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Pangenomes are revolutionizing our ability to resolve genomic regions with complex
variations'. However, existing human pangenomes??, constrained by small sample
sizes, provide limited utility for medical and population genetic applications. Here
we generated 1,116 diploid genome assemblies (55 de novo and 1,061 pangenome-
informed) with an average size of 2.98 Gb and a mean quality value of 46 as part of

the 1000 Chinese Pangenome (1KCP) project. On the basis of these assemblies, we
constructed apangenome comprising 405.3 million base pairs of sequences absent
fromthe current references GRCh38 and CHM13, including 26.2 million base pairs of
functional genic and predicted regulatory elements. We catalogued a full spectrum
of genetic variation, including 35.4 million small variants, 110,530 structural variants
(SVs), 485,575 tandem repeats (TRs) and 0.86 million nested variants embedded in
non-reference sequences. This extensive dataset enabled detailed characterization
of multiscale genic variations relevant to medical genetics, including gene-altering
SVs, TR expansions, gene cluster variations and HLA gene haplotypes. Coupled with
the 1IKCP gene expression data, we conducted pan-variant expression quantitative
trait locus (eQTL) mapping to analyse diverse variant types. We identified 3,256 eQTLs
involving complex variants (SVs, TRs and nested variants) and elucidated their
regulatory complexity. Finally, we developed a1KCP pan-variant imputation reference
panel, which provides multitype genetic markers to enhance the resolution of future
association studies. This resource advances our understanding of complex variants

and their functional implications to provide new insights into human health.

Since the release of the first human reference genome*, understanding
the diversity of the human genome has become a fundamental task
with far-reaching implications for human health and biology. The
substantial reductionin the cost of short-read sequencing has enabled
the sequencing of millions of human genomes, which has revealed a
wealth of genetic variation essential for advancing genomic research
and associated applications® 8. However, although short-read sequenc-
ingis effective for detecting small variants, such as single-nucleotide
variants (SNVs) and small insertions and deletions (indels), it has limita-
tionsinidentifyinglarger and more complex variants, such as SVs and
TRs”, Recent advancements in long-read sequencing technology"
and assembly algorithms™ have enabled the generation of high-quality
diploid genome assemblies, which provide a more comprehensive
view of complex variants and enhance our understanding of their
formation mechanisms and functional consequences®. To effectively
integrate the full spectrum of genetic variants in populationsinto a

unified framework, researchers have turned to the concept of the
pangenome™.

A pangenome refers to the collection of genome sequences in a
population and is typically constructed from the diploid assemblies
of multipleindividuals'. Recent efforts by the Human Pangenome Ref-
erence Consortium (HPRC)*and the Chinese Pangenome Consortium
(CPC)® have demonstrated the potential of pangenomes in resolving
structurally divergent regions of the human genome. However, the
relatively small sample sizes of current human pangenomes pose
several challenges to their broader applications. First, rare variants,
which are more likely to be pathogenic than common variants™ and
have pivotal roles in inherited diseases'®"”, are underrepresented in
small-scale pangenomes. Second, the limited sample sizes hamper
accurate estimations of allele frequencies (AFs), which is crucial for
conducting associationanalyses and clinical diagnostics. Third, highly
repetitive genomic regions, such as TRs*, exhibit increased mutation
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rates, whichmakes their sequence diversity difficult to broadly resolve
insmall populations.

Toaddress these challenges, here we generate 1,116 diploid genome
assemblies (55 de novo and 1,061 pangenome-informed) as part of
the 1IKCP project. We also construct a functionally annotated pange-
nome and provide an extensive catalogue of diverse genetic variants.
Using this extensive dataset, we describe the medical relevance of
genic variations at multiple resolutions and demonstrate the regula-
tory complexity of complex variants through eQTL analyses. Finally,
we build a 1IKCP imputation reference panel and develop a 1IKCP data
portal (https://yanglab.westlake.edu.cn/lkcp) with user-friendly tools
for online browsing and imputation. Together, our results highlight
the potential utility of the IKCP dataset in human genetic research and
associated applications.

Overview of the 1,116 diploid assemblies

The1KCP projectenrolled 1,379 participants, most of whom clustered
with Han Chinese reference populations based on principal component
analysis (PCA) (Methods and Supplementary Fig.1). Both short-read and
long-read whole-genome sequencing (WGS) were performed onasub-
setof 1,144 samples. We aimed to establish alarge-scale diploid assem-
bly paneland an extensive catalogue of genetic variation for medical and
population genetic applications. Initially, 55 samples were sequenced
with high-coverage lllumina short-read WGS (around 34.4 times cover-
age), PacBio HiFilong-read WGS (around 37.3 times coverage) and Hi-C
(about 70.7 times coverage), referred to as the high-coverage dataset
(Supplementary Table1). This high-coverage sequencing strategy has
been routinely used to produce high-quality diploid assemblies®>.
To scale the analysis to a larger cohort, we adopted a cost-effective
sequencing strategy for1,099 additional samples, including 10 overlap-
ping with the high-coverage dataset. These samples were sequenced
with modest-coverage llluminashort-read WGS (about 17.3 times cov-
erage) and PacBio long-read WGS (around 9.3 times coverage, includ-
ing 2.5 times HiFi reads), referred to as the modest-coverage dataset
(Extended Data Fig. 1and Supplementary Table 2). To fully utilize this
population-scale hybrid sequencing dataset with a large fraction of
modest-coverage samples, we developed the pangenome-informed
genome assembly (PIGA) workflow' (Methods, Extended Data Fig. 2,
Supplementary Note 1and Supplementary Figs. 2-7). Unlike de novo
assembly methods that use datafromsingle individuals, the PIGA work-
flow uses a pangenome-based framework to integrate sequence infor-
mation across the entire cohort for joint diploid genome assembly. We
generated de novo assemblies for the high-coverage samples using hifi-
asm'?and pangenome-informed assemblies for the modest-coverage
samples using PIGA. Ten overlapping samples were used to benchmark
individual steps of the PIGA workflow, and asubset of three samples with
assemblies from both methods was used for downstream evaluation.

After quality control, 1,116 diploid assemblies were generated (exclud-
ing PIGA assemblies for the benchmark samples), which consisted of
55 hifiasm assemblies and 1,061 PIGA assemblies (Supplementary
Table 3). These diploid assemblies encompassed atotal of 2,232 haploid
genomes, with an average size of 2.98 Gb. A clear size distinction was
observed between X chromosome-containing haplotypes (2.98-3.11 Gb)
and Y chromosome-containing haplotypes (2.86-2.95 Gb) (Fig. 1a).
Assembly continuity was evaluated using NG50, a metric defined as
the contig length at which 50% of the genome is contained in contigs
of this length or longer, with most assemblies exceeding 40 Mb. We
next assessed assembly base-level accuracy (that is, the quality value
(QV)) using Merqury?® by comparing assembly k-mers against short-
read k-mers. Although QVs were slightly underestimated based on the
modest-coverage dataset (Supplementary Table 4 and Supplementary
Fig.8), the PIGA assemblies were estimated to have an average QV of 46,
which is lower than the hifiasm assemblies (average QV of 54), but still
indicative of alowerrorrate (Fig.1b). Structural accuracy was evaluated
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using Inspector® on the three benchmark samples, which revealed an
average of 31 structural errors per hifiasm assembly and 616 per PIGA
assembly. We further assessed the regional reliability using Flagger, which
revealed that 39% of k-mer errors and 48% of structural errors in PIGA
assemblies occurred in unreliable regions, which were mostly located
in satellites and segmental duplications (Fig. 1c and Supplementary
Fig.9). Onthe basis of these results, we used Flagger annotations from
thebenchmark samples to define 53.7 Mb of common unreliable regions
inthe GRCh38reference, which were used indownstream quality-control
steps toimprove the reliability of the 1IKCP dataset (Methods).

We further assessed the ability of PIGA assemblies to capture genetic
variation and to reconstruct haplotype sequences (Methods). PIGA
variant calls demonstrated high concordance with the ground truth
for both SNVs (average F1 score of 0.9881) and SVs (average F1score
0f0.9669) (Fig.1d). The number of false-positive SVs closely matched
the structural error counts detected by Inspector, aresult that further
supported the high accuracy of PIGA SV calls (Supplementary Table 5).
AmongSVs, 93.6% exhibited >95% sequence similarity to the benchmark
SVs, which highlighted the accuracy of PIGA assemblies even in poly-
morphicSVregions (Supplementary Fig.10). Compared with SNVs and
SVs, indels showed arelatively lower concordance (average F1score of
0.8576), with 90% of the inconsistencies occurringinhomopolymer or
TRregions (Supplementary Fig. 11). We also observed lower recall for
heterozygous variants compared with homozygous variants (Supple-
mentary Fig.12). Nonetheless, PIGA assemblies outperformed methods
based on read alignments for variant calling across multiple variant
classes (Extended Data Fig. 3). When benchmarked with the hifiasm
haplotypes, PIGA haplotypes exhibited a switch error rate of 0.50%
and a correctly phased block N50 (defined as the block length such
that 50% of the total phased sequence is contained in blocks of this size
or larger) of 618 kb on average, which demonstrated the reliability of
locally phased haplotypes (Supplementary Fig. 13).

We further annotated genomic elements across all the IKCP assem-
blies, including repeats, genes and epigenomic elements. On average,
53.05% of each haploid assembly comprised repeat elements, such
as long interspersed nuclear elements (LINEs), short interspersed
nuclear elements (SINEs) and TRs (Supplementary Table 6). Genes
were annotated using a combination of GENCODE transcript align-
ments and individual transcriptome assemblies (Methods). On average,
98.71% of autosomal protein-coding genes and 98.19% of autosomal
non-coding genes from GENCODE were annotated per assembly (Fig.1e
and Supplementary Table 7). Furthermore, we identified an average of
77.9 protein-coding genes and 1,593.3 non-coding genes per assem-
bly absent from the reference genome, a finding that reflected the
genetic variations between individual assemblies and the reference
genome (Supplementary Fig. 14). For epigenomic annotation, we used
the SEl deep-learning model** to predict personal epigenome profiles
from assembly sequences, as it has demonstrated enhanced perfor-
mance and generalization capability in benchmarking against assay
for transposase-accessible chromatin using sequencing (ATAC-seq)
data from blood samples (Fig. 1f, Methods, Supplementary Note 2
and Supplementary Table 8). On average, 59.54% of each genome was
predicted as epigenomic elements, such as promoters, enhancers and
CCCTC-binding factor (CTCF)-binding sites (Supplementary Table 9).

