with the default parameters'®'®, We
determined the genotypes of the SVs based on the average alternative
allele fraction of the re-genotyping results. To achieve sensitive SV
discovery, we included only non-reference calls (that is, allele frac-
tion > 0.2) to calculate the average alternative allele fraction.

SV filtering. To obtain high-confidence SVs, we trained random forest
models separately for insertions and deletions using the scikit-learn
Python package*®. We overlapped the identified SVs with published SV
datasets (Supplementary Table 5) to obtain training sites. Specifically,
we defined positive SVs as those existing in at least four published SV
datasets and negative SVs as novel SVs that were not detected by all
methods orany SV with fewer than four supporting reads. We subjected
multiple features of SV calls to the random forest model, including
SV length, alternative allele fraction, the standard deviation of allele
fractions and the depths of individual SV calling methods. We per-
formed model selection by 10-fold cross-validation. To evaluate model
performance, we performed the aforementioned SV calling methods
on HG0O02 and benchmarked the identified SVs with HGO02 ground
truth SVs in the tier 1 regions using the following commands: truvari
--pctsim 0-r1000 (refs. 47,48). We calculated AUROCs using the pROC
R package®. Toretain an FDR < 5% of the SV calling results, we filtered
insertions and deletions according to random forest score cutoffs of
>0.779 and >0.135, respectively. We measured the Mendelian error
rate in the two family trios by using the BCFtools mendelian plugin®.

Variant calling and genotyping using SRS data
We subjected the raw sequencing data to fastp for quality control, read
trimming and filtration®. We used BWA-mem to align clean reads to
the GRCh38 humanreference genome and thensubjected the readsto
Genome Analysis Toolkit (GATK) for duplicate removal and base quality
score recalibration’*, We performed variant calling by using GATK’s
germlinejoint calling workflow and further filtered identified SNPs and
small insertions and deletions by variant quality score recalibration
with sensitivity cutoffs of 95% and 90% for SNPs and for insertions and
deletions, respectively®>. We used Paragraph (version 2.4a) to perform
SV genotyping of SVs identified from the LRS data®.

After variant calling and genotyping, we performed conven-
tional quality control analysis. All participants showed consistent sex
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according to their genotypes and phenotypes. We calculated related-
ness by performing KING analysis using PLINK2 (ref. 54) and applied a
kinship coefficient cutoff of 0.08 to remove second-degree relatives
(n=194). We calculated principal components and removed genetic
outliers (n=16) according to the instruction manual of the bigsnpr R
package®. After sample-level quality control, we kept clean SNPs and
SVs that were autosomal, biallelic and non-singleton and with Hardy—
Weinberg equilibrium Pvalues greater than1x107°,

To further remove SVs with low genotyping accuracy, we con-
ducted the same genotyping analysis using the 35x SRS data of five
LRS samples. We then compared the concordance between LRS and
SRS data and kept only the SVs that had 100% concordance with LRS
genotypes. Finally, we genotyped 17,294 high-confidence SVsin 2,123
unrelated individuals, including 6,792 common SVs with MAF > 0.05
for genome-wide association analysis and PRS analysis.

Genotyping of the FAM193B-CCG repeat

We used HipSTR (version 0.6.2), GangSTR (version 2.5.0) and Expan-
sionHunter (version 5.0.0) to genotype the FAMI193B-CCG repeat® .
For HipSTR, we used the default parameters to jointly genotype all
samples. We ran GangSTR (with the parameters --grid-threshold 250
--readlength150) and ExpansionHunter (with the default parameters)
on individual samples and used MergeSTR (version 6.1.0) to merge
all samples of the same method into a population call set>. We then
used EnsembleTR (version1.0.0) with the default parameters to com-
bine the genotyping results from different methods. We retained
high-confidence FAM193B-CCGrepeat genotypes by keeping genotypes
withanEnsembleTR score > 0.4. The difference in analytical sample size
between the FAMI193B-CCG repeat and other genetic variants is equal
to the number of samples with EnsembleTR score < 0.4. Although the
GRCh38reference genome has 13 CCG repeats in the genomic region
chr5:177,554,492-177,554,530, we found that most samples had a C
base deletion at chr5:177,554,495. Therefore, we only quantified CCG
repeats after chr5:177,554,497 for all analyses, which corresponds to a
reference length of 11 CCG repeats.

