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Whole-genome sequencing (WGS) is a comprehensive approach for the genomic evaluation of acute 
myeloid leukemia (AML) and myelodysplastic syndromes (MDS). We recently described a streamlined 
tumor-only WGS assay (ChromoSeq) that uses Illumina short-read sequencing with targeted analysis to 
detect the full range of clinically relevant somatic mutations. Here we sought to determine the per
formance of this targeted analysis approach using long-read sequencing data from Oxford Nanopore 
Technologies and Pacific Biosciences. Samples from 26 patients with AML and MDS were sequenced to a 
mean of 52× coverage. Head-to-head comparison of reportable somatic variants to standard WGS 
revealed more than 96% recall and 91% precision for single nucleotide variants for both long-read 
platforms. Performance was lower for insertion/deletions (66% recall and 42% precision), especially 
in regions with few phased reads that facilitate accurate variant detection. The long-read platforms 
were 95% accurate for copy number calls, and they detected all recurrent structural variants with no 
false-positive findings. In addition, long reads properly identified intronic insertions near repetitive 
elements that were incorrectly identified as interchromosomal structural rearrangements by standard 
WGS. These results indicate that targeted, tumor-only analysis of long-read sequence data is a feasible 
approach for the genomic evaluation of myeloid cancers, and they show the utility of incorporating 
variants discovered via long-read sequencing to improve variant interpretation in short-read WGS.
(J Mol Diagn 2025, 27: 1242—1254; https://doi.org/10.1016/j.jmoldx.2025.09.001) 

Genomic evaluation is essential for diagnostic classification 
and risk assessment of patients with myeloid malignancies 
and is based on the presence of recurrent cytogenetic ab
normalities and somatic gene mutations.1 These mutations 
are usually identified via complex testing algorithms that 
can involve multiple clinical assays, including G-banded 
karyotyping, fluorescence in situ hybridization, and targeted 
sequencing of selected genes. We recently described a 
comprehensive genomic profiling assay, ChromoSeq, for 
patients with acute myeloid leukemia (AML) and myelo
dysplastic syndromes (MDS) that uses whole-genome 
sequencing (WGS) on the Illumina (San Diego, CA) 
sequencing platform.2 This approach combines rapid WGS 
library preparation with targeted analysis that is focused on 
large copy number alterations, recurrent structural variants 
(SVs) (eg, translocations), and small variants in selected, 

recurrently mutated genes. Comparison of ChromoSeq re
sults versus results from conventional multimodality testing 
showed that it was highly sensitive and specific for the full 
spectrum of clinically relevant mutations in patients with 
AML and MDS and that the results can be directly used in 
established risk stratification systems.

WGS-based testing strategies have several advantages 
over conventional testing methods that are of benefit to 
clinical laboratories, treating physicians, and patients. 
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These include the requirement for DNA as opposed to 
cultured cells, simple wet bench procedures, and the ability 
to provide comprehensive testing results in a single assay. 
The emergence of WGS as a viable clinical testing platform 
has been made possible by advances over the past decade in 
methods for preparing and sequencing short-insert DNA 
libraries, which have made this process faster, more accu
rate, and less expensive. However, standard “short-read” 
sequencing (most often using 150 bp paired-end reads) has 
limitations, which have been shown by extension of the 
human reference genome to include more repetitive se
quences3 and the growing catalog of complex genetic var
iants and disease-causing mutations.4—6 Recent studies have 
shown that sequencing of longer (generally >5 kbp), native 
DNA molecules with the Oxford Nanopore Technologies 
(ONT; Oxford, UK) and Pacific Biosciences (HiFi; Menlo 
Park, CA) platforms address these limitations and can 
improve detection and interpretation of complex variants 
and provide information about haplotype phase relation
ships across multiple sequence variants.7 Although use of 
the so-called “long-read” sequencing for routine clinical 
testing is still relatively uncommon,8 it has been used 
extensively in research studies to resolve complex structural 
rearrangements, and it is the primary technology used in 
ongoing efforts to improve and expand the human genome 
reference sequence.3,9,10

The success of these studies and continued advancements 
in long-read sequencing data production and analysis sug
gest that these platforms are poised to become competitive 
with standard short-read sequencing for clinical genomic 
testing. Although multiple reports have described methods 
and performance for detecting constitutional sequence 
variants from long-read data,8,11—15 less is known about the 
use of long reads for identifying somatic variants in cancer. 
The current study evaluated the potential for existing long- 
read sequencing platforms to be used for comprehensive 
genomic analysis of somatic sequence variants in AML and 
MDS. An automated workflow for data processing was 
developed, and a focused mutation analysis for clinically 
relevant somatic copy number variants (CNVs), SVs, and 
gene mutations, similar to the ChromoSeq approach 
developed for short-read WGS (sWGS), was performed.2 

All samples tested in this study had matched sWGS anal
ysis using our published method, allowing for head-to-head 
performance comparisons between long- and short-read 
platforms and examination of ways in which longer 
sequencing reads and phase-resolved alignments could add 
value to clinical genetic testing of myeloid neoplasms.