Pangenome construction and annotation

Tojointly represent and analyse the large-scale genome assembliesin a
unified coordinate system, we constructed an integrated pangenome
thatincorporated the IKCP, HPRC and CPC datasets, alongside the refer-
encegenomes GRCh38 and CHM13 (ref. 23) (Methods and Supplementary
Table 10). From this integrated pangenome, the 1IKCP pangenome was
generated by extracting 2,232 1KCP analysis assemblies and 2 reference
genomes. With a total size of 3.74 Gb, the 1KCP pangenome effectively
collapsed redundant sequences across assemblies into non-redundant
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Fig.1|Evaluation and annotation of the 1,116 diploid genome assemblies.
a, Distribution of assembly size and contig NG50 for hifiasm and PIGA
assemblies. b, Distribution of k-mer completeness and QV measured using
Merqury for hifiasm and PIGA assemblies. ¢, The number of k-mer errors and
structural errors in hifiasm and PIGA haplotype assemblies (n = 6) for the three
benchmark samples, stratified by regional reliability as estimated by Flagger.
Reliable regions correspond to haploid regions, whereas unreliable regions
include collapsed, duplicated and error regions. Each dot represents a
haplotype assembly, barsindicate the mean value and error bars denote
95% confidenceintervals. d, Variant calling performance of PIGA assemblies
onthree benchmark samples for SNVs, indelsand SVs. Each dot represents an

segmentrepresentations while maintaining uniform coverage across the
genome (Supplementary Note 3 and Supplementary Fig.17).

Next, we quantified the sequences in the IKCP pangenome that are
absent from GRCh38 and CHM13. A total of 405.3 Mb of non-reference
sequences were identified from the 1IKCP assemblies, of which277.5 Mb
were not detected in the CPC and HPRC assemblies (Fig. 2a). Stratify-
ing non-reference sequences by their frequency revealed 34.6 Mb as
common (frequency of >0.05), 43.3 Mb as low frequency (frequency
of >0.01and <0.05),142 Mb as rare (frequency of <0.01) and 185.4 Mb
as singletons (unique to a single haplotype) (Fig. 2b). When analys-
ing the growth of detected non-reference sequences with increasing
sample size, we observed that 95% of common and low-frequency
sequences could be detected with as few as 77 samples, whereas 95%
of rare sequences required 776 samples. These results highlight the
extensive non-reference sequences captured by the IKCP pangenome.

Although previous studies?® have also identified non-reference
sequences from pangenomes, their functional potential remains poorly
explored. Toaddress this limitation, we developed a path-guided pange-
nome annotation method to identify genomic elements, including
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thecentrelinerepresents the median, the box limitsindicate the 25thand

75th percentiles, and the whiskers extend to1.5x the interquartile range from
the box limits. f, Epigenometrack prediction performance of two deep-learning
models: SEland Enformer. For each predicted epigenome track, the mean area
under thereceiver operating characteristic curve (AUROC) was computed
againstblood ATAC-seq dataseparately for the entire genome and non-reference
sequences across assemblies of three benchmark samples. Dots represent the
top 20 predicted tracks, ranked by mean AUROC from highest to lowest.

repeats, genes and epigenomic elements, in the IKCP pangenome. This
approachintegrates assembly annotations into the pangenome using
haplotype paths asaguide and generates concordant annotations for
pangenome segments (Methods and Supplementary Fig. 18). Using
this method, we annotated 146.6 Mb of non-reference sequences as
genomic elements. Notably, TRs were disproportionately enrichedin
non-reference regions, a finding consistent with their high mutation
rate’s, which probably drives the formation of non-reference sequences
(Fig. 2c). We also identified 26.2 Mb of non-reference sequences con-
taining functional genic and predicted regulatory elements (exclud-
ingintrons and heterochromatin), such as enhancers, promoters and
transcription factor-binding sites. These non-reference functional
elements may have important biological implications and warrant
further investigation.

A complex and extensive variant catalogue

In a pangenome graph, genetic variant sites are represented as bub-
bles*, which can be identified using graph decomposition methods?.
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Fig.2| The 1IKCP pangenome and variant catalogue.a, Comparison of
non-reference sequence sizes among the 1IKCP, CPC and HPRC assemblies.

b, Cumulative size of non-reference sequences asthe sample sizeincreases.
Non-reference sequences were stratified into four frequency classes:
common (frequency >0.05), low frequency (frequency >0.01and <0.05), rare
(frequency <0.01) and singleton (unique to asingle haplotype). ¢, Columns
indicate the size of genomic elements in non-singleton non-reference
sequences, whereas dots indicate their proportionrelative to the total size of
the corresponding elementsin the pangenome. The dashed lineindicates the
proportion of non-singleton non-reference sequencesrelative to the total
size of all non-singleton sequences in the pangenome. d, Schematic of nested
variants. The variant site contains three alternative alleles (ALT 1to ALT 3) with

Using GRCh38 as the reference genome, we detected 35.4 million small
variant sites (<50 bp; see Methods for an estimated SNV false discov-
ery rate (FDR) of around 8.9% using the transition-to-transversion
(Ti/Tv) ratio)) and 110,530 SV sites (=50 bp) in the IKCP pangenome
(Supplementary Table 11). In addition to these variant sites located in
the reference genome (referred to as reference variants), the pange-
nome offers a distinct advantage in resolving variants nested in
non-reference sequences (referred to as nested variants) through
pangenome alignment (Fig. 2d). By identifying bubbles not traversed
by reference paths, we resolved 0.86 million nested variant sites
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Motif size

insertion sequences compared with the reference (REF). Differences between
theseinsertions (bases highlighted inbold) define two nested variants, which
appearasbubblesinthe pangenome.e, The number of reference and nested
variantsites across variant types, with relative proportions log,,-normalized.
Flowsillustrate the relationship between reference and nested variant sites.

f, The mean observed number of unmerged alleles per SVsite as the sample size
increases. g, MAF spectrum of SNVs, raw SVs and merged SVs with MAF > 0.001.
h, Size distribution of different SV types, including complex SVs, deletions and
insertions. i, The number of polymorphic TRsites defined by length or motif
variation, stratified by allele count. CDS, coding sequence; LTR, long terminal
repeat; NEST, nested variant; TF, transcription factor.

(Methods). Of these nested variants, 88.2% were embedded in reference
SVsites. This result highlights the substantial genetic diversity encoded
as nested variants in SVs, which is typically overlooked in previous
coarse-grained SV analyses® % (Fig. 2e and Supplementary Table 12).
Among the nested variants in reference SV sites, 30.5% were located
in TRs, which probably reflect TR expansion or contraction events.
We further explored the complexity of SV sites and found that
80.3% of SV sites are multiallelic, which complicates AF estimations
of SVs for population-level analyses (Fig. 2f, Supplementary Note 4
and Supplementary Fig. 20). To address this issue, we used Truvari®



to merge similar alleles in the same SV sites, which reduced the mean
allele number from 61.7 to 5.5. After decomposing the multiallelic sites
into constituent biallelic variants, we obtained the IKCP SV callset with
164,216 merged SV alleles (Methods). Compared with the unmerged
SV alleles, the merged SV alleles exhibited a minor allele frequency
(MAF) spectrum more similar to that of SNVs. This result demonstrates
that SV merging better reflects the characteristics of SVs from the per-
spective of population genetics (Fig. 2g, Supplementary Table 13 and
Supplementary Fig. 21). Moreover, 87% of the merged SV alleles with
MAF > 0.01were in Hardy-Weinberg equilibrium (HWE), a value com-
parable to the 88% observed among unmerged SVs. On the basis of
the three benchmark samples, we estimated a FDR of 2.6% for the SV
callset (Methods and Supplementary Fig.22). This SV callset captured
diverse SV types and sizes, including 77,456 insertions, 56,897 dele-
tionsand 29,863 complex SVs, with sizes ranging from 50 bp to 100 kb
(Fig. 2h). The SVsize distribution revealed two prominent peaks, which
corresponded to the active transposable elements Alu (300 bp) and
LINE1 (6,000 bp). Comparisons with existing cohort-based SV callsets
(GnomAD?*, 1000G-ONT?* and HGSVC3 (ref. 27)) revealed that 33.3%
of SVs in the 1KCP callset are previously unreported (Extended Data
Fig.4a). Amongthese unreported SVs, 83.5% have an AF < 0.01, aresult
that underscores the value of the 1KCP callset in capturing rare SVs
(Extended DataFig. 4b).

Given the extreme diversity and complexity of the TR sites, we
further characterized alleles of 1.03 million candidate TR sites in the
1KCP assemblies on the basis of their repeat unit representations using
vamos?. Benefiting from the high accuracy of assemblies, 98.2% of
TRlocishowed high concordance (<1 edit distance in repeat unit rep-
resentations of TR alleles) between hifiasm and PIGA assemblies. By
contrast, only 75.3% showed high concordance with hifiasm assemblies
when directly called from long reads (Methods and Extended Data
Fig.5).Inthe 1KCP cohort, we identified 333,882 polymorphic TR sites
with length variations. When further considering motif variation, this
number increased to 485,575, with the proportion of multiallelic sites
rising from 20.7% to 30.7% (Fig. 2i). These TR sites contained 1.47 mil-
lion polymorphic motifs, 4.4 times the number of length-polymorphic
TRsites. This finding highlights the substantial contribution of motif
composition to TR variation.

In summary, we compiled an extensive variant catalogue for the
1KCP cohort that encompasses multiple variant types and a broad
AF spectrum. From this catalogue, we estimated that relative to the
GRCh38reference genome, atypical Chinese diploid genome contains,
onaverage, 5.09 million small variants, 23,617 SVs, 0.35 million nested
variants, 174,318 TR length variants and 496,621 TR motif variants (Sup-
plementary Table 14).