Functional annotation and enrichment of SVs
We used Ensembl Variant Effect Predictor (version 105) to annotate
SVs according to their overlap with genomic features®’. We used
CADD-SV scoresto analyze the deleteriousness of SVs according to their
sequence and flanking genomic features. To annotate SVs with known
disease risk loci, we obtained the GWAS results from the NHGRI-EBI
GWAS Catalog (accessed on 3 November2022)*. We defined the disease
risk loci as the 10-kilobase flanking region of reported genes mapped
by significant disease risk variants (P < 5 x107%) and annotated their
overlap with SVs using BEDTools*®.

Toexplore the overrepresentation or underrepresentation of SVs
ingenomic features, we conducted enrichment analysis by calculating
the following statistic:

_ overlap bp with feature/feature size
"~ overlap bp with reference/reference size

where thereference sizes used to analyze functional genomic elements
and genebiotypes are the lengths of the human genome and allhuman
genes, respectively. We calculated effect sizes and statistical signifi-
cance by the bootstrap method with 1,000 replicates using the ‘boot’
and ‘boot.pval’ packagesin R**°,

Association analysis between genetic variants and AD

The statistical models and adjusted covariates of all regression analy-
sesin this study are provided in Supplementary Table 21. Specifically,
in the Chinese cohorts, we used PLINK2 to perform genome-wide
logistic regression analysis of AD**, adjusting for age, sex and the first
three principal components. To further estimate the effect sizes of

FAMI193B-CCG repeats of different lengths, we performed logistic
regression with the dominant model to compare the AD risk of individu-
als harboring atleast n CCGrepeats (n > 11) against those with <11 CCG
repeats. We used METASOFT to meta-analyze the association between
AD and the FAM193B-CCG repeat in the Chinese population using a
fixed-effect meta-analysis model®. Given that the FAM193B-CCG repeat
exerts amore significant AD risk effect in the dominant model thanin
the additive model (Supplementary Table 13), we used the dominant
modeltoexamine the effect of the FAM193B-CCG repeat on AD-related
endophenotypesindownstreamanalysis (for example, brain transcrip-
tome and brain gray matter volume analysis).

To replicate the association between AD and the FAM193B-CCG
repeat in the European population, we performed whole-genome
regression analysis using REGENIE®, Specifically, in REGENIE step 1,
we calculated genetic predictors using 488,696 high-quality, inde-
pendent array SNPs (selected by PLINK2 --maf 0.01 --mac 200 --geno
0.01 --hwe 1le-15 --indep-pairwise 1000 100 0.9) with adjustment for
age, sex, whole-genome sequencing center and the first 20 principal
components. We then performed REGENIE step 2 association analysis
with adjustment for the same covariates and the genetic predictors
obtained fromstep 1.

Conditional analysis

To examine whether the FAM193B-CCG repeat confers AD risk effect
independent of nearby SNPs, we used PLINK2 and REGENIE to perform
reciprocal conditional analysis between the FAM193B-CCG repeat
and lead AD-associated SNPs in the Hong Kong Chinese cohort and
UK Biobank, respectively. Specifically, for the Hong Kong Chinese
cohort, we conditioned on the lead SNP rs182133156 (P=5.6 x 107*);
for the UK Biobank, we conditioned on rs335480, which is the lead
SNPreportedin alarge-scale AD GWAS in the European population®.
Asno SNPinthe FAM193Blocus (within 200 kilobases) passed Bonfer-
roni correction after conditioning on the FAM193B-CCG repeat, we did
not include additional SNPs for step-wise conditional analysis. The
adjusted covariates are the same as those in the association analysis
described above.

PRS analysis

To examine the contributions of common SVs to AD, we conducted
clumping plus thresholding PRS analysis. We clumped all genetic
variants using PLINK2 --clump-r2 0.1 --clump-kb 500 with different
P value cutoffs (Supplementary Table 10)**. We repeated 10-fold
cross-validation 10 times to calculate the correlations between PRSs
and AD. Specifically, we used nine folds of samples to estimate the
effect size and used the remaining one fold of samples for validation.
To evaluate the models, we calculated the correlations between PRSs
and AD according to the increase in Nagelkerke’s pseudo r* with the
addition of PRSs to the model that only included covariates (that is,
age, sex and the first three principal components). We calculated the
AUROCs of the PRS models using the pROC R package*’. To construct
the SNP +SV models, we further clumped selected SNPs and SVs tofilter
SNPsorSVsinlinkage disequilibriumwith each other. We fitted the SNP
+SVmodels using the following logistic regression model:

AD = PRSgnp + PRSsy + age + sex + PC1 + PC2 + PC3

Wethen calculated PRSs of the SNP + SV models as a weighted score
based on the PRSs of the SNP and SV models as follows:

