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Abstract 

Backgr ound Struc tural variant s (SVs) ar e incr easingly r ecogniz ed as key contribut ors t o human diseases. Ho w ev er, our under- 

standing of SVs in health and disease is limited, mainly due to their structural complexity and variable length in individuals, 

as well as limitations inherent to the available genomic technologies and r ef er ence genome used. 

Results To syst ema tically evalua t e SVs across human whole-g enome samples using hg38/ GRCh38 and gapless T2T-CHM13 r ef- 

er ences, we intr oduced an inno vativ e multiplatf orm appr oach, LongR eadChecker (LoR eC), which advanc es SV c omparison 

and annotation based on distance variance, int ersection, g ene overlap, and the closest SV in the clinical datab ase. Comp ari- 

son of the performance in detecting SVs from public and our own whole-g enome da tasets from short-read sequencing (SRS), 

available long-read sequencing (LRS) platforms, and optical genome mapping (OGM) revealed that most SVs det ect ed by SRS 

were confirmed by LRS, but LRS can identify twice as many SVs (25,000 SVs/genome) with grea t er read mapping accuracy. 

Our L ongReadChecker (L oReC) analysis further highlights the utility of the T2T-CHM13 r ef er ence in SV de tec tion, as 20% mor e 

deletions and 20% less insertions wer e de tec ted compar ed with hg38/ GRCh38, which w as particularly evident in long-read 

datase t s. Since 80% of the SVs de tec ted by LR S/SR S are smaller than 0.5 kbp, OGM did not detect them. 

Conclusions Our study revealed that introducing distance variance, int ersection, g ene overlap, and the closest SV in the clinical 

database may help compare and annota t e SVs in diagnostics. Our data sho w ed that LRS, together with T2T-CHM13 gapless 

sequences, can impro v e the diagnostics of patients with human diseases when SRS fails to identify the cause. 
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 tructur al variants (SVs) are a major source of human genetic di- 

 er sity and arise from the breakdown and rejoining of DNA frag- 

ent s, which c an le ad t o the loss, gain, and re arrang ement of 

enes and r e gulatory element s [ 1 ]. Since SVs ar e lar ger than 50 bp 

nd c an affec t thousands to millions of nucleotides [ 2 , 3 ], they 

r e expec t ed t o have a str ong effec t on transcriptional r e gulation 

n health and disease [ 4 ]. S tructur al variant detection is of par- 

icular import anc e, as they ar e r esponsible f or mor e than 25% of 

ll rare protein truncations in a genome and are associated with 

any diseases [ 5 , 6 ]. Ho w ev er, SV charact eriza tion and functional 

nt erroga tion have larg ely lagg ed behind single-nucleotide varia- 

ions and small insertions and deletions (INDELs), mainly due to 

heir structural complexity and variable length in individuals as 

ell as limitations inherent to the available genomic technologies 

 7 ]. Traditionally, SVs in the human genome have been de tec ted 

sing array-based methods or locus-specific assays for targ et ed 

 e gions [ 8 ]. 

C urr ently, gr e a t pr ogr ess is being made in the de tec tion of SVs 

sing short-read sequencing (SRS), which remains essential due to 

rac tic al and cost considerations in clinical diagnostics [ 9 ]. No v el 

 enomic t echnologies f or SV de tec tion ar e also being rapidly de- 

eloped. Among them, long-read sequencing (LRS) has demon- 

tra t ed a high potential for detecting SVs [ 10 ] through longer reads 

nd increased ac curacy c ompared with SRS [ 1 ]. The increasing 

hroughput, lo w er pric es, and port ability of LR S t echnologies in- 

rease the potential of LRS intr oduc tion into diagnostic testing, 

 articularly for p a tients with genetic disorders with negative re- 

ults using SRS [ 11 , 12 ]. Ho w ev er, accura t e and precise identifica- 

ion of SVs in specific samples and/or across samples is challeng- 

ng [ 13 ]. In addition, data on the performance and comparison of 

urrently available genomic technologies, the clinical utility of the 

o v el human r ef er ence assembly T2T-CHM13 (T2T), and clinical 

a tab ases for the annotation of de tec ted SVs are incomplete. 

Ther ef or e, this study f ocused on conduc ting a compr ehen- 

ive comparison of SVs de tec ted fr om whole-genome datase t s, 

oth public and our own, obtained using SRS, LRS from currently 

vailable technologies, and optical genome mapping (OGM). To 

chiev e this, w e introduced an inno vativ e bioinformatics ap- 

r oach, LongR eadChecker (LoR eC) [ 14 ], enabling comparisons 

f SVs across whole-g enome da tase t s, technologies, and r ef er- 

nce genomes, including their annotations using clinical genomic 

a tab ases. This multipla tf orm appr oach r evolutioniz es the com- 

arisons of SVs by introducing key parameters, such as dist anc e 

ariance, intersection, and gene o v erlap betw een datase t s, thus 

dvancing their comparison and annotation across samples or 

echnologies or clinical databases. Our study further highlights the 

tility of T2T r ef er ence and long-re ad t echnologies in clinical and 

 esear ch applic ations. 

a t erials and Methods 

ublic and our own human whole-genome 

atase t s 

his s tudy ev alua t ed whole-g enome da tase t s fr om a human DNA 

tandard (NA12878 cell line, also known as HG001; B-lymphocyte; 

emale; healthy; Genome in a Bottle Consortium [GIAB]) [ 15 ] and a 

br east c anc er c ell line (SKBR3) [ 16 ] obt ained by (i) traditional SRS

(Illumina), (ii) true LRS on a single-molecule real-time platform

from Pacific Biosciences (LRS-PacBio), (iii) true LRS from Oxf or d

Nanopore Technologies (LRS-ONT), (iv) synthetic LRS from trans-

posase enzyme-linked LR S (LR S-TELL-Seq; Universal Sequenc-

ing Technology), (v) synthetic LRS from Illumina Complete Long-

Re ads (LR S-ICLR; Illumina), and (vi) synthe tic LRS fr om the 10 × as-

say (LRS-10 ×; 10 × Genomics). All synthetic LRSs were sequenced

on an Illumina short-read platform. In addition, OGM from Bio-

nano Genomics was used ( Supplementary Table S1 ). The princi-

ples of the LR S t echnologies used are described elsewhere [ 17 ].

Our own datase t s fr om SR S, LR S-TELL-Seq, LR S-ICLR, and OGM

were obtained for 2 diagnostic samples, P3 (pheochromocytoma

adrenal medulla tissue, man, 63 y ear s) and S48 (enriched CD138 + 

myeloma cells from bone marrow aspira t e, woman, 39 years, IgG

lambda, stag e IIIA, IS S II), as well as for the NA12878 cell line. Raw

sequencing data for SKBR3 cell lines for different technologies are

available within the SRA under BioPr ojec t PRJNA476239 [ 16 ]. Raw

sequencing data for NA12878 are available within the GIAB FTP re-

lease and under BioPr ojec t PRJNA200694 [ 15 , 18 ]. 

For our own analysis, the high-molecular-weight DNA from tu-

mor tissues and cells from cell lines was isola t ed fr om agar ose

plugs as reported previously [ 19 ]. Nex t-gener ation sequencing

(NGS) libraries were prepared ac c ording to the manufacturer’s rec-

ommendations for LRS-ICLR, LRS-TELL-Seq, and SRS TruSeq DNA

PCR-Free (Illumina) and sequenced (150-bp paired-end reads) on

a NovaSeq 6000 system (Illumina). In addition, OGM labeling and

measur ement s using the Bionano Saphyr instrument (Bionano

Genomics) were performed as reported previously [ 19 ]. The se-

quence depth was approxima t ely 30 × for LRS and SRS and 300 ×
for OGM. 