Medical relevance of multiscale variants

Leveraging the IKCP dataset, we explored the gene structure and hap-
lotype diversity in the cohort at various resolutions. We focused on
medically relevant genes (MRGs), which are crucial for understanding
disease and clinical interpretation.

We first identified 5,239 SVs in the exons of 3,326 protein-coding
genes. These exon-overlapping SVs, capable of altering gene tran-
scripts, exhibited evidence of purifying selection, as reflected by their
higher proportion of rare SVs (AF < 0.01) than of intergenic SVs (58.8%)
and SVsin other genomicregions (Fig. 3aand Supplementary Table 16).
On average, each individual carried 450 gene-altering SVs, including
9 rare ones (Supplementary Table 17). The deleteriousness of these
gene-altering SVs depended on the evolutionary constraint of their
affected genes, which was quantified by the loss-of-function observed/
expected upper bound fraction (LOEUF)*° (Spearman’s correlation
between the proportion of rare SVs in exons and the LOEUF scores
of corresponding genes, p =-0.85, P=7.1x10°%; Fig. 3b). Notably, we
identified 1,013 SVsinthe exons of 623 MRGs cataloguedin the Online

Mendelian Inheritance in Man (OMIM)* and COSMIC* databases, with
an exceptionally high rare SV proportion of 74.6%. These included
previously reported pathogenic SVs, suchasa340-bp Aluinsertionin
PALB2, which was found in two 1KCP individuals and associated with
hereditary breast cancer (ClinVar: VCV001071843)*, and a100-bp dele-
tionin SLC34A3, which was found in two 1IKCP individuals and linked to
hypophosphataemic bone disease (ClinVar: VCV000001433)** (Sup-
plementary Fig.23). These findings indicate the pathogenic potential of
rare gene-altering SVs and emphasize the value of incorporating more
comprehensive variant catalogues to improve clinical diagnostics.

TR expansion represents a pathogenic form of TR sites thatis charac-
terized by anabnormally long TR allele and is known to cause multiple
disorders when occurring in certain MRGs. Using the 1IKCP TR callset,
we constructed a TR size ‘null distribution’ for each TR site, which
enabled the identification of TR expansion events. We observed that
most known disease-associated genic TR sites had normal size ranges
(within 99% of IKCP individuals) below previously defined pathogenic
size thresholds®. Exceptions were for TRs in DABI and FGF14, which
exhibited frequent expansions of benign motifs (Fig. 3c and Extended
DataFig. 6a,b). This resultis consistent with previous studies showing
that the pathogenicity of TR expansions depends on both length and
motif***’. Moreover, we confirmed motifs previously associated with
expanded TR alleles at the RFCI locus, including ACGGG, AAAGG and
AAGGG (Extended Data Fig. 6¢). To extend the scope of our investiga-
tion, we performed an unbiased TR expansion screen using the DBSCAN
algorithm?®, which led us to identify 2,427 TR expansions, of which
124 were located in exons (Methods and Supplementary Table 18).
On average, each individual carried 3.79 TR expansions, with 0.15
located in exons (Supplementary Table 17). Notably, we identified a
TR expansion in C11orf80 that induces the rare fragile site FRA11A,
which s associated with increased genomic instability® (Supplemen-
tary Fig.24). Thisresult suggests that the detected TR expansions may
explain the molecular basis of cytogenetically identified fragile sites.
Further exploration revealed 9 GC-rich or AT-rich genic TR expan-
sions located in 3 out of the 17 remaining unmapped rare fragile sites
(Supplementary Table 19). Among these events, a CGG expansion in
the 5’ untranslated region (UTR) of GIPC1, carried by one individual,
exhibited allele-specific hypermethylation. This result is consistent
with characteristics of folate-sensitive fragile sites and warrants further
investigation*’ (Fig.3d,e).

Wethenbroadened our analysis fromsingle genesto gene clusters,
which oftenexhibit complex structural haplotypes that involve multiple
SVs. Using pangene*, we identified 735 gene clusters containing gene
variations, including gene duplication, deletion and rearrangement
(Supplementary Table 20). These gene clusters encompassed 2,038
genes, which are significantly enriched in blood and immune-related
gene ontology (GO) categories, including immunoglobulin complex
(G0O:0019814, fold enrichment =5.6, P= 2.8 x107*°), T cell receptor
complex (GO:0042101, fold enrichment = 6.6, P= 7.3 x 10 *¢) and blood
microparticle (GO:0072562, fold enrichment = 2.8, P=8.9 x10°%) (Sup-
plementary Table 21). Further analysis revealed that these enrich-
ments are unlikely to be attributable to somatic V(D)] recombination
(Supplementary Fig. 25). The high structural diversity of blood and
immune-related gene clusters reflects their specific role in shaping
human traits and enabling human adaptation to diverse pathogens
throughout evolution. A prominent example is the HP gene cluster,
comprising the HP (haptoglobin) and HPR (haptoglobin-related) genes,
whichare duplicated fromasingle ancestral gene and known for their
roleinbinding free haemoglobin during acute-phase responses*’. Based
on the exonic SVs, we resolved four structural haplotypes of the HP
gene cluster inthe 1IKCP pangenome, including three common haplo-
types (AF > 0.01) and onerare haplotype (AF < 0.01) (Fig. 3f,g). A1.7-kb
deletion (AF = 0.2766, allele count = 617) spanning exons 5and 6 of HP
distinguished the HPI-HPR haplotype from the reference haplotype
HP2-HPR and is associated with low-density lipoprotein (LDL) and
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total cholesterol levels®. Two additional deletions were identified: a
27-kb deletion (AF = 0.0385, allele count = 86) generating the HP*!-
HPR* haplotype; and an 11-kb deletion (AF = 0.0004, allele count =1)
generating the HP2-HPR* haplotype. In the IKCP cohort, the HPI-HPR
deletion wasin strong linkage disequilibrium (LD) (r2 > 0.8) with3SNVs
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associated with 47 traits across multiple categories (Fig. 3h,iand Sup-
plementary Table 22). This result suggests that there are broader impli-
cations of the HP gene for human health than previously recognized.
Although several SNVs showed stronger LD with the HPI-HPR deletion
than the trait-associated SNVs, they are located in low-mappability



regions for short reads, which made them unreliable for genotyping
inprevious genome-wide association studies (GWASs). Moreover, the
HP#-HPR deletion showed strong LD with rs117891475, a SNV specific
to East Asianindividuals in the 1000 Genomes dataset®, which has been
associated with LDL and total cholesterol levelsina GWAS of East Asian
individuals** (Supplementary Table 23).

Finally, we examined the haplotype structure of HLA genes in the
major histocompatibility complex (MHC) region, whichisrecognized
foritsextraordinary genetic diversity and associations with numerous
diseases*. Compared with previous studies*®* that used short-read
data, which were limited to resolving HLA alleles at a maximum of
three-field resolution, the IKCP assemblies provide an extended phas-
ing range across both coding and non-coding regions of HLA genes,
which enabled four-field resolution of HLA alleles. Using HiFiHLA,
we identified HLA alleles for 36 genes. The typing results showed a
mean three-field concordance rate of 97.3% on 22 shared genes with
the short-read typing results obtained using HLA-HD*® (Supplemen-
tary Table 24 and Supplementary Fig. 26). In total, weidentified 1,348
four-field alleles, more than double the number of identified three-field
alleles, which highlighted the substantial non-coding diversity of HLA
genes. Classical HLA genes, suchas HLA-A, HLA-Band HLA-C, exhibited a
higher number of four-field alleles than non-classical HLA genes (103.6
compared with18.5alleles onaverage). However, exceptions occurred
for casesin which the non-classical HLA genes MICA and MICB showed
greater four-field allele diversity than the classical HLA gene HLA-DPA1
(Extended Data Fig. 7a,b and Supplementary Table 25). Given the exten-
sive allele diversity and complex haplotype structure of HLA genes,
we used an entropy-based LD measurement index (&) to evaluate the
multiallelic LD between HLA genes, which measures the non-random
association of multiple alleles across two loci*. Values of ¢ calculated
fromfour-field alleles were generally higher than those from three-field
alleles (0.0385 compared with 0.0235on average), which indicated that
the higher allelicresolution reduces the randomness of allele combina-
tionsandrevealsafiner-scale LD structure thatis masked atlower reso-
lution. (Extended Data Fig. 7c,d and Supplementary Table 26). Based
on gene-wise LD, we identified five distinct LD blocks for HLA genes
(£>0.10), including two HLA class I blocks and three HLA class Il blocks.

Pan-variant eQTL analysis

The1KCP dataset provides an extensive variant catalogue that contains
notonly small variants (SNVs and indels) but also complex variants (SVs,
TRsand nested variants) that were poorly detectedin previous short-read
datasets. This broad dataset enables the incorporation of all major
classes of genetic variationinto a unified analytical framework, referred
to as pan-variant analysis. Such analyses have the potential to improve
resolution over previous association studies*® 2 that focused on only one
orafew variant types. Consequently,amore comprehensive view of how
diverse variants contribute to phenotypic variation can be obtained. To
demonstrate the value of pan-variant association studies, we used the
expression levels 0of 21,372 genes (13,860 protein-coding genes and 7,512
non-coding genes) quantified by RNA sequencing (RNA-seq) in the IKCP
cohort (n=1,101) asexample phenotypes and investigated their genetic
regulation by different variant types (Methods).

We first assessed the contribution of different variant types to
cis-heritability (the variance explained by all genetic variantsinal Mb
window around the transcription start site (TSS)) of gene expression
phenotypes using amulticomponent GREML modelin GCTA**, Com-
plex variants explained an average of 12.6% of the cis-heritability for
genes with cis-heritability of >0.05 (n = 7,341), which highlighted their
contribution to variation in gene expression (Extended Data Fig. 8).
Tofurther explore theregulatoryimpact of complex variants, we per-
formed cis-eQTL mapping and identified 15,722 eGenes significantly
associated with 2.68 million unique eVariants (FDR < 5%). Fine-mapping
analysis produced 17,563 credible sets, of which 1,364 contained

complex variants with the highest posterior inclusion probability (PIP)
(Supplementary Table 27). Among the eVariants with PIP > 0.9, TRs
exhibited the strongest enrichment across variant types (fold enrich-
ment =2.96; Supplementary Table 28). Stepwise conditional analysis
revealed 32,154 jointly associated eVariants, including 3,256 that were
lead complex eVariants (Fig. 4a and Supplementary Table 29).