PRSsnp4sv = Bsnp X PRSsnp + Bsy X PRSsy

where Bis the beta coefficient obtained from the above regression.
We further conducted conditional PRS analysis to control for the

effect of linkage disequilibrium between SVs and SNPs for the SNP + SV

models. Specifically, we performed association analysis for SNPs with
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adjustment for each nearby lead SV (that is, within 1megabase) that was
included in the SNP + SV models. If an SNP had more than one nearby
lead SV, we used the statistics of the conditional analysis with the larg-
est Pvalue to fully adjust for the effects of SVs. We then repeated the
above clumping analysis on these adjusted statistics to include SNPs
for the SNP,; + SV models. This approach ensured that the effects of
SNPsand SVsincluded in the SNP,4;+ SV models are fully independent.
We compared the performance among PRS models within each fold by
paired two-tailed Wilcoxon signed-rank test.

To validate the PRS models, we applied the PRS models of arep-
resentative fold (that is, one with a PRS r* value close to the mean of
the cross-validation results) to its validation set as well as additional
MCI samples. We examined the correlation of PRSs derived from
different models using the cor.test function in R. To compare the
performance of different PRS models for distinguishing MCI from
NC, we performed the DeLong test using roc.test in the pROCR pack-
age® and estimated the net reclassification improvement using the
following function from the nricens R package: nribin(cut = 0.05,
updown = ‘diff’, niter = 0)®.

eQTL mapping of FAM193B

Descriptions of the transcriptomic dataset and related preprocessing
analysis are provided in the Supplementary Methods. We performed
cis-eQTL analysis of blood FAM193B expression using the samples
with both whole-genome sequencing and bulk RNA-seq data in the
HongKong Chinese cohort (n =1,315). We conducted cis-eQTL analysis
using the linear regression model in PLINK2 with adjustment for age,
sex, thefirst three principal components and 60 probabilistic estima-
tion of expression residuals (PEER) factors®*. We also obtained the
brain FAM193B eQTL summary statistics of the ROSMAP dataset from
Cui et al.*? and de Klein et al.** for the FAM193B-CCG repeat and SNPs,
respectively. To further investigate the genetic regulation of FAMI93B
indifferent brain cell types, we performed cell-type-specific cis-eQTL
analysis of brain FAM193B expression using the single-nucleus RNA-seq
dataof samples obtained from the UKBBN (n =102). We used the hurdle
model from the MAST R package®® to perform regression analysis with
adjustment for age, sex, postmortem duration, gene detection rate and
thefirst three principal components. To validate candidate cis-eQTLs,
we obtained the brain single-cell cis-eQTL summary statistics from
the SingleBrain dataset (n = 983)%”. Among cis-eQTLs identified in
the UKBBN with suggestive significance (that is, P<1x107), we kept
those that reached genome-wide significance (thatis, P<5x107%) in
the SingleBrain dataset and exhibited a concordant effect direction.
We applied Bonferroni adjustment to correct for multiple testing on
genetic variants or brain cell types.

SMR analysis
We performed SMR analysis to infer the causal effects of the FAM193B-
CCGrepeaton FAM193B expressionand AD as well as their pleiotropic
associations. For blood SMR analysis, we used the AD association
summary statistics and FAMI93B cis-eQTL results from the Hong Kong
Chinese cohort. To avoid the SMR analysis being confounded by over-
lapping samples used in both the AD GWAS and FAM193B eQTL analy-
sis, we excluded participants with AD from eQTL analysis to prepare
summary statistics (n = 836) specifically for SMR analysis. For brain
SMR analysis, we used the bulk FAM193B eQTL summary statistics
of the ROSMAP dataset from Cui et al.** and de Klein et al.** for the
FAM193B-CCG repeat and nearby SNPs, respectively. We also used
the single-cell FAM193B cis-eQTL results from the UKBBN samples for
brain cell-type-specific SMR analysis. The AD risk effects of FAM193B
cis-eQTLsinthe European population were estimated in the UK Biobank
dataset as described above.

We conducted a single-variant SMR test and a HEIDI test on the
FAM193B-CCGrepeat along with an SMR-multi test for all genome-wide
significant cis-eQTLs using SMR with the following parameters:

--Id-lower-limit 0.01 --target-snp FAM193B-CCG --smr-multi®®. Given
the weak linkage disequilibrium between the FAMI193B-CCG repeat
and nearby SNPs, we used a smaller --1d-lower-limit of 0.01 (compared
to the default value of 0.05) to include more SNPs for the HEIDI test.
We applied Bonferroni adjustment to correct for multiple SMR tests
indifferent tissues and cell types.