Bioinf ormatic pr ocessing of 

whole-g enome da tase t s fr om differ ent 

short-read sequencing and long-read 

sequencing platforms 

To minimize the difference in precision, recall, and F1-score met-

rics using differ ent c aller s/aligner s, w e used the LRS aligner Min-

imap2 [ 20 ] and the SV caller Sniffles2 (v2.2) softw ar e [ 21 ] f or true

LRS and the LongRanger softw ar e (v2.2.2) [ 22 ] for synthetic LRS

analyses, which provided a strong basis for SV pipeline calling in

LRS [ 23 ]. Moreo v er, this combination is the basis for the Illumina

DRAGEN analysis of Illumina LRS-ICLR, an approach that was also

compared in this study. For SRS datase t s, the BWA aligner softw ar e

(v0.7.17) [ 24 ] and the Manta structural variant caller (v1.6.0) [ 25 ]

w ere used. R aw data from OGM w er e analyz ed using Bionano Ac-

cess (v1.8) softw ar e by Bionano Genomics, and the de novo assem-

bly pipeline w as perf ormed using Bionano Solve tools (v3.8) (Bio-

nano Genomics). The hg38 (GRCh38.p14) and T2T-CHM13 (v2.0)

human r ef er ence genomes wer e used. Gene and pseudogene co-

ordina t es, names, and biotypes (e.g., protein coding) are based on

MANE transcript s fr om R efSeq NCBI annotations (v er sion 110); in

all analyses, the Y chromosome and alt erna t e (ALT) contigs were

excluded. The list of medically relevant genes is derived from the

DisGeNET [ 26 ] da tab ase (DisGeNET v20.1), which includes infor-

mation on gene/variant–disease associations (VDAs) originating

fr om Clin Var, the GWAS Catalog, UniPr ot, GAD, and BeFr ee data
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Figure 1 Comparison and annotation of structural variants (SVs) det ect ed in the short-read and long-read sequencing datase t s in clinical diagnostics 

using the LoReC toolkit. Due to the high variability in SV br eakpoint s, 3 parameters are needed for the SV comparison with SVs from clinical da tab ases, 

such as the dist anc e in base pairs between the sample SV and the da tab ase SV (start and end coordina t e difference), the intersection (intersection 

factor), and the minimum o v erlap betw een the sample SV(s) and the da tab ase SV(s) (size proportion). 
[ 26 ]. The selection of medically relevant genes is based on gene–

dise ase associa tions (GDAs) and VD As, GD A/VD A > 0.5, and ev- 

idence index > 0.8, indicating that most publications support 

GD A/VD A [ 26 ]. 

Comparison of structural variants using 

the LongReadChecker toolkit 

F or comp arison of SVs acr oss differ ent samples, technologies, and 

da tab ases, we designed our own LoReC toolkit, c ont aining 2 tools: 

the LoReC comp ara t or (sour ce file: variant c all f ormat, vcf) and 

LoReC co v erage (source file: mapped reads in binary forma t, b am). 

The LoReC comp ara t or can find the closest SV det ect ed by another 

t echnology, da tab ase, or r ef er ence genome f or each SV acr oss the 

whole genome or r e gion(s) of inter est. For each comparison, the 

f ollowing parame ters need to be established: (i) the dist anc e vari- 

ance threshold (the accepted differ ence in base pair s betw een the 

start and end coordina t es between each SV in dataset 1 and the 

nearest SV in datase t 2, expr essed as the sum of the 2 differ ences), 

(ii) the intersection factor (the o v erlap betw een each SV in dataset 

1 and the nearest SV in dataset 2; 0 = 100% o v erlap, 0–0.5 = par- 

tial o v erlap, > 0.5 = no o v erlap), and (iii) the minimal siz e pr opor- 

tion (the perc ent age of the size in b ase p air s betw een each SV in 

dataset 1 and the nearest SV in dataset 2; e.g., 5% means that the 

SVs in dataset 1 encompass at least 5% of the SVs in dataset 2 or 

vice v er sa). To compar e SVs in the same r e gions de tec ted by differ- 

ent technologies, which may differ in size and coordina t es because 

of the differ ent principles of the method, the LoReC toolkit lists the 

closest SV of the same type (e.g., deletion, insertion) from dataset 

2 and its coordina t es, dist anc e, int ersection fact or, and size pro- 

portion compared with the SV from dataset 1. A dist anc e varianc e 

threshold of 1,000 bp was used for a comparison between differ- 

ent NGS platforms and 50,000 bp between NGS and OGM, and an

intersec tion fac tor of 0 to 0.5 and a minimum size fraction of 5%

were used t o indica t e SVs that o v erlap and are very similar; differ-

ent p aramet ers can be used for filtering (Fig. 1 ). To visually inspect

the SVs of interest, the Samplot tool was used [ 27 ]. 

The LoReC co v erag e t ool is able t o pro vide co v erage of the

gene/r e gion of inter es t, including s tatis tics (mean, median, min,

max, and Q1 and Q3 co v erag es), filt ering re ads b ased on the map-

ping quality, and visualization of the r e gions of inter est. The LoR eC

co v erage output s ar e as f ollo ws: (i) co v erage acr oss r e gions of in-

terest or across the whole genome based on the coordinates and

gene names given in a r e gion file, (ii) co v erag e calcula tions b ased

on the read mapping quality (MAPQ) threshold value, which is able

t o filt er out the re ads tha t map t o multiple r e gions or those of

poor quality (MAPQ0 = high prob ability tha t a read is mapped to

multiple locations with an equal score, MAPQ1 = high probability

that a read is mapped to at least 2 locations, MAPQ50 = 99.999%

prob ability tha t a re ad is mapped t o a unique r e gion; Fig. 2 ), and

(iii) visualization of the r e gions of interest specified in the r e gion

files, which allows a comparison of multiple technologies, differ-

ent samples, or r ef er enc e genomes. Low-c overag e g enes are those

in which Q1 co v erage was below 25% of the mean genome co v er-

age of the sample. 

Annotation of structural variants using the 

LongReadChecker toolkit 

Another functionality of the LoReC comp ara t or is t o annota t e de-

t ect ed SVs based on the annotation file(s) from dbVar (NCBI) [ 28 ,

29 ]. As the current dbVar_common and ClinVar da tab ases are

based on hg38, SV annotations were performed primarily on this

r ef er enc e. For experiment al purposes, dbVar_c ommon and Clin-
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Figure 2 Principles of short-read sequencing (SRS) and long-read sequencing (LRS) and their de tec tion potential for sequence and structural variants. An 

example of the co v erage and read mapping for a het erozyg ous g ene deletion is shown; LR S r equir es DNA with a high-molecular-w eight. The lo w er 

diagram shows the de tec tion potential for sequence and structural variants using SRS and LRS. 
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ar annotation files were converted from hg38 to the CHM13- 