Although only 115 lead eVariants were SVs, an additional 1,744 lead
eVariants were located in SV sites, including 556 SNVs, 696 indels and
492 nested variants. In total, we identified 1,591 SV sites that contain
lead eVariants, of which 162 had multiple unique lead eVariants. This
findingindicates the complexity of SV-mediated gene regulation (Sup-
plementary Table 30). Forinstance, we identified a SV site withinserted
transposable elements and enhancers that contained eight nested vari-
antsundetectable using the linear reference GRCh38 (Fig.4b). Among
these nested variants, two located in enhancers were lead eVariants for
ADAMI0 (P=5.6 x10™2)and MINDY2 (P= 2.5 x 10"%°). Another example
involved arepetitive SV site that contained two lead eNested variants
for SNORA71B (P=4.4 x10™%) and ENSG00000275401 (P=4.4 x10%;
Supplementary Fig.27). These results highlight the regulatory poten-
tial of nested variantsin gene expression. Using the IKCP pangenome
annotation, we further characterized the functional properties of
lead eNested variants based on their pangenome contexts (Methods).
These variants were enriched in genic regions (5’ UTRs, 3’ UTRs and
non-coding exons) and regulatory elements (promoters and enhanc-
ers), which underscores the functional importance of non-reference
sequences (Fig. 4cand Supplementary Table 31). Moreover, SINEs and
long terminal repeats exhibited modest enrichment, which highlights
their unique regulatory roles compared with other repeat elements.

Weidentified 2,482 lead eVariants as TR variants, including1,047 eTR
length variants and 1,435 eTR motif variants. Although 82.4% (860 out
0f1,047) ofeQTLs with lead eTR length variants were also significantly
detected by TRmotif variants, only 42.6% (612 out 0f 1,435) of eQTLs with
lead eTR motif'variants wereidentified by TR length variants. This result
emphasizes the unique genetic variation captured by TR motifs. Among
the1,934 TRsites with lead eVariants, 305 contained multiple unique lead
eTRvariants, which suggests that the same TR locus may regulate gene
expression through different mechanisms. For example, we observed
that the expression level of MADIL1 was associated with both the copy
number of a TR site and its 28-bp motif (CCCAGGCCTCACCCTCCTCTTC
CTCCCC). Specifically, each additional TR copy was associated with a
0.126 standard deviation increase in normalized MADIL1 expression,
whereas an additional motif copy was associated with a 0.245 stand-
ard deviationincrease (Fig. 4d). Overall, this TR locus explained 81% of
MADIL1 expression variation (Supplementary Table 32).

Although we demonstrated the contribution of complex variants
to phenotypicvariationin gene expression, most GWASsincorporate
only SNVs and indels, which limits their ability to uncover the pheno-
typic impact of complex variants on complex traits. Therefore, we
conducted eQTL-GWAS colocalization analysis using SMR* and coloc”,
leveraging the 1IKCP eQTL dataset with a more complete variant pro-
file to prioritize variants that potentially underlie GWAS loci. Using
GWAS data of 215 traits from BioBank Japan*®, we identified 1,563 eQTL-
GWAS colocalization signals, of which 119 signals involved complex
variants as lead eVariants (Supplementary Table 33). For example, we
identified an 18-kb deletion spanning GSTMI, which is the most likely
causal eVariant for both GSTMI and GSTM2 based on fine-mapping
(PIPgysie.gstm = L PIPgsie.cstmz = 1). These two eQTLs colocalized with a
GWAS locus for platelet count (PP4 g c.cstmi = 0-90, PP4 g 0c.cstmz = 0.90,
Povrecstin = 4.2 X107, Poyr.gstmz = 4.06 x 107°) (Fig. 4€). This result sug-
gests that this deletion might affect platelet count by reducing GSTM1
and GSTM2 expression.

Overall, these results demonstrate that pan-variant eQTL analysis
reveals previously undetected complex variants that regulate gene
expression and provide new insights into the genetic basis of complex
traits.
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1KCP pan-variant imputation panel

Leveraging the 1IKCP assemblies, which reconstruct individual haplo-
types with diverse variant types, we developed the 1KCP pan-variant
imputation reference panel. This panel encompasses an extensive set
of genetic markers, including 26.3 million small variants, 100,989 SVs,
1.48 million nested variants, 162,474 TR length variants, 357,416 TR
motifvariants and 1,871HLA alleles (from one-field to four-field resolu-
tion). To facilitate pan-variant analyses in future genetic association
studies, we developed the 1IKCP data portal with an online imputation
tool.

To comprehensively evaluate the imputation performance of the
1KCP reference panel, we conducted leave-one-outimputation for the
55 high-coverage samples. We achieved high accuracy across diverse
variant types, including SNVs, SVs, nested variants, TRsand HLA alleles
(Fig.5,Methods, Supplementary Note 5and Supplementary Table 34).
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and error barsindicate 95% confidenceintervals, estimated from 100,000
resamplingiterations. d, The size distribution of the total length of a TR locus
andthelength of its 28-bp motif CCCAGGCCTCACCCTCCTCTTCCTCCCC, and
their association with the normalized expression level of MADIL1 estimated
using RNA-seq data (n=1,011). Dots represent mean values and error bars
indicate 95% confidence intervals. e, Colocalization between an eQTL signal
for GSTMI and a GWAS signal for platelet count, whichis probably drivenby an
18-kb GSTMI deletion. eQTL nominal P values were computed using two-sided
t-tests fromlinear regression models (tensorQTL). CDS, coding sequence;
LTR, long terminal repeat; NEST, nested variant; TF, transcription factor.

Benchmarking against existing panels on external samples demon-
strated that the IKCP panel provided enhanced or comparable accuracy
forSVs, TRsand HLA alleles while also enabling theimputation of nested
variants, TR motif compositions and high-resolution (three-field and
four-field) HLA alleles (Methods, Extended Data Fig. 9, Supplementary
Note 6 and Supplementary Table 35). Taken together, these results
highlight the value of the IKCP imputation reference panel in enabling
access topreviously inaccessible variants, which will expand the scope
of future genetic studies.

Discussion

Inthis study, we generated alarge-scale diploid assembly panel of 1,116
Chinese individuals and constructed the 1IKCP pangenome, which
captured the extensive genetic diversity. We provided an extensive
catalogue of genetic variants, including small variants, SVs, TRs and
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nested variants, encompassing both common and rare alleles, all of
which can be browsed through user-friendly tools at the 1IKCP data
portal. Leveraging this dataset, we characterized medically relevant
genic variations across multiple scales, from gene-altering SVsand TR
expansions to gene cluster variations and HLA gene haplotypes. Further-
more, we conducted pan-variant eQTL analyses, which uncovered the
regulatory complexity mediated by complex variants and their potential
contributions to complex traits. Finally, we developed the 1IKCP impu-
tation reference panel, which incorporates a full spectrum of genetic
variants to enhance the resolution of genetic-association studies at a
pan-variantlevel. Collectively, these efforts demonstrate the potential
impactof the 1IKCP projectin advancing human genetics and precision
medicine.

The 1IKCP pangenome, comprising over 1,000 individuals, repre-
sents a substantial increase in sample size compared with previously
released human pangenomes constructed from diploid assemblies,
whichtypicallyincluded only afew dozenindividuals. Thislarge-scale
pangenome benefits from the joint assembly framework of the PIGA
workflow, which fully leverages modest-coverage hybrid sequencing
data and can be applied to other large-scale projects that use either
hybrid or long-read-only sequencing strategies with modest or low
coverage. This large-scale pangenome demonstrates its value by greatly
enhancing the representation of genetic variants, particularly rare and
low-frequency variants (Supplementary Fig. 28a). The improvement is
reflected in the larger size of non-reference sequences, the increased
number of variant sites and the higher allele counts observed across
these sites. Notably, TR sites exhibited extraordinary diversity, which
accounted forasubstantial proportion of multiallelic variants, afinding
thatunderscores the necessity of representing and imputing TRs using
alarge-scale haplotype panel (Supplementary Fig. 28b). Moreover, the
1KCP pangenome revealed substantial non-reference sequences with
functional genic and regulatory elements. However, we acknowledge
the current limitations of deep-learning models in consistently pre-
dicting epigenomic profiles across assemblies and tissue contexts
(Supplementary Note 7). Finally, the 1IKCP variant catalogue highlights
the functional complexity of complex variants, which highlights the
necessity of developing advanced multiallelic frameworks to fully
capture their phenotypic effects (Supplementary Note 8).
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We acknowledge certain limitations inherent to the current PIGA
workflowand sequencing strategies, particularly regardingindelerrors,
chromosome-level phasing and the resolution of highly repetitive
regions (Supplementary Note 9). Despite these limitations, the 1KCP
dataset provides a valuable resource for advancing genetic research
and clinical applications. For clinical diagnosis, the 1KCP variant
catalogue serves as a reference for assessing the functional impact
of SVs and TRs to aid the identification of pathogenic variants that
underlie inherited diseases. For genetic-association studies, we devel-
oped the 1IKCP pan-variant imputation reference panel to enhance
the resolution of future analyses, particularly for complex variants,
to enable deeper insights into their contributions to human traits
and diseases. We also built the 1IKCP data portal with user-friendly
tools for querying, visualization and imputation to enhance the
accessibility and utility of the IKCP dataset. This work demonstrates
the potential of assembly-based analysis to bridge gaps in previous
short-read-based studies. As the costs of long-read sequencing con-
tinue tofall, we anticipate that this strategy will be increasingly adopted
in large cohorts to advance precision medicine and benefit human
health®,
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Methods

Sample collection

The first phase of the IKCP project enrolled 1,379 participants aged
18-76 years (737 men and 642 women) from the Health Examination
Center of the Second Affiliated Hospital of Wenzhou Medical Univer-
sity. Peripheral blood samples were collected for library preparation
and sequencing. All samples underwent lllumina short-read WGS
and RNA-seq. Among these participants, 55 samples were selected
for high-coverage PacBio HiFilong-read WGS and Hi-C sequencing,
and 1,099 were selected for modest-coverage PacBio long-read WGS.
Self-reported ancestry information was not explicitly collected and was
therefore not available for this study. Informed consent was obtained
fromall participants. The study was approved by the Ethics Committee
of Westlake University (approval no.20201127YJ001) and the Ethics
Committee of Wenzhou Medical University (approval no.2019-107).