Electrophoretic mobility shift assay

DNA oligonucleotides with and without CyS5 labeling (Supplementary
Table 22) were synthesized by GenScript and dissolved in water.
We mixed oligonucleotides in annealing buffer (10 mM Tris-HCI,
50 mM NaCl and 1 mM EDTA (pH 8.0)) to obtain a 10 uM solution of
double-stranded DNA. We incubated the solution at 95 °C for 5 minutes
and then cooled it to room temperature. We then dissolved recom-
binant MAZ protein (MyBioSource, MBS952961) in water. We mixed
0.2 pmol of annealed double-stranded DNA with different concentra-
tions of recombinant MAZ proteinand 1 ng pl™ Calf Thymus DNA Solu-
tion (Thermo Fisher Scientific, 15633-019) in binding buffer (250 mM
HEPES, 500 mM KCI, 20 mM MgSO, and 10 mM dithiothreitol (DTT)
(pH8.0)). Afterincubationin the dark for 2 hours, we added glycerol to
the mixture to afinal concentration of 5%. We then subjected the mix-
tureto electrophoresis on 6% non-denaturing polyacrylamide gels on
icein 0.5x TBE buffer. We visualized gels using a ChemiDoc MP System
(Bio-Rad). We used Image] (version1.53q) to quantify the band intensi-
ties of free DNA probes and MAZ-probe complexes. We used Graph-
Pad Prism (version 8.0.2) to fit binding curves with a four-parameter
logistic regression model and compared the fitted models by extra
sum-of-squares F-test.

Validation of the effect of the FAM193B-CCG repeat on
FAM193B gene expression
We used a piggyBac-based dual-promoter expression systemto evalu-
ate theregulatory effect of the FAM193B CCG repeat, which was mod-
ified from PB-CMV-MCS-Puro-EGFP (Addgene, 219795; a gift from
K. Nakayama). Specifically, we engineered the two constructs to con-
tain the FAM193B promoter harboring either 11 or 25 CCG repeats,
driving the expression of FAM193B cDNA (RefSeq accession number:
NM_001190946) fused with an HA tag at the C terminus. A puromycin
resistance gene and GFP were expressed from an independent PGK
promoter to enable antibiotic selection and control of integration
efficiency (see Supplementary Methods for construct sequences).
We co-transfected HEK293T cells (American Type Culture Collec-
tion (ATCC), CRL-3216) with either the 11 or the 25 CCG repeats con-
struct together with pCMV-hyPBase® using EZ Trans Cell Transfection
Reagent (Life-iLab, AC04L092). Two days after transfection, we selected
cellswith 2 pug ml™ puromycin (Thermo Fisher Scientific, A1113803) for
3 days and maintained them in culture with 1 pg m1™ puromycin for
11 days. After selection, we sorted the top 20% of GFP-expressing cells
based on GFP fluorescence intensity using a BD Influx cell sorter (BD
Biosciences) and extracted total RNA using an RNeasy Plus Mini Kit
(Qiagen, 74134) on a QlAcube machine. We quantified the extracted
RNA samples withaBioDrop spectrophotometer. We performed cDNA
synthesis with a PrimeScript RT Reagent Kit (Takara, RRO37A) fol-
lowed by quantitative polymerase chain reaction (qPCR) using Taq
Pro Universal SYBR Master Mix (Vazyme, Q712). We detected exog-
enous FAM193B-HA transcripts using primers spanning the FAM193B
3’ end and HA tag (forward: 5-GTCAGAAAGTTGCTGTGAACTG-3’;
reverse: 5’-AGCGTAATCTGGAACATCGTAT-3’). We quantified GFP
expression (forward: 5-GAACCGCATCGAGCTGAA-3’; reverse:
5-TGCTTGTCGGCCATGATATAG-3’) to control for integration effi-
ciency and used GAPDH (forward: 5-GCACCGTCAAGGCTGAGAAC-3’;
reverse: 5-AGGGATCTCGCTCCTGGAA-3’) as the input RNA control.
We calculated the relative expression of FAM193B-HA using the —~AACt
method normalized to either GAPDH or GFP. We evaluated fold change
differences by unpaired two-tailed ¢-test.
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DNA damage analysis and RNA-seq in IMR-32 cells