2T r ef er ence genome using BCFtools/lifto v er [ 30 ]. The follo w- 

ng p aramet er s w ere established for SV comparisons: a thresh- 

ld of ±1,000 bp in the dist anc e between the start and end coor- 

ina t es of the SVs compared, an intersec tion fac tor thr eshold of 

.5, and a minimal size proportion of 1%. First, the det ect ed SVs 

r e compar ed with SVs included in the dbVar_c ommon dat abase 

f common SVs found with a frequency > 1% in the popula- 

ion (e.g., nst d186, NCBI Cura t ed Common S tructur al Variants) or 

ny other vcf file of interest and must fulfill the setup criteria to 

e marked as PASS. Second, de tec ted SVs not found in the db- 

ar_c ommon dat abase are compared with the ClinVar SV da tab ase 

e.g., nstd102, Clinic al Struc tural Variant s) or vcf of inter est, and 

 or SVs pr esent in the da tab ase, the clinic al signific ance of SVs is 

eport ed (e.g., p a thog enic, likely p a thog enic, variant of unc ert ain 

ignific ance [V U S], likely benign, benign). F or e ach SV, LoR eC pr o- 

ides the main annotation (ClinVar ac c ession ID) with the lo w est 

ntersec tion fac tor ( = highest o v erlap) tha t p assed the select ed fil- 

ers. In addition, LoR eC pr ovides all passed ClinVar ac c ession IDs 

hat meet filtering criteria for further investigation. For each gene, 

t is possible t o filt er its SVs in output tables g enera t ed by the 

oReC t oolkit. F or SVs not found in the ClinVar SV da tab ase and 

ith an o v erlap of at least 1 gene, additional information is re- 

orted through the LoReC t oolkit b ased on the NCBI annotation 

ile, which includes the bio type, gene descrip tion, and gene/VDAs 

resent in DisGeNET, allowing filtering based on these f eatur es 

 31 ]. 

R esult s 

True long-read sequencing technologies 

have superior performance in detecting 

s tructural v ariants 

To evalua t e the performance of the currently available LR S t ech-

nologies and SRS, whole-genome sequencing datase t s f or the

NA12878 healthy [ 15 ] and SKBR3 breast cancer [ 16 ] cell lines

and 2 diagnostic tissue samples, P3 (pheochromocytoma tissue)

and S48 (multiple myeloma bone marrow aspira t e), both pub-

lic and our own ( Supplementary Table S1 ), wer e compar ed us-

ing differ ent LR S and SR S pla tforms. Among the t est ed pla tforms

were the following: (i) 2 true LR S t echnologies (LR S-PacBio and

LRS-ONT); (ii) 3 synthetic linked-read LRS approaches (LRS-ICLR,

LR S-10 ×, and LR S-TELL-Seq), sequenced on the short-read Il-

lumina pla tform; (iii) SR S on Illumina; and (iv) OGM from Bio-

nano Genomics. For comparisons of de tec ted SVs, as well as

their types, coordina t es, sizes, int ersection fact ors, size propor-

tions, and co v erage betw een differ ent technologies, r ef er ence

genomes (hg38/GRCh38.p14; T2T-CHM13, v2.0), and annotations

of de tec ted SVs ac c or ding to clinic al da tab ases, a LoReC t oolkit

was used (Fig. 1 ). For more details on functionalities, see the Ma-

terials and Methods. 

Using hg38, approxima t ely 25,000 SVs per g enome were de-

t ect ed using LRS-PacBio and LRS-ONT, 14,000–15,000 using LRS-
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giag027#supplementary-data


GigaScience , 2026, Volume 15, Issue 1 5 

Figure 3 Comparison of gene lengths and the number of structural variants (SVs) in the NA12878 cell line using hg38 and T2T-CHM13 references. The 

differ ences in the number and lengths of genes and pseudogenes, protein-coding genes, and medically relevant genes for both references are presented; 

genes were annotated based on RefSeq NCBI (v er sion 110, based on gene IDs and MANE transcript), excluding genes on the Y chromosome and ALT 

contigs. The number of SVs de tec ted by long-read sequencing (LRS-PacBio, LRS-ONT) and short-read sequencing (SRS) on both r ef er ences is shown on 

the right. 
ICLR, 10,000–12,500 using LRS-10 ×, 12,500–15,000 using SRS, 

and 4,000 using OGM. Insertions were the most common SVs 

de tec ted by all technologies: 14,000 per genome using LRS- 

PacBio and LRS-ONT, 5,000–6,000 using LRS-ICLR, 6,000–7,000 

using SRS, and 2,500 using OGM. Insertions were not de tec ted 

in the LRS-TELL-Seq and LRS-10 × datase t s, as the LongRanger 

pipeline available to analyz e synthe tic r eads c annot c all inser- 

tions. Dele tions wer e the sec ond most c ommon SVs: 10,500 per 

genome using LRS-PacBio and LRS-ONT, 9,000–10,000 using LRS- 

ICLR, 3,500–5,000 using LRS-10 ×, 5,000–6,000 using SRS, and 

1,250 using OGM. R e gar ding other SVs, such as inv er sions, dupli- 

c ations, and br eakends/transloc ations, their count s varied acr oss 

samples and genomes, ranging from 240 to 1,430 per genome, 

depending on the technology ( Supplementary Table S2 , Fig. 3 , 

Supplementary Fig. S1 ). Selected SVs from the OGM and LRS 

datase t s wer e verified using fluor esc enc e immunophenotyping 

and int erphase cyt og enetics as a t ool for the investiga tion of neo- 

plasms (FICTION), arrayCGH, and/or tar ge ted SRS. 

When comparing available technologies, most deletions and in- 

sertions ( ∼ 80%–95%) de tec ted by LRS-ONT were confirmed by 

LRS-PacBio , wher eas higher c onc ordanc e ( ∼ 95%) was observed 

using the PacBio high-fidelity (HiFi) sequencing mode and lo w er 

c onc ordanc e ( ∼ 80%) using continuous long reads. Ho w ev er, less 

than 50% were det ect ed by SR S and 55%–71% by LR S-ICLR. Fur- 

thermore, LRS-TELL-Seq and LRS-10 × confirmed approximately 

25%–50% of the deletions det ect ed by LR S-ONT/LR S-PacBio, but 

it was not possible to call insertions from synthetic reads. Regard- 

ing inv er sions, duplic ations, and br eakends/transloc ations, the 

best o v erlap was observ ed betw een LR S-PacBio and LR S-ONT, and 

a modera t e o v erlap w as identified using synthe tic LR S and SR S

( Supplementary Tables S3 and S4 ). 

Mos t s tructural v ariant s de tec ted by 

short-read sequencing were confirmed by 

long-read sequencing 

Next, we compared the SVs det ect ed by SR S, the most widely

used pla tform t oday in clinical diagnostics, with SVs de tec ted

by LRS-ONT, LRS-PacBio, and synthetic LRS. Most of the dele-

tions and insertions de tec ted by SRS (10,000–12,500 per genome)

were smaller than 0.5 kbp ( ∼ 80%) and were confirmed by LRS-

PacBio/LRS-ONT ( ∼ 90%). Although LRS-ICLR was similar to true

LR S in det ecting deletions, it had less precision for insertions ( ∼
50%), as this technology is based on SRS. Notably, SRS failed to

de tec t appr oximately 50% of the SVs de tec ted by LRS ( Suppleme

ntary Tables S3 and S5 ). 