Short-read WGS

gDNA was extracted from peripheral blood using a gDNA extraction
kit and aHF24 nucleic acid purification instrument (Concert). DNA
concentration was measured using a Qubit 4.0 fluorometer (Thermo
Fisher). Atotal of 1 pg of DNA wastreated with ribonuclease A (Takara)
and purified using CleanNGS-R beads (Vdobiotech). Fragmentation,
end-repair and A-tailing were performed using 5x WGS fragmenta-
tion mix and 10x fragmentation buffer (Enzymatics), followed by
ligation with TruSeq index adaptors using T4 DNA ligase and 5x rapid
ligation buffer (Enzymatics). Purification, size selection and PCR ampli-
fication produced asequencinglibrary with atarget size of 450-550 bp
and normalized to 3 ng pl™. Short-read WGS was performed on anllu-
minaNovaSeq-6000 platform.

High-coverage long-read WGS

High-quality DNA samples (absorbance of A,.,/A,g0 =1.8-2.0, Ao/
Ay >2.0, concentration of 2100 ng pl™ and fragment size of >40 kb)
were purified with Ampure PB beads and fragmented using aMegarup-
tor2 system (Diagenode). Libraries were prepared using a SMRTbell
Prep kit 2.0 with steps similar to modest-coverage sequencing, target-
ing alibrary size of 15 kb. Long-read WGS was performed on a PacBio
Sequellle platform using 8M SMRT Cell and Sequencing plates (v.2.0),
with a pre-extension time of 4 hand a video time of 30 h. Primary CCS
reads (accuracy >0.88) were generated using CCS (v.6.2.0; https://
github.com/PacificBiosciences/ccs) with the --all option. Subreads
were aligned to their corresponding primary CCS reads using actc
(v.0.60; https://github.com/PacificBiosciences/actc). Finally, HiFi reads
(accuracy >0.99) were generated using DeepConsensus (v.1.2.0)°.

Modest-coverage long-read WGS

DNA quality was assessed using a Nanodrop spectrophotometer
(Thermo Fisher), a Qubit 4.0 fluorometer (Thermo Fisher) and Map-
per XA Chiller system (Bio-Rad). Samples meeting quality criteria
(Aj0/Asg0=1.8-2.0, Ay0/A,30 > 2.0, concentration of 70 ng ul™* and
fragment size of =40 kb) were purified with Ampure PB beads and
fragmented using an Eppendorf centrifuge. Libraries were prepared
using a SMRTbell Prep kit 2.0 (PacBio), which involved DNA damage
repair, end-repair, adapter ligation and size selection. The libraries
were then bound with Sequencing Primer v.3 and Bind Polymerase
2.0, followed by purification with 1.2x AMPure PB beads. Long-read
WGS was performed on a PacBio Sequel lle platform using 8M SMRT
Celland Sequencing plates v.2.0, with a pre-extension time of 4 hand a
video time of 30 h. With the --all option, CCS generates one representa-
tive read for each zero-mode waveguide (ZMW), either by generating
a consensus sequence when sufficient subreads are available or by
selecting the median-length subread otherwise (Extended DataFig.1a).
This process produces two types of read: HiFi reads and non-HiFireads.
Although non-HiFi reads have lower accuracy than HiFi reads, their

inclusionresulted in a 2.7-fold increase in total sequencing coverage
compared with using HiFi reads alone (Extended Data Fig. 1b).

Hi-Csequencing

Peripheral blood samples were treated with4 ml of 37% formaldehyde
solution (Sigma-Aldrich) for crosslinking, followed by centrifugation
to remove the supernatant. The pellets were washed twice with DPBS
(Solarbio) and treated with a red blood cell lysis solution (Miltenyi)
toremove erythrocytes. After additional washes with DPBS, the sam-
ples were resuspended in deionized water. gDNA was released from
the suspension using 10% SDS and 10% Triton-X100 (Sigma), followed
by digestion with the Mbol enzyme (NEB). The resulting DNA frag-
ments were end-repaired using Klenow fragment (Enzymatics) with
Biotin-16-dCTP (Trilink) and ligated to adjacent fragments with T4
DNA ligase (Enzymatics). The ligated product was de-crosslinked
using proteinase K (Qiagen) and 10% SDS and purified with SPRIse-
lect beads (Beckman Coulter). DNA concentration was quantified
using a Qubit 3.0 fluorometer (Thermo Fisher). Approximately
500 ng of purified DNA was subjected to fragmentation, end repair
and A-tailing using 5x WGS fragmentation mix and 10x fragmenta-
tion buffer (Enzymatics). The fragmented DNA was ligated to Truseq
index adaptors and purified using CleanNGS-R beads (Vdobiotech).
Biotin-labelled target fragments were captured with M270 magnetic
beads (Invitrogen) and amplified using KAPA HiFi HotStart ReadyMix
(Kapa Biosystems). The PCR product was purified and normalized to
3 ng ™, producing asequencing library with a target size range of 500-
600 bp. Hi-C sequencing was performed onanIllumina NovaSeq-6000
platform.

RNA-seq

Peripheral blood samples were treated with ared blood cell lysis solu-
tion (Tiangen) to remove erythrocytes. RNA was then extracted from
the leukocyte precipitate using a PAXgene Blood RNA kit (Qiagen).
The extracted RNA was assessed using an Agilent Bioanalyzer 2100,
and only samples with a total RNA amount >1 pg and a RNA integrity
number of >6.5 were used for library preparation. rRNA was depleted
from the total RNA using a Ribo-Zero Plus rRNA Depletion kit (Illu-
mina), leaving mRNA and long non-coding RNA intact for downstream
processing. The sequencing library was prepared using a Hieff NGS
Ultima Dual-mode mRNA Library Prep kit (Yeasen), which involved
cDNA synthesis, end repair, A-tailing, adaptor ligation, purification,
size selection and PCR amplification. The resulting PCR product was
normalized to a concentration of 3 ng pl™, producing a library with a
targetinsert size of 450 bp. RNA-seq was performed on an lllumina
NovaSeq-6000 platform.

PCA

To place the IKCP samples in a global genetic ancestry context, we
performed a PCA using SNV genotypes from the 1IKCP samples com-
bined with unrelated samples from the 1000 Genomes Project (1000G)
and the Human Genome Diversity Project®. For the 1IKCP samples,
short-read data were aligned using BWA-MEM (v.0.7.17)%?, and SNV
genotypes were called using the GATK (v.4.2.6.1) workflow®, Geno-
types at overlapping SNV sites across the three datasets were merged
to create two analytical sets: (1) a global set with all samples, and
(2) an East Asian-only set. For each set, we retained biallelic SNVs
with MAF > 0.05, HWE P> 1 x 10"® and genotype missing rate <10%.
The remaining SNVs were further pruned to remove sites in LD using
PLINK2 (ref. 64) (--indep-pairwise 50 5 0.5). PCA was then conducted
on this pruned dataset using PLINK2.

Diploid genome assembly using the high-coverage dataset

High-coverage HiFiassemblies were generated using hifiasm (v.0.15.3)",
incorporating Hi-C data for haplotype phasing®. Toimprove mitochon-
drialgenome assembly, we removed contigs aligned to mitochondrial
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DNA using minimap2 (v.2.24)% (-cxasmS5) and reassembled the mito-
chondrial genome with Unicycler (v.0.5.0)¢".

To cleanraw assemblies, PacBio adapter sequences were identified
using minimap2 (-cxsr -f5000 -N2000 -secondary=yes) and masked
with BEDTools (v.2.30.0)%. Non-human sequences (bacterial, viral,
fungal and archaeal sequences) were detected by aligning to the NCBI
RefSeq database using blastn (v.2.13.0)° (-task megablast -word_size
28 -evalue 0.0001 -perc_identity 98.0) and removed.

Diploid genome assembly using the modest-coverage dataset

We used the PIGA workflow?, anintegrated framework incorporating

multiple tools206263666870-97 tq generate diploid genome assemblies

using population-scale hybrid sequencing data. A detailed step-by-step

description of the PIGA workflowis provided in Supplementary Note 1.

In brief, this workflow involves the following steps:

1) Performing population-level SNV calling by integrating long-read
and short-read sequencing data.

2) Performing SNV haplotype phasing by leveraging long-read and
population information.

3) Generating personalized references by modifying the reference
genome with homozygous variants genotyped from the external
pangenome and partitioning long reads into haplotypes.

4) Producingdraft diploid assemblies based on partitioned long reads.

5) Constructing the pangenome using draft diploid assemblies and
simplifying it.

6) Reconstructingthe final diploid assemblies by inferring the diploid
paths from the constructed pangenome.

Assembly evaluation

The quality of the 1IKCP assemblies was evaluated using multiple
approaches. We assessed assembly completeness and QV using Illumina
short-read k-mers. A21-mer database was built using Meryl (v.1.4.1), and
completeness and QV of the assemblies were estimated using Merqury
(v.1.3)%. Structural errors were detected using high-coverage HiFi reads
with Inspector (v.1.0.1)*. Moreover, unreliable assembly regions inboth
PIGA and hifiasm assemblies of the three benchmark samples were
identified using high-coverage HiFi reads with Flagger (v.0.2.0)% The
unreliableregions (including collapsed, duplicated and error regions)
in the PIGA assemblies were lifted over to both GRCh38 and CHM13
references, using minimap2 (-cxasm20) for alignment and rustybam
(v.0.1.34; https://github.com/mrvollger/rustybam) for coordinate
transformation. Reference regions marked as unreliablein more than
two haplotypes were defined as common unreliable regions.