The FAM193B overexpression plasmid was constructed by GenScript by
synthesizing the FAMI193B cDNA fragment (RefSeq accession number:
NM_001190946) and subcloning it into the pcDNA3.1-C-HA vector
using Nheland Xbal. We used the empty vector of pcDNA3.1-C-HA asa
control. We cultured IMR-32 cells (ATCC, CCL-127) in Eagle’s Minimum
Essential Medium (ATCC, 30-2003) supplemented with10% FBS (Corn-
ing, 35-079-CV). We nucleofected the IMR-32 cells with plasmids using
aLonza4D-Nucleofector following the manufacturer’sinstructions (SF
CellLine4D-Nucleofector X Kit, CA-168). Specifically, we overexpressed
FAM193B by nucleofecting 4 x 10°IMR-32 cells with 1 pg of FAM193B or
control plasmid and 100 ng of pmaxGFP. For DNA damage analysis,
we washed the cells three times with DPBS and fixed them with 4%
paraformaldehyde 48 hours after nucleofection. We permeabilized
andblocked the fixed cells with 0.4% Triton X-100, 1% BSA and 4% goat
serum in DPBS for 1 hour at room temperature. We then stained the
fixed cells with yH2AX (Phospho-Histone H2A.X (Ser139)) by incubating
cells with anti-yH2AX (1:500, clone JBW301; Millipore, 05-636) over-
nightat4 °Cin DPBS with 4% goat serum, 0.4% Triton X-100 and 1% BSA.
After primary antibody incubation, cells wereincubated for 2 hours at
room temperature with Alexa Fluor 568-conjugated goat anti-mouse
IgG1 secondary antibody (1:1,000; Life Technologies, A21124) and
DAPI (1:10,000; Life Technologies, D3571) in DPBS containing 0.02%
Triton X-100 and 1% BSA. We performed imaging using a Leica TCS SP8
confocal system. For each biological replicate, we captured atleast 15
images and used QuPath (version 0.5.1) to quantify the average number
of nuclear yH2AX fociin GFP* cells. We compared the average numbers
of yH2AX focibetween the FAM193B overexpressionand control groups
by unpaired two-tailed t-test. For RNA-seq, we sorted all GFP* cells using
aBD Influx cell sorter (BD Biosciences) and extracted total RNA using
aNucleoSpin RNA Kit (Macherey-Nagel, 740955.50). We sent the RNA
samples to Novogene for bulk RNA-seq onaNovaSeq X Plus platform.
We processed RNA-seq data using the same analytical pipeline as the
blood RNA-seq data (Supplementary Methods).

Differential gene expression analysis

We performed differential gene expression analysis on the single-
nucleus RNA-seq data of the UKBBN samples to investigate the tran-
scriptomic changes associated with AD (n = 58 patients with AD versus
n=44NCs) or the FAMI93B-CCG repeat (n =44 NCs). Similar to eQTL
analysis, we used the hurdle model from the MAST R package®® to per-
form regression analysis with adjustment for age, sex, postmortem
duration, gene detection rate and the first three principal components.
To analyze the transcriptomic changes in FAM193B-overexpressing
IMR-32 cells (n = 6 biological replicates per group), we kept genes with
an expression level of TPM >1in at least half of the samples and used
DESeq2 to perform differential gene expression analysis’™, adjust-
ing for cell culture batches. We applied log(fold change) shrinkage
to adjust noisy estimates using the IfcShrink(type = ‘apeglm’) func-
tion in DESeq2. Genes that passed multiple test correction (that is,
FDR < 0.05) were considered significant differentially expressed
genes and were subjected to Gene Ontology enrichment analysis
(Supplementary Methods).

Data visualization

We visualized read alignments using Integrative Genomics Viewer
(version 2.14.0) and the VizAln tool from HipSTR (version 0.6.2)**".
We visualized genome-wide association results using the gqgqman R
package’”and locus-wise association results using LocusZoom (version
1.4)7. We generated SMR plots using the script provided by the authors
of SMR®. We generated all bar, box and scatter plots as well as ROC
curves with GraphPad Prism (version 8.0.2). For bar plots, bars show
the mean value, and error bars indicate standard error of the mean.
Forbox plots, boxes show the 25th to 75th percentiles (median center);
whiskers mark the 10th and 90th percentiles; and points represent all

individual values. We generated density plots and heatmap plots using
the ggplot2 R package’™.

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

Data availability

The sources of publicly available PacBio data are presented in
Supplementary Table 1. The SV genotypes of publicly available sam-
plesand AD GWAS summary statistics are available on Zenodo (https://
doi.org/10.5281/zenodo.14851280). The LRS data of newly sequenced
samples are available on Genome Sequence Archive (GSA) for Human
(https://ngdc.cncb.ac.cn/gsa-human/) under accession number
HRAO015540, and their SV genotypes are available on Genome Varia-
tion Map (GVM; https://ngdc.cncb.ac.cn/gvm) under accession num-
ber GVM001257. The repeat genotypes are available on GVM under
accession number GVM001283; the RNA-seq data of IMR-32 cells are
available on GSA for Human under accession number HRA015566. The
UK Biobank data are available at https://www.ukbiobank.ac.uk. The
GTEx data are available on the GTEx Portal (https://gtexportal.org/
home/). The snATAC-seq data are available on the Gene Expression
Omnibus (GEO; https://www.ncbi.nlm.nih.gov/geo/) under accession
number GSE147672. The ChIP-seq data are available on the ENCODE
database (https://www.encodeproject.org/) under accession numbers
ENCFF061CAX, ENCFF641AVN and ENCSR290SSQ. The RNA-seq data
ofthe MAZ-knockdown cell line are available on the GEO under acces-
sion number GSE215080.