True long-read sequencing and short-read 

sequencing technologies have superior 

performance o v er optical genome 

mapping 

We also comp ared LR S and SR S with OGM, a nonsequencing tech-

nology based on the labeling of high-molecular-weight DNA using

fluor ophor e tags on specific sequence motifs. As OGM does not

de tec t SVs smaller than 0.5 kbp or SVs in genomic r e gions that
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ack specific sequence motifs, OGM de tec ted a lo w er number of 

Vs than LRS or SRS (hg38: 3,946 vs. 24,941 vs. 12,953; T2T-CHM13: 

,082 vs. 24,516 vs. 6,769). Most ( ∼ 80%) deletions and insertions 

e tec ted by OGM were confirmed by LRS-ONT and LRS-PacBio; 

R S confirmed approxima t ely 35% of the insertions and approx - 

ma t ely 50%–60% of the dele tions de tec ted by OGM ( Suppleme 

tary Tables S3 and S6 ). Comparison of OGM with LRS and SRS 

ho w ed that OGM does not provide the ex ac t coor dina t es of indi- 

idual SVs, and their position may be substantially differ ent fr om 

he coordina t es det ect ed by LR S and SR S ( Supplementary Fig. S2 ). 

rue long reads map with high probability 

o unique r e gions compar ed with short 

eads 

ext, we evalua t ed the MAPQ [ 24 ], a me asur e of the pr obabil- 

ty that a read is misplaced, for different LRS and SRS technolo- 

ies. For MAPQ0, a def ault set ting in the current SR S/LR S aligners 

nd variant callers that allows read mapping to multiple r e gions, 

ost genes were covered by all SR S/LR S t echnologies (Fig. 2 , Su 

plementary Fig. S3 , Supplementary Table S7 ). To elimina t e prob- 

ematic r e gions with misplaced r eads, curr ent SRS pipelines of- 

en mask these r epe titive dark r e gions. When stric ter MAPQ1 and 

APQ50 (associa t ed with a lo w er pr obability of misplaced r eads 

han MAPQ0) were applied, many regions of the genome were 

ot co v ered in the SR S da tase t s, including many pr otein-coding 

enes and medically relevant genes (Fig. 2 , Supplementary Fig. S3 , 

upplementary Table S7 ). In LRS-PacBio HiFi datase t s, most r eads 

ere mapped with high probability to a unique r e gion, as demon- 

tra t ed by applying MAPQ1/MAPQ50. R e gar ding LRS-ONT, map- 

ing to multiple r e gions is less probable because of the very long 

e ads (up t o Mbp); ho w ev er, many r eads ar e low quality, r esult- 

ng in less accuracy in mapping (Fig. 2 , Supplementary Fig. S3 , 

upplementary Table S7 ). 

2T-CHM13 r ef er ence impr o v es the 

nalysis of structural variants for 

ong-read sequencing and short-read 

equencing datase t s 

o understand the added value of the gapless T2T-CHM13 r ef er- 

nce with the currently used hg38, SVs in known genes and pseu- 

og enes, prot ein-coding g enes, and medic ally r elevant genes and 

heir lengths wer e compar ed f or the LR S and SR S da tase t s, ex- 

luding the Y chromosome and ALT contigs (Fig. 3 , Supplementar 

 Table S7 ). For comparison between references, unique gene IDs 

r om R efSeq NCBI annotations (v er sion 110) using the main MANE 

ranscript were used, which also enables comparison of gene par- 

logs. Using the T2T-CHM13 r ef er ence, the number of deletions 

ncreased by more than 20%, and the number of insertions de- 

reased by more than 20% using the LRS-ONT and LRS-PacBio 

atase t s compar ed with hg38 (Fig. 3 , Supplementary Fig. S1 , Su 

plementary Table S2 ). Using SR S, approxima t ely 10% fewer dele- 

ions and 80% fewer insertions were det ect ed using T2T-CHM13 

han using hg38 (Fig. 3 , Supplementary Fig. S1 , Supplementary T 

ble S2 ). In the unique r e gions of T2T-CHM13, numer ous translo- 

 ations, dele tions, and other SVs were det ect ed in the telomere, 

centr omer e, and subcentr omer e r e gions in all analyz ed datase t s

( Supplementary Tables S4 –S6 , Supplementary Fig. S4 ). 

Of the de tec ted SVs, appr oximately 27%–33% wer e loc a t ed in

the protein-c oding sequenc es and approxima t ely 0.5% in e ach of

the 5 ′ -UTR and 3 ′ -UTR r e gions, with the r emainder in the noncod-

ing r e gions (Fig. 4 , Supplementary Table S8 ). The T2T-CHM13 ref-

erence also refined the length of the g enes. Comp aring T2T-CHM13

and hg38 r ef er ences f or 54,553 genes and pseudogenes that o v er-

lap based on the gene ID (Fig. 3 , Supplementary Table S7 ), 45.6%

were the same length, 23.7% differed by 1–10 bp, 16.8% by 11–

100 bp, 8.2% by 101–1,000 bp, and 5.6% by more than 1,000 bp.

R e gar ding pr ot ein-coding g enes (medic ally r elevant genes), 19.9%

(14.3%) were the same length, 31.7% (31.0%) differ ed by 1–10 bp,

26.7% (30.2%) by 11–100 bp, 13.3% (15.8%) by 101–1,000 bp, and

8.4% (8.8%) by more than 1,000 bp (Fig. 3 ). F or g enes of simi-

lar length ( ±25 bp), minimal differ ences in SV count s wer e ob-

serv ed betw een the 2 r ef er ences, wher eas lar ger differ ences in

length were associa t ed with substantial differences in SV counts

(Fig. 4 , Supplementary Table S8 ). Among those with the largest

differ ences in length were GRK1 [ 32 ] and LPA [ 33 ], and many other

genes, such as SMN1&2 [ 34 ], DUX4 , and HLA-DRB5 or GBA and its

pseudogene GBAP1 , were disassembled, not correctly assembled,

or highly similar in hg38 ( Supplementary Fig. S5 , Supplementar

y Fig. S6 , Supplementary Table S7 ). Furthermore, an additional

167 protein-coding genes were annotated in T2T-CHM13 than in

hg38 ( Supplementary Table S7 ). To complement the added value

of T2T-CHM13, we marked the genes found in the discrepant re-

gions between hg19 and hg38 [ 35 , 36 ] ( Supplementary Table S7 ). 

Annot ation of s tructural v ariant s in clinic al

databases is challenging 

To annota t e the SVs de tec ted by the tested technologies, we used

a LoReC comp ara t or t oolkit t o comp ar e the de tec ted SVs with

the dbVar_common (NCBI dbVar Cura t ed Common Structural Vari-

ants, GnomAD, and other sources, ID: nstd186) [ 28 ] and ClinVar (ID:

nst d102) clinical da tasets [ 37 ]. The dbVar_c ommon dat abase in-

cludes SVs that occur with a frequency of > 1% in the population.

As the current ClinVar da tab ase is b ased on hg38, annota tions of

SVs were primarily performed using this r ef er ence. Given that SV

coordina t es may vary from individual to individual, the following

p aramet ers need to be defined prior to each analysis: (i) the dis-

t anc e varianc e threshold (ac c ept able differ ence in b ase p airs be-

tween the SV of interest and the SV in the clinical da tab ase), (ii)

the intersec tion fac tor (o v erlap betw een the SV of interest and the

nearest SV in the clinical da tab ase), and (iii) the minimum size frac-

tion (minimum proportion of the SV of interest and the nearest

SV in the clinical da tab ase) (see the Ma t erials and Methods for de-

tails). All SVs were also evalua t ed using the AnnotSV tool [ 38 ] (Ta-

ble 1 , Fig. 1 ). 