Variant calling and haplotype phasing performance of the PIGA
assemblies were evaluated using the three benchmark samples. Evalua-
tion callsets were generated from PIGA assemblies with Dipcall (v.0.3)%%.
Benchmark small variant callsets were constructed by combining vari-
ant calls obtained independently using GATK, DeepVariant (v.1.4.0)”
and Dipcall from high-coverage short-read, long-read and hifiasm
assemblies. Variant genotypes supported by at least two methods
were considered true. Small variant calling performance was evalu-
ated by comparing the evaluation callset to the benchmark callset in
Dipcall-confident regions using hap.py (v.0.3.14)%° with the vcfeval
engine. SV calling performance was evaluated by treating Dipcall SV
calls from hifiasm assemblies as the benchmark set. The evaluation
callset was compared with the benchmark set in Dipcall-confident
regions using Truvari (v.4.2.2)*® bench (--pick ac --sizemin 50), with
harmonization performed using Truvarirefine (--recount -u -U). Hap-
lotype phasing performance was evaluated by comparing SNV hap-
lotypes from Dipcall datasets of PIGA and hifiasm assemblies using
WhatsHap (v.1.4)”.

Assembly annotation
We developed an integrative assembly annotation pipeline to iden-
tify repeats, genes and epigenomic elements in the IKCP assemblies.

For repeat annotation, we used Tandem Repeats Finder (v.4.09)'°
(parameters:27780105015-125-h) toidentify TRs and used Repeat-
Masker (v.4.1.1)"* with RMBlast to annotate other types of repeat ele-
ments, such as LINEs, SINEs and long terminal repeats.

Gene annotation was carried outin multiple steps. First, welifted the
GENCODE (v.40)™? annotation from GRCh38 to individual assemblies
with a 95% identity threshold using Liftoff (v.1.6.3)'% (-sc 0.95 -copies
-polish). We then aligned RNA-seq reads to the assemblies using HISAT2
(v.2,2.1)**, and performed transcriptome assembly with StringTie
(v.2.2.1)'%, using Liftoff annotations as guidance. StringTie annota-
tions were filtered to exclude single-exon transcripts or those with tran-
scripts per million (TPM) < 0.5. The filtered StringTie annotations were
compared with the Liftoff annotations using gffcompare (v.0.12.9)'%°
to identify novel transcripts, including intronic, opposite-strand and
non-overlapping transcripts. These novel transcripts were further
classified as coding or non-coding using CPC2 (v.1.0.1)'””. For novel
codingtranscripts, gene sequences were predicted with GeneMarkS-T
(v.5.1)"°®and further validated using InterProScan (v.5.66)'°’ with several
databases (for example, CDD, Gene3D, PANTHER, Pfam and PIRSF).
Novel non-coding transcripts, specifically long non-coding RNAs,
were annotated if their length exceeded 200 bp and had no putative
coding sequence longer than 100 bp. Finally, the novel coding and
non-coding genes were merged with Liftoff annotations to create the
final annotations.

To annotate epigenomic elements, we compared the performance of
SEland Enformer (v.0.8.8) for epigenome prediction in128-bp steps on
both PIGA and hifiasm assemblies from the three benchmark samples.
Non-reference sequence regions in each assembly were identified using
PAV” and defined as insertion records of 250 bp. ATAC-seq peaks were
identified on the assemblies of the matched samples using MASC3
(v.3.0.0)"witha FDR < 0.01and served as the ground truth for model
evaluation. Predicted regions were labelled as true positive if they
overlapped with the ground truth peaks and as false positive other-
wise. The AUROC for each predicted track was calculated to evaluate
the performance of SEl and Enformer. For large-scale annotation, SEI
predictions were performed in 300-bp steps, balancing speed and
accuracy (Supplementary Fig.15). The SEl sequence classes were used
to annotate epigenomic elements across all the IKCP assemblies.

Pangenome construction

Given the computational challenges of integrating such a large data-
set, we developed a pangenome construction pipeline that combines
features from Minigraph-Cactus™ and PGGB® while implementing sub-
graph parallelization to enhance efficiency (Supplementary Fig.16). We
first constructed the pangenome containing only SVs using Minigraph
(v.0.21)*, whichiteratively integrates assemblies into the pangenome.
The order of integration was determined on the basis of the k-mer-based
distance of assemblies to the CHM13 reference, estimated using Mash
(v.2.3)"2, We then realigned the assemblies to the Minigraph pange-
nome to obtain assembly-to-graph alignments, which were filtered
using gaffilter (https://github.com/ComparativeGenomicsToolkit/
cactus-gfa-tools) (-r 5.0 -m 0.25-q 5-b 250000 -0 0 -i 0.5). To acceler-
ate subsequent steps, we divided the pangenome into approximately
20 Mb subgraphs by removing edgesinborder regions not part of the
bubbles, using the API of odgi (v.0.8.6)">. Alignments and assembly
sequences were split accordingly for each subgraph. We theninduced
the base-level pangenomes for subgraphs using seqwish (v.0.7.4)°° and
refined them through three rounds of smoothxg (v.0.7.9)* with partial
orderalignment parameters for 0.1% divergence (-p1,19,39,3,81,1) and
target lengths 0f 1,400, 1,800 and 2,200. The pangenome was then
normalized with GFAffix (v.0.1.5; https://github.com/marschall-lab/
GFAffix) to collapse shared affixes. Complex regions of the pangenome
were filtered by clipping assembly regions masked by dna-brnn (v.0.1;
https://github.com/Ih3/dna-nn) or unaligned by the Minigraph path,
with asize greater than100 kb.
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For quality control, we developed a k-mer-based filtering method
to remove non-reference nodes and edges in the pangenome that are
unsupported by read k-mers. The procedure included the following
steps. (1) For each individual, we used GenomeScope (v.2.0.1)" to esti-
mate areliable k-mer coverage range, defining the lower bound as the
0.05th percentile of the single-copy heterozygous coverage distribu-
tion and the upper bound as the 99.5th percentile of the single-copy
homozygous coverage distribution. (2) Anode or edge was considered
supported in a haplotype if the proportion of its associated k-mers
with coverage between the lower and upper bounds exceeded 20% of
allassociated k-mers with coverage below the upper bound. (3) Nodes
or edges supported by <50% of their carrying haplotypes were filtered
out from the pangenome. (4) Graph tips introduced by this filtering
were further removed to eliminate residual artefacts.

Theintegrated pangenome, which encompasses not only the 1IKCP
assemblies but also publicly available genome assemblies (HPRC and
CPC) andreference genomes (GRCh38 and CHM13), was used for quality
assessment. For further analysis, we created a IKCP pangenome that
contains only the IKCP assemblies and reference genomes. To enhance
the annotation resolution of the pangenome, segments were divided
into lengths of <20 bp, as most functional elements exceed this size
(Supplementary Fig.19a).

Path-guided pangenome annotation

We developed a path-guided pangenome annotation method to
detect genomic elements in pangenome segments. First, we mapped
the pangenome segments to the assembly coordinates guided by the
assembly paths. We then compared the overlap between segments and
assembly annotationsin each assembly. Segments with>80% overlap
with specific genomic elements were annotated. The annotation results
fromall assemblies were integrated into the final pangenome annota-
tion. To ensure robust annotations, we only annotated non-singleton
segments and retained annotations supported by >80% of haplotypes
(Supplementary Fig.19b).

Variant detection

We identified reference variant sites by detecting allele traversals in
pangenome bubbles using VG (v.1.59.0)”® deconstruct. Variant sites
with maximum allele sizes >100 kb or redundant representations were
filtered using vcfbub (v.0.1.0; https://github.com/pangenome/vcfbub)
(-a100000 -10). The retained variant sites were then classified on the
basis of the size difference between the longest and shortest alleles:
SNVs (size difference = 0), indels (size difference > 1and <50) and SVs
(size difference = 50).

Tosimplify the representations of multiallelic reference variant sites,
we decomposed them into constituent biallelic variants by clipping
shared affixes between reference and alternative alleles using a modi-
fied script of PanGenie””. Small variant alleles were identified by directly
decomposing the original variantsites. For detecting SV alleles, similar
alleles (=70% size and sequence similarity) from original SV sites were
first merged using Truvari collapse (-k common -r 0 -p 0.7 -P 0.7) and
then decomposed.

Toidentify nested variant sites, we discovered additional bubblesin
areference-free manner using VG snarls*. Variant sites not traversed by
the reference allele were classified as nested variant sites. The alleles of
nested variants were further resolved by extracting substrings of allele
traversals from reference variant sites based on the flanking segments.

We characterized TR sites by analysing their motif sequences
using vamos (v.2.1.5)* with the v.2.1 e0.1 motif set and the STRchive®
disease-associated TR set. Single-base motifs were excluded, as they
are commonly associated with long-read sequencing errors. The
individual-level TR calls were thenintegrated into the population-level
callset using tryvamos combineVCF.

For quality control, wefiltered out variants with >20% of their length
overlapping common unreliable regions, treating the positions of

nested variants as those of their parent variant sites. The quality control
stepsreduced the error rate of our callset (Supplementary Fig.22). For
TRs, we also removed loci for which inferred sequences exhibited an
average identity of <80% to the corresponding assembled sequences
across haplotypes.

Variant assessment

We used a Ti/Tv ratio-based approach to estimate the FDR of the
SNV callset. Using the gnomAD (v.4.1) database as areference, SNVs
were classified as known (presentingnomAD) or novel (absent from
gnomAD). Let x denote the Ti/Tv ratio of known SNVs, representing
the expected biological signal, and y denote the Ti/Tv ratio of novel
SNVs, thereby reflecting a mixture of true rare variants and random
errors (assuming arandom error Ti/Tv ratio of 0.5). The FDR among
novel SNVs was calculated as FDR ;= 3(x - y)/[(2x - 1)(y + D)]. In the
1KCP callset, we identified 25.4 million known SNVs (x =2.27) and
9.1 million novel SNVs (y =1.34). Substituting these values produced
an estimated FDR of 33.7% for novel SNVs. The overall genome-wide
FDR was then calculated by weighting the novel FDR by the propor-
tion of novel SNVsin the total SNV set, which resulted in an estimated
overall FDR of 8.9%.