Regarding the other personally identifiable genome-wide and
transcriptome-wide data, the consent form signed by each partici-
pant states that these data will remain private under the supervision
of the hospital and research team. Therefore, these data will be made
available and shared only in the context of aformal collaboration. Appli-
cations for data sharing and project collaboration will be processed
and reviewed by areview panel hosted at the Hong Kong University of
Science and Technology. Researchers may contact skineurosci@ust.hk
for further details on project collaboration and the sharing of data
from this study. All requests will receive a response within 3 weeks.
Source data are provided with this paper.

Code availability

The code and source datasupporting this study are available on GitHub
(https://github.com/Han-Cao/AD_Structural_Variation) and Zenodo
(https://doi.org/10.5281/zenodo.14851280). The SV calling workflow
isavailable at GitHub (https://github.com/Han-Cao/HarmoniSV). The
other software are described in the Methods and Supplementary Meth-
ods sections along with citations.
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Extended Data Fig. 1| Benchmark of structural variant calling and genotyping.  discovered from long-read sequencing data. AUROC, area under the ROC curve.
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of the random forest model for filtering false-positive structural variants (SVs) PacBio HiFi sequencing data of one randomly selected sample.
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Extended Data Fig. 6 | Expression quantitative trait loci mapping of FAM193B.

LocusZoom plots showing the expression quantitative trait loci (eQTL) of
FAMI193Binblood (top), brain (middle), and neurons (bottom). Blood eQTL
analysis was performed in the Hong Kong Chinese cohort. Brain eQTL summary
statistics were obtained from Cui et al. (doi: 10.1038/s41588-024-02057-2) and
deKlein et al. (doi: 10.1038/s41588-023-01300-6) for the FAMI193B-CCG repeat
and other genetic variants, respectively. Neuronal eQTL analysis was conducted

using the single-nucleus RNA sequencing data of samples obtained from the UK
Brain Bank Network (UKBBN). Linear regression under an additive model for the
top and middle panels, hurdle model regression under an additive model for the
bottom panel. Filled colors denote the linkage disequilibrium (LD; as measured
by |rl) between the FAM193B-CCG repeat and other variants. Red lines denote the
genome-wide significance threshold.
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Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
n/a | Confirmed
The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes
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Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  For the Hong Kong Chinese AD cohort, we recruited 2,333 participants from the Prince of Wales Hospital, Haven of Hope Christian Service,
and Community CareAge Foundation. We also obtained genetic data and clinical records from a mainland Chinese AD cohort that has been
previously described in Zhou et al. 2018 . This cohort includes 1,021 patients with AD and 867 NCs that are unrelated with each other. We
obtained the genetic data and phenotype records of UK Biobank under application ID 95743.

Data analysis The code and raw data to reproduce the results in this study is available on Zenodo (https://doi.org/10.5281/zenodo.14851280).

We developed a workflow (https://github.com/Han-Cao/HarmoniSV) to performing SV calling by using the combination of 2 long-read aligners
minimap2 (v2.28-r1209), NGMLR (0.2.7) and 3 SV callers Sniffles2 (2.2), cuteSV (2.0.3), and SVIM (2.0.0)

We evaluated SV calls by using Truvari (v4.1.0)

We genotyped FAM193B-CCG tandem repeat by using HipSTR (0.6.2), GangSTR (2.5.0), ExpansionHunter (v5.0.0), MergeSTR (6.1.0), and
EnsembleTR (1.0.0)

We used BCFtools (v1.11) to process the raw genetic data in Variant Call Format (VCF).

We conducted genetic quality control analysis by using PLINK (v1.9, v2.0) and bigsnpr (v1.12.2)

Genome-wide association analysis and polygenic risk score analysis were conducted by using PLINK (v1.9, v2.0) and REGENIE (v4.1.gz).
We estimated the local ancestry in the FAM193B locus using SparsePainter (v1.3.2).

We performed meta-analysis by using METASOFT (v2.0.0).