R e gar ding dele tions, 62%–78% of dele tions de tec ted by the SRS

datase t s o v erlapped with the deletions in dbVar_common and ap-

proxima t ely 10% with those in ClinVar. When using AnnotSV, ap-

proxima t ely 80% of the SVs in the SR S da tase t s wer e annota t ed as

benign, approxima t ely 1% (38–90) of deletions per sample were

annota t ed as p a thog enic/likely p a thog enic, and less than 18%

were annota t ed as a V U S. Using true LRS, appr oxima t ely 45% of

dele tions wer e de tec ted in dbVar_common and 10% in ClinVar;

f or mor e than half of the dele tions, no annotation w as available
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Figure 4 Comparison of det ect ed structural variants (SVs) in the NA12878 cell line loca t ed in (A) protein-coding sequences (MANE transcripts) and 5 ′ -UTR 

and 3 ′ -UTR r e gions f or both hg38 and T2T-CHM13 (T2T) r ef er ence g enomes and (B) g enes with length differ ences within ±25 bp and gr e a t er than ±25 bp 

be tween r ef er ence genomes hg38 and T2T-CHM13. 
(Table 1 ). Using ClinVar annotations, most SVs in this database 

sp an very larg e r e gions c ont aining many genes; ther ef or e, we used 

the size proportion p aramet er of 1% for LoReC annotations. Using 

this threshold, the LoReC annotations were consistent with the An- 

notSV r esult s: 49%–67% of SVs in the LR S da tase t s wer e annota t ed 

as benign, approxima t ely 10 dele tions ( ∼ 0.1%) wer e annota t ed 

as p a thog enic/likely p a thog enic, and approxima t ely 4,500 dele- 

tions (30%–50%) were annota t ed as a VUS, depending on the sam- 

ple and technology used (Table 1 ). Additionally, LoReC observed 

more p a thog enic/likely p a thog enic SVs in LR S da tase t s (Table 1 ). 

R e gar ding insertions, the dbVar_common/ Clin Var da tab ases con- 

tain only br eakpoint s and lack information on the insertion length 

for most insertions, making annotation impossible, which is also 

pr oblematic f or inv er sions and transloca tions. F or informa tion re-

garding annotations using the T2T-CHM13 r ef er ence genome, see

Supplementary Table S9 . 

Annotation of the structural variants not 

present in the clinical databases by LoReC 

We suggest a w orkflo w for diagnostic labora t ories t o annota t e

SVs from LR S/SR S. Briefly, after filt ering out benign/common

SVs present in the clinical da tab ases (currently, mainly based

on SRS, but in the future, LR S da tasets will be added; e.g., db-

Var), the remaining SVs are compared with the ClinVar clinical
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Figure 5 Sugg est ed w orkflo w f or annotation of struc tural variant s (SVs) de tec ted by long-read sequencing in diagnostic samples. First, SVs in the 

samples ar e filter ed using a dbVar_c ommon dat abase or similar to filter out common and benign SV s. The SV s not found in the dbVar_common da tab ase 

ar e compar ed with the Clin Var SV da tab ase or similar. F or SVs not f ound in the Clin Var da tab ase, the LoReC t oolkit is used for the comp arison and 

annotation of SVs in the samples based on the NCBI annotation file(s), including the affec ted gene (gene description, coordinates) and a link to the 

disease or medical condition based on the gene/variant–disease associations present in DisGeNET or similar. 
da tab ase or similar (Fig. 5 ). For SVs not presented in the db- 

Var_common/ Clin Var da tab ases, our LoReC t oolkit enables the 

addition of custom annotations for regions/genes within the de- 

t ect ed SVs. In p articular, g enes may be linked to the gene/VDAs 

provided in the annotation file (e.g., DisGeNET) or other custom 

annotations ( Supplementary Table S7 ). In addition, the LoReC 

toolkit provides coverage for genes and r e gions f or selec ted map- 

ping quality and information about the SV localization (e.g., 

pr otein-coding r e gion, medic ally r elevant genes), enabling the vi- 

sualization of r e gions of interest for expert evaluation. 

Discussion 

The import anc e of SVs in clinical diagnostics continues t o exp and 

due to advances in genomic technologies and wet lab protocols, 

the intr oduc tion of the gapless r ef er enc e sequenc e T2T-CHM13, 

and the release of high-quality datase t s. Despite the growing im- 

port anc e of SVs in human diseases, our knowledge of SVs in health 

and disease is limited, largely due to their structural complexity 

and variable length in individuals, as well as the limitations inher- 

ent in available g enomic t echnologies. Her e, we compr ehensively

evalua t ed SVs from human whole-genome datase t s obtained fr om

SRS, alongside all available LRS and OGM platforms across dif-

f er ent samples, technologies, and clinical da tab ases using 2 hu-

man r ef er ences (hg38 and T2T-CHM13). Mor eo v er, our multiplat-

f orm appr o ach enables annota tion of det ect ed SVs to support the

implementation of SV diagnostics in clinical practice. Despite ad-

vances in clinical g enetic diagnostics, approxima t ely 50% of all

suspected Mendelian diseases remain unresolved [ 39 , 40 ]. The di-

agnostics of SVs is relevant not only in rare genetic diseases; SVs

are also important contributors to chronic diseases, including can-

cer [ 5 , 6 , 41 ]. Ho w ev er, the technical limitations inherent in the

available genomic technologies, as well as the structural complex-

ity of SVs and their variable length in individuals, have led to an in-

comple te charac terization of SVs in the human genome in relation

t o he alth and dise ase comp ared with single-nucleotide varia tions

and small INDELs. To gain mor e insight s into the performance of

available g enomic t echnologies, we comp ared our own and public

whole-g enome da tase t s fr om SR S, 2 LR S pla tforms (PacBio-LR S,

ONT-LRS) r equiring specific instrument s, and 3 LRS appr oaches

utilizing synthetic long reads sequenced on conventional short-
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ead NGS. To achiev e this, w e dev eloped the multiplatform LoReC 

 oolkit, which comp ar es the siz e and type of SVs, as well as their 

 v erlap, co v erag e, coordina t es, affect ed g enes, and dise ase asso- 

iations from different SR S and LR S da tase t s in specific samples 

nd/or across samples and da tab ases, regardless of which of the 

any available algorithms was used to de tec t SVs [ 42 , 43 ]. 

The LoR eC toolkit w as developed to pr ovide compr ehensive 

V c omparison and annot ation between samples, technologies, 

nd da tab ases for use in diagnostic labora t ories, thereby ext end- 

ng the functionalities of SV comp arison t oolkits such as Jas- 

ine [ 44 ] and SURVIVOR [ 45 ] ( Supplementary Table S10 ). First, 

 e w er e inter ested in the performance of SR S comp ared with 

hird-g enera tion t echnologies. On averag e, approxima t ely 13,000 

Vs/ genome wer e de tec ted by SRS and twice as many ( ∼ 25,000 

Vs/genome) by LRS. The lo w er performance of SRS in SV detec- 

ion may arise from mapping short reads to multiple r e gions, dis- 

ordant pairs, and split reads, which limit SV detection by cur- 

 ent variant c allers [ 46 , 47 ]. Notably, most of the SVs de tec ted by 

RS were also det ect ed by LRS. Our findings are consistent with 

hose of other s, sho wing that LRS can identify hidden disease- 

ela t ed SVs tha t ar e not de tec ted by SRS [ 3 , 36 , 46 ]. Since 80% of 

he SVs de tec ted b y LRS/SRS w ere smaller than 0.5 kbp, OGM did 

ot de tec t most of the SVs de tec ted by LRS/SRS. The most com- 

on type of SVs wer e dele tions and insertions, whereas half as 

any deletions ( ∼ 5,000 vs. ∼ 10,000) and insertions ( ∼ 6,000 

s. more than 12,000) per sample were det ect ed by SRS com- 

 ared with LR S. Our da ta reve al tha t LR S-ONT and LR S-PacBio 

echnologies outperform SRS, the synthetic read LRS-ICLR, LRS- 

0 ×, LRS-TELL-Seq, and OGM in de tec ting SVs. In addition to de- 

ec ting mor e SVs thr ough LR S, long er re ads map more uniquely 

o the genome than SRS. Using the default MAPQ0 settings in cur- 

ent SR S/LR S aligner s and variant caller s, which allo w the use of 

isplaced r eads, effec tiv e co v erag e of most g enes across g enomes 

as achieved for all SR S/LR S t echnologies. To address this issue, 

urrent SRS pipelines often mask these problematic dark r e gions, 

hich include r epe titive element s and polymorphic r e gions, po- 

 entially le ading t o the loss of key information in these r e gions. 