For evaluating the SV callset, HWE P values were calculated for SV
alleles using the fill-tags plugin in BCFtools (v.1.20)7. SVs with HWE
P>1x10"°were considered tobe in HWE. The FDR of the SV callset was
estimated based on SV calls derived from the pangenome constructed
using both PIGA and hifiasm assemblies of the three benchmark sam-
ples, together with the GRCh38 reference and other IKCP assemblies.
A given SV in the PIGA assemblies was considered a true positive if
validated by at least one of the following: (1) a direct match to the cor-
responding hifiasm assembly; (2) a match identified using Truvari
bench and refine; or (3) read-based validation using high-coverage
HiFi data aligned with GraphAligner (v.1.0.20)”” and genotyped using
VG call”. The SV callset was also compared against other SV callsets,
including public callsets, as well as the 1IKCP long-read Sniffles2 call-
set (jointly called using Sniffles2 (v.2.6.2)%¢) and the 1KCP short-read
callset (generated with Manta (v.1.6.0)'* and merged using SURVI-
VOR (v.1.0.6)") (Supplementary Table 15), using Jasmine (v.1.1.5)%’
(--allow_intrasample).

For evaluating the TR callset, we also called TRs from short-read
data using GangSTR (v.2.5)" and from long-read data using vamos.
ThePIGA andlong-read TR callsets from the three benchmark samples
were compared against the hifiasm TR callset by using edlib"® to calcu-
late edit distances between repeat unit representations of paired TR
alleles at corresponding TR sites. Alleles from different callsets were
paired to minimize the total edit distance across all possible allele pairs.
Furthermore, TR alleles from these callsets were normalized using
vcfwave (v.1.0.14)" and benchmarked using Truvari bench (-s 5) and
refine (-u) against the hifiasm Dipcall callset, which was restricted to
GIAB-defined TR regions™.

Variant annotation

For SVsites, thelongest allele was considered the representative allele,
and its sequence properties were characterized on the basis of the
pangenome annotations. The proportion of each repeat type was
calculated according to the cumulative size of segments annotated
with that repeat. SV sites with more than 50% of their length anno-
tated as a specific repeat were classified as specific repeats. SV sites
with more than 50% annotated as multiple repeat types, but with-
out adominant repeat annotation, were classified as mixed repeats.
SV sites with less than 50% annotated as repeats were labelled as
non-repeats.

For nested variant sites, annotation was performed on the basis of
their context in the pangenome. If a flanking segment was part of a
specific genomic element, the nested variant site was considered to
belocated in that element.


https://github.com/pangenome/vcfbub

Article

Definition of MRG sets

Given that different medical genetic databases curate gene lists with
varying scopes and purposes, we defined MRGs specifically for each
downstream analysis. For gene-altering SV analysis, MRGs were defined
as genes catalogued in the OMIM* and COSMIC*? databases. For TR
expansion analysis, MRGs were defined as known disease-associated
TR genes catalogued in the STRchive® database. For HLA allele analy-
sis, MRGs were defined as genes catalogued in the IPD-IMGT/HLA™
database.

TR expansion detection

As TRexpansionevents canberegarded as outliersinthe TR size distri-
butioninthe population, we used the non-parametric outlier detection
algorithm DBSCAN to identify TR expansions. Following the settings
of a previous study®, we used the log, of the number of haplotypes as
the minimum number of points (minPts) and the mode size of a TR
site as the maximum distance (¢). TR alleles with sizes exceeding the
longest clustered TR alleles were identified as TR expansion events.

Methylation rate estimation

To analyse the methylation status of expanded TR alleles, HiFi reads
from samples with expanded alleles were mapped to the GRCh38 refer-
ence genome. Methylation status was estimated using MeLoDe'??, and
haplotypes of HiFi reads were assigned with WhatsHap. Methylation
rates for each CpG site around the TR sites were separately calculated
for each haplotype.

Gene cluster variation detection

To identify gene cluster variations, we aligned the protein sequences
of GENCODE canonical isoforms to the assemblies using miniport
(v.0.12)'% (--outs=0.97 --no-cs -lu). Next, agene graph was constructed
using pangene (v.1.1)*, and gene cluster variations were detected by
identifying bubbles in the graph using the pangene.js call.

GO enrichment analysis

GO enrichment analysis was performed using the clusterProfiler
(v.4.12.6)"** on a given gene list. Redundant enriched GO terms were
filtered using the GOSemSim (v.2.30.2)'» with a similarity cut-offvalue
of 0.7.

Pangenome visualization of complex loci

For the visualization of complex loci, subgraphs of regions of inter-
est were generated based on the GRCh38 coordinates using odgi
extract (-d 50000). These subgraphs were visualized using Bandage
(v.0.9.0)*, whereby segments were coloured according to pangenome
annotations.

Comparison with the GWAS catalogue
Trait associations from the GWAS catalogue'”’, downloaded on 15
October 2024, were linked to 258,641 unique variants. SV alleles in
strong LD (> 0.8) with these trait-associated variants were identified
using PLINK2 (v.2.0.0) for LD calculation.

HLA gene analysis
Four-field alleles of HLA genes were called from assemblies using HiFi-
HLA (v.0.3.1; https://github.com/PacificBiosciences/hifihla) with the
‘call-contigs’ option, and one-field to three-field alleles were derived
from the four-field alleles. The 39 typed HLA genes were categorized
into 8 classical HLA genes (HLA-A, HLA-B, HLA-C, HLA-DRBI1, HLA-DQAI,
HLA-DQBI, HLA-DPAI and HLA-DPBI) and 31 non-classical HLA genes.
For quality control, we applied a filter to retain only allele typing
results with >99% sequence identity and >95% alignment coverage to
their best-matching reference alleles. We further excluded three HLA
genes (HLA-U, HLA-K and HLA-W) in which >20% of alleles did not pass

these criteria. We also performed independent HLA typing from short
reads using HLA-HD (v.1.7.1)* to validate the HiFiHLA typing results.
HLA genes with concordance <95% were excluded for LD analysis.

To assess the haplotype structure of these HLA genes, we used eLD
(v.1.0)* to calculate the entropy-based LD measurement index (),
whichreflects the multiallelic LD relationships between the HLA genes.
The analysis was performed separately using three-field and four-field
HLA alleles with AF > 0.05.

eQTL analysis

To quantify gene expression levels, RNA-seq reads were aligned to
GRCh38 using STAR (v.2.7.9) with GENCODE (v.40) annotation. Gene
read counts and TPM values were generated with RNA-SeQC (v.2.4.2)',
and samples with fewer than 10 million reads were excluded. Gene
expressionoutlier samples wereidentified by calculating the average
correlation of eachsample with all others and labelling those with nota-
bly lower correlations™® (median absolute deviations of <0.85). Genes
with >0.1 TPM and >6 reads in at least 20% of samples were retained.
Expression levels were TMM-normalized using edgeR (v.3.22.5)"*'and
inverse-normal transformed. To account for the hidden factors influ-
encing expression variation, probabilistic estimation of expression
residuals™? (PEER) was calculated. Following the GTEx Consortium
guidelines®, the number of PEER factors was selected based on sample
size. A total of 60 PEER factors, along with sample age and sex, were
used to adjust gene expression levels.

Non-TR variants with MAF > 0.01 and TRs with heterozygosity
>0.98, both having a HWE P>1x10"¢, were retained. We included
8.03 million SNVs, 4.17 million indels, 56,242 SVs, 0.89 million nested
variants with MAF >1% and 0.46 million multiallelic TR variants
(0.15 million TR length variants and 0.31 million TR motif variants)
for the subsequent analysis. After excluding samples with genetic relat-
edness >0.05, 1,101 samples were included in the following analysis.
Cis-eQTL mapping (within1 Mb upstream and downstream of the TSS)
was performed using tensorQTL (v.1.0.9)3, with 20 genotype principal
components (PCs) and assembly methods included as covariates. Sig-
nificant eGenes were identified ata 5% FDR using adaptive permutation
mode with 10,000 permutations'*. Nominal P values were then com-
puted to detect significant gene-variant associations. Fine-mapping
analysis was performed using the SuSiE algorithm implemented in
tensorQTL to identify credible sets of eQTL signals. Stepwise condi-
tional regression, implemented in tensorQTL, was then used toidentify
independent eQTL signals for each eGene.

Heritability estimation

We used GCTA (v.1.94.1)>*5 GREML to estimate the cis-heritability
of gene expression, partitioned by variant type. Genetic relation-
ship matrices (GRMs) for non-TR variant types (SNV, indel, SV and
nested variant) were constructed using PLINK2. A GRM for TRs was
constructed using dgrm (https://github.com/PeixiongYuan/dgrm).
These five GRMs were fitted into a GREML multicomponent model,
with the 20 genotype PCs and assembly methods as covariates. The
parameter --reml-no-constrain was used to obtain unbiased herit-
ability estimates.

Enrichment of eVariants

Toassess the enrichment of eVariants with PIP > 0.9 across variant types,
we performed 100,000 resamplingiterations. For each resampling, an
equal number of variants with matching distance to TSS as the eVariants
with PIP > 0.9 were randomly selected to generate the null distribution.
Fold-enrichment and empirical P values were then calculated for each
genomic element based on the resampling results.

To assess the enrichment of eNested variants in genomic elements,
we performed 100,000 resampling iterations. For each resampling,
an equal number of nested variants with matching MAF and distance
to TSSasthe eNested variants wererandomly selected to generate the
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null distribution. Fold-enrichment and empirical P values were then
calculated for each genomic element based on the resampling results.

Colocalization analysis

We leveraged eQTLs of 15,699 significant eGenes in the IKCP dataset
and GWAS data for 215 traits from BioBank Japan to perform the eQTL-
GWAS colocalization analysis. Genetic variants commonto botheQTL
and GWAS datasets were selected for further analysis. Colocalization
analyses were conducted using the coloc (v.5.2.3)* (in ABF mode) and
SMR (v.1.3.1)** with HEIDI test. eQTL-GWAS signal pairs were considered
colocalized if they met either of the following conditions: (1) coloc
PP4 > 0.9 0r (2) Poyp < 3.18 x 10 and Pyyeyp, > 0.05.