We used Seurat (v4) to process all single-nucleus RNA sequencing data and used MAST (1.32.0) to perform regression analysis.

We processed bulk RNA sequencing data using STAR (v2.7.10b), RSEM (v1.3.3) and performed differential gene expression analysis using
DESeq2 (v1.42.1).

We quantified gray matter volumes by using AccuBrain V1.2 (BrainNow Medical Technology).
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We quantified DNA probe intensity of EMSA using ImageJ (version 1.53q).
We quantified nuclear y-H2AX foci using QuPath (v0.5.1).
All other statistical analysis were conducted by using functions in R (4.3.2) or Prism (8.0.2).

We visualized read alignments using Integrative Genomics Viewer (version 2.14.0) and the VizAln tool from HipSTR (0.6.2). We visualized
genome-wide association results using the ggman R package and locus-wise association results using LocusZoom (v1.4). We generated SMR
plots using the script provided by the authors of SMR. We generated all bar, box, and scatter plots as well as ROC curves with GraphPad Prism
(version 8.0.2). We generated density plots and heatmaps using the ggplot2 R package.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability
- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The sources of publicly available PacBio data are presented in Supplementary Table 1. The SV genotypes of publicly available samples and AD GWAS summary
statistics are available on Zenodo (https://doi.org/10.5281/zenodo.14851280). The LRS data of newly sequenced samples are available on Genome Sequence
Archive (GSA) for Human (https://ngdc.cncb.ac.cn/gsa-human/) under accession number HRA015540, while their SV genotypes are available on Genome Variation
Map (GVM; https://ngdc.cncb.ac.cn/gvm) under accession number GYMO001257. The repeat genotypes are available on GVM under accession number GVYM001283;
the RNA-seq data of IMR-32 cells are available on GSA for Human under accession number HRA015566. The UK Biobank data are available at https://
www.ukbiobank.ac.uk. The GTEx data are available on the GTEx Portal (https://gtexportal.org/home/). The single-nucleus ATAC-seq data are available on the Gene
Expression Omnibus (GEO; https://www.ncbi.nlm.nih.gov/geo/) under accession number GSE147672. The ChIP-seq data are available on the ENCODE database
(https://www.encodeproject.org/) under accession numbers ENCFFO61CAX, ENCFF641AVN, and ENCSR290SSQ. The RNA-seq data of the MAZ-knockdown cell line
are available on GEO under accession number GSE215080.

Regarding the other personally identifiable genome-wide and transcriptome-wide data, the consent form signed by each participant states that these data will
remain private under the supervision of the hospital and research team. Therefore, these data will only be made available and shared in the context of a formal
collaboration. Applications for data sharing and project collaboration will be processed and reviewed by a review panel hosted at the Hong Kong University of
Science and Technology. Researchers may contact skineurosci@ust.hk for further details on project collaboration and the sharing of data from this study.

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender Sex were self-reported and further confirmed by genetic data. We adjust sex as a covariates for all association analysis. We
did not perform any analysis stratified by sex.

Reporting on race, ethnicity, or We performed genetic analysis using genetic data from the Chinese and European populations. The ethnicity of participants
other socially relevant were determined by genotypes.

groupings

Population characteristics We have described the age, sex, clinical diagnosis of the study cohort in Supplementary Table 6.

Recruitment For the Hong Kong Chinese cohort, we recruited 2,333 participants from the Specialist Outpatient Clinics of the Department
of Medicine and Therapeutics at the Prince of Wales Hospital, Haven of Hope Christian Service, and Community CareAge
Foundation. All participants underwent the Montreal Cognitive Assessment (MoCA), and patients with AD were diagnosed
according to the American Psychiatric Association’s Diagnostic and Statistical Manual of Mental Disorders, 5th Edition
(DSM-5). Participants were offered a HK$250 supermarket voucher as a compensation token to support cohort recruitment
and retention.

Ethics oversight This study was approved by the Clinical Research & Ethics Committees of the Joint Chinese University of Hong Kong—New

Territories East Cluster for the Prince of Wales Hospital as well as the Institutional Review Board, Hospital Authority (CREC
ref. no. 2015.461, 2021.651), and the Human Participants Research Panel of the Hong Kong University of Science and
Technology (CRP#180, HREP-2023-0179). All participants provided written informed consent for both study enrolment and
sample collection.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

|X| Life sciences |:| Behavioural & social sciences |:| Ecological, evolutionary & environmental sciences
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size The sample size of different cohorts were described in Methods and Supplementary Table 6. We listed the sample size of individual analysis in
Figure legends and Supplementary Tables. We used all samples with available data for analysis.