n addition, PacBio provides a BED file for dark regions that oc- 

ur in r epe titive ar eas or ar e as with high GC cont ent. When strict er 

APQ1 or MAPQ50 w as applied, many r e gions acr oss the genome 

 ere not co v ered w ell in the SR S da tase t s, including numer ous 

r otein-coding and medic ally r elevant g enes. Of the t echnologies 

nalyzed, the lo w est prob ability of misma t ches w as observed f or 

he data obtained by LRS-PacBio HiFi, the highest for SRS. The 

R S-ONT da tase t s demonstra t ed a high perc ent age of low-quality 

e ads due t o lo w er nucleotide accuracy when using the MAPQ0 set- 

ing. When using MAPQ1 or MAPQ50 to filter out low-quality reads, 

RS-ONT achiev ed uniform co v erage across the whole genome 

ith high-quality and very long re ads. Notably, LR S-ONT has intro- 

uced adaptive sampling, a computational enrichment technique 

hat enriches r e gions of inter est by selectively r ejec ting off-tar ge t 

olecules [ 48 , 49 ], enabling deeper co v erage in these r e gions [ 50 ]. 

Another key step for clinical genetics is the introduction of the 

apless T2T-CHM13 human r ef er ence assembly, which unco v er s 

% of the dark r e gions of the genome, adds nearly 200 million 

ases and pr edic t s 99 no v el prot ein-coding g enes comp ared with 

 ef er ence hg38 [ 51 ]. Our compr ehensive bioinf ormatic analysis of 

hole-g enome da tase t s further support s the clinic al utility of us- 

ng the T2T-CHM13 sequence for medical diagnostics. When we 

ompar ed medic ally r elevant genes using coor dina t es b ased on 

NCBI RefSeq annotations on both r ef er ences, appr oxima t ely 85%

of the genes changed in size and more than half by more than 10

bp . Notably, appr oxima t ely 9% of the medically relevant genes dif-

f er ed by > 1,000 bp between hg38 and T2T-CHM13. Among the

genes signific antly differing be tween both r ef er ences wer e those

that were disassembled, not correctly assembled, or highly simi-

lar in hg38, such as the challenging medic ally r elevant genes GRK1 ,
LPA , SMN1/2 , DUX4 , and HLA-DRB5 or the GBA gene and its pseu-

dogene GBAP1 and others [ 52 ]. 

For example, hg38 c ont ains only 6 copies of the 5.5-kb KIV-2 re-

pe a t in LPA , even though human genomes carry ∼ 5 to > 50 copies

[ 33 ]; it also omits the complet e macrosa t ellit e region c ont aining >

20 D4Z4 repe a ts a t the DUX4 locus [ 53 ]; and does not r epr esent the

structurally complex SMN1/SMN2 locus and its variable copy num-

bers [ 54 ]. Furthermore, the novel T2T-CHM13 r ef er ence r esulted in

approxima t ely 20% more deletions and 20% fewer insertions than

hg38 in LRS. It should be noted that some of the observed differ-

enc es in SV c ount s r eflec t r ef er enc e bias, as sequenc es that are mi-

nor alleles in hg38 may be common in human populations and are

r epr esented in T2T-CHM13. Given that many disease-causing SVs

ar e loc a t ed in r epe titive, duplic a t ed, invert ed, or structurally com-

plex r e gions that wer e missing, disassembled, or misinterpr e ted

in older r ef er ences and c annot be r esolved using SRS [ 55 ], clini-

c al gene tics c an benefit fr om the use of T2T-CHM13 and LR S. F or

example, T2T-CHM13 and LRS were used to detect previously hid-

den variants in undiagnosed cases of rare diseases within the Eu-

ropean Solve-RD consortium [ 56 ], repe a t ed exp ansions in cerebel-

lar ataxia [ 57 ], and inv er sions disrupting the EHMT1 gene in Kleef-

stra syndrome [ 58 ]. Similarly, T2T-CHM13 and LRS show promise

in dise ases associa t ed with copy number variability, such as those

known in the SMN1/2 genes in spinal muscular atrophy [ 59 ] and

the D4Z4 repe a ts in the DUX4 locus in facioscapulohumeral mus-

cular dystrophy [ 60 ]. Even in SR S da ta, the use of T2T-CHM13 im-

pro v es read mapping and enhances the de tec tion of clinic ally r el-

evant rare and deleterious variants [ 61 ]. Taken t og ether, there is

growing evidence of the benefits of LRS and T2T-CHM13 for clini-

cal medicine. 

Another challenging topic is the pathogenicity annotations of

thousands of SVs de tec ted by LRS/SRS. Unlike sequence vari-

ant s, f or which interpr e tation guidelines exist [ 62 , 63 ] and clinical

da tab ases such as dbVar_common/ Clin Var based on large avail-

able SR S da tase t s, SV annotations ar e mor e difficult, not only due

to the insufficient number of LRS datase t s in the databases but

also the substantial variability in SV br eakpoint s be tween individ-

uals and the complexity of re arrang ements. Therefore, we intro-

duced crucial measures for SV evaluations, such as the dist anc e in

b ase p air s betw een SVs, the inter sec tion fac tor, and the siz e pr o-

portion to facilit ate c omparison of SVs across datase t s, r ef er ences,

and da tab ases. Since most deletions in the ClinVar da tab ase co v er

very lar ge r e gions c ont aining many genes, a siz e pr oportion of 1%

w as used f or LoR eC anno tations. Bo th LoReC and Anno tSV [ 38 ]

have annota t ed many SVs using their own algorithm, but ther e ar e

still many SVs not present in the current dbVar_common and Clin-

Var da tab ases or other da tab ases. It should be not ed tha t for most

SVs per genome, many of which were loca t ed in protein-coding se-

quenc es, no annot ation was available in the current v er sion of the

ClinVar da tab ase. Regarding insertions and other SVs, the length of

the insertion and the sequence of the insert are missing in the db-

Var_common/ Clin Var da tab ases, making their annota tion impos-

sible. Unlike deletions, which remo v e annota t ed r e gions and c an
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be assessed by their absence, insertions introduce sequences that 

ar e not pr esent in the r ef er ence. Mor eo v er, insertions frequently 

occur within or g enera t e tandem repe a ts and segmental duplica- 

tions, r e gions inher ently difficult to assess. Consequently, inser- 

tions frequently lack reliable population frequency estima t es and 

functional or phenotypic evidence, making confident clinical clas- 

sific ation challenging [ 64 ]. Addr essing these challenges will re- 

quire syst ema tic charact eriza tion of insertion sequences and their 

func tional annotation, pr ecise br eakpoint r esolution, and the de- 

velopment of tools for functional impact prediction. For SVs not 

annota t ed by ClinVar, we applied the LoReC toolkit, and with its 

help , the affec t ed g ene(s) can be linked with g ene/variant–dise ase 

associations using DisGeNET, human phenotype ontology, or a 

similar da tab ase. In the futur e, this appr oach will allow SV anno- 

ta tions t o be ma t ched t o continuously upda t ed clinical da tab ases 

based on the LRS datase t s and linked to the r ef er ence T2T-CHM13. 