Imputation panel construction and assessment

We constructed the 1IKCP imputation reference panel based on the
GRCh38linear reference, incorporating a comprehensive range of
variant typesinbiallelic form, including SNVs, indels, SVs, nested vari-
ants, TR variants and HLA alleles. For HLA alleles, the typing results
were converted into variant representations, with the variant positions
defined at the centre of the corresponding HLA genes. Variants with
amissing rate >10%, HWE P <1x10°° or allele count <2 were excluded
fromthe reference panel.

To evaluateimputation performance, we performed leave-one-out
imputation using Minimac4 (v.4.1.6)**, whereby each of the 55
high-coverage samples was sequentially excluded as the imputation
target sample. The SNV sites used for imputation were restricted to
those accessible by the Infinium Omni2.5 array or short-read WGS. For
non-TRvariants, theimputation accuracy was assessed by calculating
thesquared correlation between the true genotypes and theimputed
dosages across individuals. For TRs, the imputed length and motif
copy numbers at multiallelic loci were derived as dosage-weighted
sums. Specifically, the length copy number was calculated as the sum
of genotype dosage multiplied by the repeat unit count for eachallele,
whereas the motif copy number was calculated as the sum of genotype
dosage multiplied by the count of specific motifs for each allele. The
squared correlation was calculated by comparing the true and imputed
TR copy numbers across individuals.

For comparison with the existing panels, we used 70 East Asian sam-
ples from CPC, HPRC and HGSVC3 to construct the truth callsets and
then performed imputation benchmarking. The SV callset was gener-
ated using PAV and further merged usingJasmine. The HLA callset was
generated using HiFiHLA. As the 1000G-ONT SV panel contains only
SNV sites restricted to the UKB array, imputation for SV comparison
was performed using the UKB pseudo-array genotypes as input. For
TR and HLA comparisons, we used the Omni 2.5 pseudo-array geno-
types as input. Imputations using the 1000G-ONT SV panel and the
EnsembleTR panel were conducted with Minimac4. Imputation with the
four-digit multiethnic HLA v.2 panels was performed on the Michigan
online imputation server™. For SV benchmarking, we used Truvari
bench (--pickac-p 0.7-P 0.7-s50) to match SVs across different callsets.
For TR benchmarking, we assessed the performance of imputed TR
allelesusing Truvaribench (-s 5) and refine (-u) against the PAV callset,
restricted to GIAB-defined TR regions.

Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability

The release of the 1KCP data was approved by the Human Gene-
tic Resources Administration of China (permission numbers
2025BAT00888 and 2025BAT00720). The summary-level data, includ-
ing the 1IKCP pangenome graph, pangenome annotations, variant
sitesand eQTL summary statistics, are available at the IKCP data portal

(https://yanglab.westlake.edu.cn/lkcp). The individual-level data,
includingraw sequencing reads, genome assemblies and variant geno-
types, are available in the repositories of the National Genomics Data
Center (NGDC: https://ngdc.cncb.ac.cn), specifically in the Genome
Sequence Archive for Human (GSA-Human: https://ngdc.cncb.ac.cn/
gsa-human), Genome Warehouse (GWH: https://ngdc.cncb.ac.cn/gwh)
and Genome Variation Map (GVM: https://ngdc.cncb.ac.cn/gvm), under
BioProjectaccessionnumbers PRJCA036466 and PRJCA039156. The fol-
lowing public datasets were used in this study: GRCh38 genome (https://
gdc.cancer.gov/about-data/gdc-data-processing/gdc-reference-files);
CHM13 genome (https://github.com/marbl/CHM13); HPRC v1
assemblies (https://github.com/human-pangenomics/HPP_Yearl_
Assemblies); CPC assemblies (https://github.com/Shuhua-Group/
Chinese-Pangenome-Consortium-Phase-1); GENCODE annotation
(https://www.gencodegenes.org/human); NCBI RefSeq database
(https://ftp.ncbi.nlm.nih.gov/refseq/release); 1000G high-coverage
Illlumina variants (https://ftp.1000genomes.ebi.ac.uk/voll/ftp/data_
collections/1000G_2504_high_coverage/working/20220422_3202_
phased_SNV_INDEL_SV); 1000G-ONT SVs (https://ftp.1000genomes.
ebi.ac.uk/voll/ftp/data_collections/IKG_ONT_VIENNA/release/v1.0);
GnomAD variants (http://www.gnomad-sg.org); HGSVC3 SVs (https://
ftp.1000genomes.ebi.ac.uk/voll/ftp/data_collections/HGSVC3/release/
Variant_Calls/1.0); OMIM database (https://www.omim.org); COSMIC
database (https://cancer.sanger.ac.uk/cosmic); STRchive database
(https://strchive.org/resources); IPD-IMGT/HLA database (https://www.
ebi.ac.uk/ipd/imgt/hla); GWAS catalogue (https://www.ebi.ac.uk/gwas);
BioBank Japan GWAS (https://humandbs.dbcls.jp/en/hum0197-v23);
and EnsembleTR panel (https://github.com/gymrek-lab/EnsembleTR).

Code availability

The analysis scripts used in this study are available at GitHub (https://
github.com/JianYang-Lab/1KCP-analysis) and Zenodo (https://zenodo.
org/records/18659653)™*¢. The PIGA workflow is available at GitHub
(https://github.com/JianYang-Lab/PIGA) and Zenodo (https://zenodo.
org/records/18659653)"¢,
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gsa-human), Genome Warehouse (GWH: https://ngdc.cncb.ac.cn/gwh), and Genome Variation Map (GVM: https://ngdc.cncb.ac.cn/gvm), under BioProject
accession numbers PRICA036466 and PRJCA039156. Public datasets used in this study include: GRCh38 genome (https://gdc.cancer.gov/about-data/gdc-data-
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processing/gdc-reference-files); CHM13 genome (https://github.com/marbl/CHM13); HPRC v1 assemblies (https://github.com/human-pangenomics/
HPP_Yead_Assemblies); CPC assemblies (https://github.com/Shuhua-Group/Chinese-Pangenome-Consortium-Phase-1); GENCODE annotation (https://
www.gencodegenes.org/human); NCBI RefSeq database (https://ftp.ncbi.nIm.nih.gov/refseq/release); 1000G high-coverage Illumina variants (https://
ftp.1000genomes.ebi.ac.uk/voll/ftp/data_collections/1000G_2504 _high_coverage/working/20220422_3202_phased_SNV_INDEL_SV); 1000G ONT SVs (https://
ftp.1000genomes.ebi.ac.uk/voll/ftp/data_collections/1KG_ONT_VIENNA/release/v1.0); GnomAD variants (http://www.gnomad-sg.org); HGSVC3 SVs (https://
ftp.1000genomes.ebi.ac.uk/voll/ftp/data_collections/HGSVC3/release/Variant_Calls/1.0); OMIM database (https://www.omim.org); COSMIC database (https://
cancer.sanger.ac.uk/cosmic); STRchive database (https://strchive.org/resources); IPD-IMGT/HLA database (https://www.ebi.ac.uk/ipd/imgt/hla);

GWAS catalog (https://www.ebi.ac.uk/gwas); BioBank Japan GWAS (https://humandbs.dbcls.jp/en/hum0197-v23); EnsembleTR panel (https://github.com/gymrek-
lab/EnsembleTR).

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 was recorded by self-reporting during sample collection and confirmed by calculating the coverage depth ratio of Xand Y
chromosomes from WGS data. The final cohort comprised 737 males and 642 females. Sex is considered a biological variable
in this study. No sex-based exclusion criteria were applied.

Reporting on race, ethnicity, or The first phase of the 1KCP project enrolled 1,379 Chinese participants in Wenzhou, China.
other socially relevant
groupings

Population characteristics The cohort consists of 1,379 individuals ranging in age from 18 to 76 years. The cohort represents a general population
sample derived from individuals undergoing routine health examinations, rather than a disease-specific case-control cohort;
therefore, participants were not selected based on past or current diagnostic categories. All samples underwent Illumina
short-read WGS and RNA-seq. Among these participants, 55 samples were selected for high-coverage PacBio HiFi long-read
WGS and Hi-C sequencing, and 1,099 were selected for modest-coverage PacBio long-read WGS.

Recruitment Participants were recruited from volunteers undergoing routine health examinations at the Health Examination Center of the
Second Affiliated Hospital of Wenzhou Medical University. While there is a potential self-selection bias towards individuals
with higher health awareness, germline genomic architecture is independent of such behavioral traits, and thus the results
regarding variant detection remain robust.

Ethics oversight Informed consent was obtained from all participants. The study was approved by the Ethics Committee of Westlake
University (approval no. 20201127YJ001) and the Ethics Committee of Wenzhou Medical University (approval no. 2019-107).

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

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.

Life sciences D Behavioural & social sciences D Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

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

Sample size In this study, we analyzed 1,144 Chinese individuals from the 1KCP project who had both short-read and long-read whole-genome sequencing
(WGS) data. The sample size was determined to capture the vast majority of common and low-frequency variants, and the cohort represents
the largest long-read datasets for the Chinese population to date.

Data exclusions  During data preprocessing, 28 samples were excluded due to mismatched short-read and long-read WGS data.

Replication We selected 10 samples subjected to both modest-coverage and high-coverage PacBio HiFi long-read WGS. Among these, 3 samples were
utilized to compare the assembly quality between PIGA and Hifiasm assemblies. The variant detection performance demonstrated that the
vast majority of variants were reproducibly identified across different assemblies of the same samples. Variants in extremely repetitive
regions could not be reliably resolved across different assemblies due to their complex graph structure and the inherent noise of the long-
read data used in the study.

Randomization Randomization is not required for this study because all experiments were conducted under identical conditions.

Blinding Blinding is not required for this study because all experiments were conducted under identical conditions.

Reporting for specific materials, systems and methods
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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
Antibodies IZI |:| ChlIP-seq
Eukaryotic cell lines IZI |:| Flow cytometry
Palaeontology and archaeology IZI |:| MRI-based neuroimaging

Animals and other organisms
Clinical data

Dual use research of concern

MXNXXNXNXX s
OoOoooog

Plants

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 plant 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

Authentication Z)Vgsbci/‘z)%”ggy authentication-procedures for-each seed stock tused-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.
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