Data exclusions  Related participants are excluded from the analysis. Participants that are not of Chinese or European ancestry were also excluded. Participants
whose genotypes fail quality control were excluded from specific analysis (see Methods and Supplementary Methods for details).

Replication We used data from multiple independent cohort to replicate our findings.
Randomization  No Randomization was introduced in the analysis.

Blinding The investigators who conducted the sample preparation and experiments were blinded for the data category

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
X] Antibodies [] chip-seq
Eukaryotic cell lines |:| Flow cytometry
Palaeontology and archaeology |:| |X| MRI-based neuroimaging

Animals and other organisms
Clinical data

Dual use research of concern

XNXXNXXOO S
OO0000OXK

Plants
Antibodies
Antibodies used Mouse anti-Phospho-Histone H2A X, Ser139 (05-636, Millipore, 1:500, JBW301, monoclonal); Goat anti-Mouse 1gG1 Cross-Adsorbed
Secondary Antibody, Alexa Fluor 568 (A21124, Life Technologies, 1:1000).
Validation Both antibodies have been used in previously published studies on the human cell lines. The Mouse anti-Phospho-Histone H2A X,

Ser139 antibody has been validated by Yamashita et al., Cancer Sci. 2020 Jul;111(7):2431-2439; Sone et al., Nat Commun. 2014 Dec
9;5:5691; Kleiner et al., Nat Chem Biol. 2015 Oct;11(10):807-14. The Goat anti-Mouse IgG1 Cross-Adsorbed Secondary Antibody,
Alexa Fluor 568, has been validated by Nahon et al., Stem Cell Research, 2023 Sep 1;71:103180, Lee et al., Nat Protoc. 2022
May;17(5):1266-305.

Eukaryotic cell lines

Policy information about cell lines and Sex and Gender in Research

Cell line source(s) IMR-32 and HEK293T were purchased from American Type Culture Collection (ATCC)

Authentication The IMR-32 was purchased from ATCC with catlog #CCL-127 and authenticated by the vendor. The HEK293T was purchased
from ATCC with catlog #CRL-3216 and authenticated by the vendor.

Mycoplasma contamination The IMR-32 and HEK293T were tested and confirmed to be negative

Commonly misidentified lines  No commonly misidentified cell lines were used
(See ICLAC register)
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Plants

Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

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

was applied. o ) )
Authentication Describe-any-authentication procedures for-each seed stock used-or novel-genotype generated. Describe-any-experiments-used-to

assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.

Magnetic resonance imaging

Experimental design

Design type Cross-sectional morphometry analysis
Design specifications T1-weighted structural MRI data was used to examine the association between genetic variants and gray matter volume

Behavioral performance measures  None

Acquisition
Imaging type(s) T1-weighted structural MRI
Field strength 3T
Sequence & imaging parameters 3D FFE (gradient echo) pulse sequence was used. The images were acquired from coronal view, with slice thickness
5mm, TE/TR/flip angle = 3ms/7ms/8. The acquired image matrix size was 240 x 25 x 240.
Area of acquisition Whole brain
e e "4
Diffusion MRI [ ] Used Not used

Preprocessing

Preprocessing software The MRI data were preprocessed by AccuBrain IVI.2 (BrainNow Medical Technology Ltd), a brain quantification tool that
performs brain structure and tissue segmentation and quantification in a fully automatic mode. Given the T1-weighted MRI
data, several brain structures (e.g., hippocampus, lateral ventricle, amygdala, etc.) and three major brain tissues (i.e., white
matter, gray matter, and CSF) are segmented automatically based on prior anatomical knowledge specified by experienced
radiologists. The anatomical information is automatically transformed into the individual brain.

Normalization For details please refer to Abrigo et al., Acta Radiologica 2018
Normalization template For details please refer to Abrigo et al., Acta Radiologica 2018
Noise and artifact removal For details please refer to Abrigo et al., Acta Radiologica 2018
Volume censoring Not applicable

Statistical modeling & inference

Model type and settings We used fix effect linear regression model for data analysis. We have listed the adjusted covariates in the Methods section
and Supplementary Table 21

Effect(s) tested We examined the association between genetic variants and gray matter volumes.
Specify type of analysis: ] Whole brain || ROI-based [ Both

Statistic type for inference Not applicable

(See Eklund et al. 2016)

Correction We only performed one association test for MRI data, so multiple test correction is not applicable here.
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Models & analysis

n/a | Involved in the study
|Z| |:| Functional and/or effective connectivity

|X| |:| Graph analysis

|X| |:| Multivariate modeling or predictive analysis
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