This study and others [ 11 , 12 , 46 , 50 , 65–67 ] further support 

the intr oduc tion of LR S int o medical diagnostics. Ho w ev er, LRS 

will not replace SRS in the near future but will complement it, 

especially in cases with negative SRS r esult s, as this method will 

remain the gold standard for routine diagnostics due to its cost, 

speed, and established clinical and bioinformatic pipelines. Nev- 

ertheless, t o introduce LR S int o diagnostics, labora t ories should 

c ollect c ells for high-molecular-weight DNA isola tion, as LR S can- 

not be performed on fragmented DNA obtained by standard iso- 

lation methods and increases c omput ational and data storage ca- 

p acity due t o the larg e da tase t s it obtains. We highlight the intro- 

duction of dist anc e varianc e, int ersection, g ene o v erlap, and the 

closest SV in the clinical da tab ase for SV comp arisons and annota- 

tions, which is currently the weakest point of SV int egra tion int o 

clinical diagnostics. Although this fir st comprehensiv e study on 

the performance of all available genomic technologies is focused 

on SVs in the human genome, SV event s ar e widespr ead in other 

species, and our toolkit is also suitable for these datase t s. 

Conclusions 

In this study, we introduced an innovative multiplatform approach 

for any SRS and third-g enera tion da taset tha t advanc es SV c om- 

parisons across samples and databases, as well as annotations 

of SVs based on comparisons with clinical databases. Although 

the gold standard SRS unco v er s thousands of SVs that may be 

clinic ally r elev ant, we demons tra t ed tha t LR S is mor e effec tive 

a t det ecting SVs than SRS. Thus, LRS is expected to complement 

the SRS analysis in clinical diagnostics soon, especially in cases 

with negative SRS r esult s. Ho w ev er, the implementation of LRS 

will r equir e the intr oduc tion of isolation me thods, le ading t o high- 

molecular-weight DNA, and the upda t e of clinical da tab ases t o in- 

clude LR S da tase t s and the T2T-CHM13 r ef er ence f or the corr ec t 

annotations of SVs. 

Availability of Source Code and 

R equir ement s 

Pr ojec t name: lorec-comp ara t or 

Pr ojec t homep ag e: https://github.com/novosadt/lorec-compara t 

or

Opera ting syst em: Windows, Linux, macOS, Solaris 

Programming language: Java 8 

Other r equir ement s: None 

License: GPL-3.0 license 

RRID: SCR_027211 

Pr ojec t name: lorec-co v erage 

Pr ojec t homep ag e: https://github.com/no vosadt/lorec-cov erage 

Opera ting syst em: Windows, Linux, macOS, Solaris 

Programming language: Java 8 

Other r equir ement s: None 

License: GPL-3.0 license 

RRID: SCR _ 027210 

Additional Files 

Supplementary Table S1. Whole-genome datase t s fr om short-

r ead sequencing, long-r ead sequencing, and optical mapping an-

alyzed in this study. 

Supplementary Table S2. S tructur al variant s de tec ted in the

NA12878 and SKBR3 cell lines and the P3 and S48 diagnostic sam-

ples using SRS and differ ent LR S t echnologies for the hg38 and

T2T-CHM13 human r ef er ences. 

Supplementary Table S3. Comparison of deletions and insertions

larger/smaller than 0.5 kbp in the whole-g enome da tase t s de-

t ect ed by current long-read sequencing (LRS) and short-read se-

quencing (SR S) t echnologies and optical g enome mapping (OGM).

The number (in bracke t s, the per c ent age) pr esent s the SVs that

o v erlap with the SVs de tec ted by base technology (A) LRS-ONT, (B)

SRS, and (C) OGM de tec ted by other technologies using hg38 and

T2T-CHM13 r ef er ences. 

Supplementary Table S4. (A) Summary of structural variants

(SVs) de tec ted by LRS-ONT ( = base) and confirmed by SRS, LRS-

PacBio, LR S-ICLR, LR S-TELL-Seq, LR S-10 ×, and OGM in NA12878

and SKBR3 cell lines for both hg38 and T2T-CHM13 r ef er ences.

List of SVs for hg38 reference in (A) NA12878 and (B) SKBR3 and

f or T2T-CHM13 r ef er ence in (C) NA12878 and (D) SKBR3 cell lines.

F or e ach sample and t echnology, the t otal number of SVs in LR S-

ONT ( = base), the types of SVs (insertion, dele tion, duplic ation, in-

v er sion, translocation), and the number and perc ent age of c on-

firmed SVs de tec ted by other NGS and OGM technologies based

on thr eshold parame ters (dist anc e varianc e threshold of 1,000 bp,

an intersec tion fac tor of 0–0.5, and a minimum size fraction of 5%)

ar e pr ovided. 

Supplementary Table S5. (A) Summary of structural variants

(SVs) de tec ted by SRS ( = base) and confirmed by LRS-ONT, LRS-

PacBio, LR S-ICLR, LR S-TELL-Seq, LR S-10 ×, and OGM in NA12878

and SKBR3 cell lines and P3 and S48 diagnostic samples for both

hg38 and T2T-CHM13 r ef er ences. List of SVs for hg38 r ef er ence in

(B) NA12878 and (C) SKBR3 cell lines and (D) P3 tissue and (E)

S48 tissue diagnostic samples, and for T2T-CHM13 r ef er ence in (F)

NA12878 and (G) SKBR3 cell lines and (H) P3 and (I) S48 diagnostic

samples. For each sample and 

technology, the total number of SVs in SRS ( = base), the types of

SVs (insertion, dele tion, duplic ation, inv er sion, translocation), and

the number and perc ent age of confirmed SVs de tec ted by other

NGS and OGM t echnologies b ased on threshold p aramet ers (dis-

t anc e varianc e thr eshold of 1,000 bp , an intersec tion fac tor of 0–

0.5, and a minimum size fraction of 5%) are presented. 

Supplementary Table S6. (A) Summary of structural variants (SVs)

de tec ted by OGM ( = base) and confirmed by SRS, LRS-ONT, LRS-
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acBio, LR S-ICLR, LR S-TELL-Seq, and LR S-10 × in NA12878 and 

KBR3 cell lines and P3, S48 diagnos tic samples. Lis t of SVs in (B) 

A12878 and (C) SKBR3 cell lines, (D) P3 tissue and (E) S48 tissue 

iagnostic samples using hg38 r ef er ence and (F) NA12878 and (G) 

KBR3 cell lines and (H) P3 tissue and (I) S48 tissue diagnostic sam- 

les using T2T-CHM13 r ef er ence. F or e ach sample and technology, 

he total number of SVs in SR S ( = b ase), the types of SV (insertion, 

ele tion, duplic ation, inv er sion, translocation), and the number 

nd perc ent age of c onfirmed SVs de tec ted by other SRS/LRS tech- 

ologies and OGM are present ed b ased on threshold p aramet ers 

dist anc e varianc e threshold of 50,000 bp, an intersection factor of 

–0.5, and a minimum size fraction of 5%). 

upplementary Table S7. Summary of genes and pseudo- 

enes, along with their coordinates, biotypes, discr epant r e gions, 

nd g ene/dise ase associa tions ac c ording to the DisGeNET us- 

ng hg38 and T2T-CHM13 r ef er enc es. The c o v erag es and sta tis- 

ics for the NA12878 cell line for short-read sequencing (SRS) 

nd long-read sequencing technologies (LRS-ONT, LRS-PacBio, 

R S-ICLR, LR S-TELL-Seq, LR S-10 ×) and OGM are summarized. 

he number of labels within individual genes used in OGM is 

hown. 

upplementary Table S8. Summary of structural variants in 

rot ein-coding g enes pr esent in MANE transcript s (A, dele- 

ions; B, insertions), and 5 ′ -UTR (C, deletions; D, insertions), 

 

′ -UTR (E, deletions; F, insertions), including comparison be- 

ween hg38 and CHM13-T2T r ef er ence genomes for the NA12878 

ample. 

upplementary Table S9. Annotations of dele tions de tec ted in 

hole-g enome da tase t s f or the NA12878 and SKBR3 cell lines and 

3 and S48 diagnostic samples by SRS and LRS technologies em- 

loying (A) LoReC using dbVar_common and ClinVar and (B) An- 

o tSV, bo th f or the CHM13-T2T r ef er ence. 

upplementary Table S10. Comparison of functionalities be- 

ween toolkits for analyzing structural variants. 

upplement ary Fig. S1. Dis tribution of insertions (left) and dele- 

ions (right) in whole-g enome da tase t s f or NA12878 and SKBR3 

ell lines and diagnostic tissue samples P3 and de tec ted by var- 

ous technologies using hg38 and T2T-CHM13 r ef er ences. LRS- 

CLR, synthetic long-read sequencing by Illumina—complete long- 

e ad t echnology on Illumina pla tform; LR S-ONT, true long-re ad 

equencing by Oxf or d Nanopor e Technologies; LRS-PacBio , true 

ong-read sequencing by Pacific Biosciences; LRS-TELL-Seq, syn- 

he tic long-r ead sequencing b y Univ er sal Sequencing Technol- 

gy on the Illumina pla tform; LR S-10 ×, synthetic long-re ad se- 

uencing by 10 × Genomics on the Illumina platform; OGM, optical 

enome mapping by Bionano Genomics; SRS, short-read sequenc- 

ng by the Illumina platform. 

upplementary Fig. S2. Co v erag e plots g enera t ed by the LoReC 

oolkit coupled with the Samplot softw ar e tool. Bar abo v e fig- 

r es r epr esent s struc tural variant (SV) de tec ted by optic al genome 

apping (OGM) technology using the hg38 r ef er ence genome 

omp ared t o the corr esponding SV de tec ted by long-read se- 

uencing (LR S pla tf orms) and short-r e ad sequencing (SR S). ICLR, 

ynthe tic long-r ead sequencing by Illumina—comple te long-r ead 

echnology on the Illumina platform; OGM, optical genome map- 

ing by Bionano Genomics; PacBio, true long-read sequencing 

y Pacific Biosciences; ONT, true long-read sequencing by O x - 

 or d Nanopor e Technologies; SRS, short-r ead sequencing by Illu- 

ina platf orm; Tell-Seq, synthe tic long-r ead sequencing by Uni- 

 er sal Sequencing Technology on the Illumina platform; 10 ×, syn- 

the tic long-r ead sequencing by 10 × Genomics on the Illumina

platform. 

Supplementary Fig. S3. Counts of lo w-co v erag e g enes det ect ed

by differ ent technologies using the hg38 r ef er ence genome

and differ ent r e ad mapping quality me asures (MAPQ0, MAPQ1,

MAPQ50) for NA12878 cell line datase t s among (A) genes and

pseudog enes, (B) prot ein-coding g enes, and (C) medic ally r ele-

vant genes. MAPQ0 is a default setting in the current SR S/LR S

aligners and variant callers, allowing read mapping to multiple re-

gions. MAPQ1 is associa t ed with a lo w er probability of misplaced

reads and MAPQ50 with a v ery lo w probability of misplaced genes

(99.999% accuracy). The co v erage of all genes in the datase t s us-

ing differ ent MAPQ is shown in Supplementary Table S7. LRS-

ICLR, synthetic long-read sequencing by Illumina—complete long-

re ad t echnology on the Illumina pla tform; LR S-ONT, true long-

read sequencing by Oxf or d Nanopor e Technologies; LRS-PacBio ,

true long-read sequencing by Pacific Biosciences; LRS-TELL-Seq,

synthe tic long-r ead sequencing by Universal Sequencing Technol-

ogy on the Illumina pla tform; LR S-10 ×, synthetic long-re ad se-

quencing by 10 × Genomics on the Illumina platform; OGM, optical

genome mapping by Bionano Genomics; SRS, short-read sequenc-

ing by Illumina platform. 

Supplementary Fig. S4. Overview of structural variants (SVs) de-

t ect ed by optical genome mapping (OGM) for the SKBR3 cell line

bef or e and after filtering using the OGM he althy da tab ase with

hg38 and T2T-CHM13 r ef er ences. The cir cos plot s wer e g enera t ed

using Bionano Ac c ess softw ar e (v1.8). Cir cos plot s sho w ed the SVs

de tec ted by OGM using (A) hg38, (B) T2T-CHM13, and those SVs

present in (C) only in unique r e gions f or T2T-CHM13 bef or e and af-

t er filt ering using the OGM he althy da tab ase. (D) Table r epr esent s

counts of SVs and their types for NA12878, SKBR3, P3, and S48

samples bef or e and after filt ering using the OGM he althy da tab ase

with hg38 and T2T-CHM13 r ef er ences. LRS-ICLR, synthe tic long-

read sequencing by Illumina—complete long-re ad t echnology on

the Illumina pla tform; LR S-ONT, true long-re ad sequencing by O x -

f or d Nanopor e Technologies; LRS-PacBio , true long-r ead sequenc-

ing by Pacific Biosciences; LRS-TELL-Seq, synthe tic long-r ead se-

quencing b y Univ er sal Sequencing Technology on the Illumina

pla tform; LR S-10 ×, synthetic long-re ad sequencing by 10 × Ge-

nomics on the Illumina platform; OGM, optical genome mapping

by Bionano Genomics; SRS, short-read sequencing by the Illumina

platform. 

Supplementary Fig. S5. Co v erage pr ofiles f or DU X4 , LPA , and GRK1
g enes det ect ed by short-read and long-read technologies using

hg38 and T2T-CHM13 r ef er ences and differ ent mapping quality

thresholds (MAPQ0 and MAPQ1). This figure was g enera t ed using

Int egra tiv e Genomics View er (IG V) with corresponding g ene coor-

dina t es for DUX4 , LPA , and GRK1 for both reference g enomes. LR S-

ONT, true long-read sequencing; LRS-PacBio, true long-read se-

quencing by Pacific Biosciences; SRS, short-read sequencing by

the Illumina platform. 

Supplementary Fig. S6. Co v erage pr ofiles f or SMN1 and SMN2
g enes det ect ed by short-read and long-read technologies using

hg38 and T2T-CHM13 r ef er ences and differ ent mapping quality

thresholds (MAPQ0 and MAPQ1). This figure was g enera t ed using

Int egra tiv e Genomics View er (IG V) with corresponding g ene coor-

dina t es for SMN1 and SMN2 for both reference g enomes. LR S-ONT,

true long-read sequencing; LRS-PacBio, true long-read sequenc-

ing by Pacific Biosciences; SRS, short-read sequencing by the Illu-

mina platform. 
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