Materials and Methods

Patients and Samples

All samples were obtained from patients enrolled on an 
institutional tissue banking protocol and who provided 

written informed consent in accordance with the Declara
tion of Helsinki. Samples included peripheral blood or bone 
marrow collected before treatment that were either sub
mitted directly for DNA extraction or processed buffy coat 
preparation and were cryopreserved. Supplemental Table 
S1 presents patient and sample details.

Illumina WGS and Analysis

sWGS was performed on DNA extracted via the Qiagen 
DNA mini kit (Qiagen, Hilden, Germany) via the Illumina 
DNA library preparation kit and sequencing on NovaSeq 
6000 or X Plus sequencers (Illumina). Sequence data pro
cessing, alignment, and somatic variant calling used 
DRAGEN version 4.2.4 (Illumina). Subsequent quality 
control, variant filtering for CNVs >2 Mbp, high-quality 
SVs, and small variants in 64 genes was performed as 
described previously.2 The hg38 reference sequence was 
used (complete with decoys and alternate contigs), and all 
annotations were based on Ensembl release 105 (https:// 
dec2021.archive.ensembl.org/index.html, last accessed 
September 18, 2025).

ONT and HiFi Sequencing and Data Processing

ONT sequencing was performed on DNA extracted and 
prepared as detailed in Supplemental Table S2. This pro
cess involved extraction kits for either standard or high 
molecular weight DNA and multiple approaches for frag
mentation and size selection. Native DNA sequencing li
braries were then constructed via ligation with the LSK114 
kit and sequenced using R10.4.1 flowcells on a Prom
ethION sequencer (Oxford Nanopore Technologies) with 
up to two wash/reload cycles. Data processing and analysis, 
including basecalling, were performed via a Nextflow 
workflow (https://github.com/dhslab/nf-core-wgsnano, 
commit 8fe4655) using dorado (version 0.5.2+7969fab) 
for basecalling and read mapping and the PEPPER- 
Margin-Deepvariant pipeline for phased germline variant 
calling of single nucleotide variants (SNVs) and small in
sertions/deletions (indels) (version 0.8.0).16 Haplotagging 
was performed using Whatshap (version 2.2).17 Mosdepth 
(version 0.3.3)18 was used to calculate coverage.

HiFi sequencing was performed via DNA extraction, 
fragmentation, size selection, and SMRTbell library prep
aration (Supplemental Table S3). Raw reads were analyzed 
on-instrument to produce circular consensus reads that were 
aligned by using pbmm2 (version 1.13.0). Germline SNV 
and small indels were called using DeepVariant (version 
1.6.0),19 and phasing, haplotagging, and coverage analysis 
were performed the same as for ONT. All long-read data 
were mapped to the GRCh38 “no_alt_analysis_set” refer
ence sequence recommended for long reads.
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Somatic Small Variant Analysis from Long Reads

Somatic SNV and indels were identified from the 
DeepVariant calls and using ClairS-TO (version 0.1.0)20 

with the ‘ont_r10_dorado_5khz’ model for the ONT 
platform and the ‘hifi_revio’ model for the HiFi platform. 
Both the DeepVariant and ClairS-TO VCFs were anno
tated with Variant Effect Predictor21 using Ensembl 
release 105 to identify ‘nonsynonymous’ variants 
(namely, ‘splice_acceptor_variant,’ ‘splice_donor_variant,’ 
‘stop_gained,’ ‘frameshift,’ ‘stop_lost,’ ‘start_lost,’ ‘tran
script_ablation,’ ‘transcript_amplification,’ ‘infra
me_insertion,’ ‘inframe_deletion,’ ‘missense_variant,’ and 
‘protein_altering_variant’) in the set of 64 recurrently 
mutated AML genes; the transcript list is presented in 
Supplemental Table S4. Variants with maximum popu
lation minor allele frequency >0.1% were excluded, with 
the exception of specific hotspot mutations that were 
retained. The union of PASS variants from DeepVariant 
and PASS plus FILTER � ‘NonSomatic’ variants from 
ClairS-TO were taken to be the SNV/small indel callset.

Somatic CNV and SV Analysis from Long Reads

Read-depth based CNVs were called using qdnaseq 
(version 1.34.0)22 in R version 4.2.3 (R Foundation for 
Statistical Computing, Vienna, Austria) with the following 
script (https://github.com/epi2me-labs/wf-human-variation/ 
blob/master/bin/run_qdnaseq.r, commit 7295c35), using 
parameters –binsize 100 –reference hg38 –cutoffLOSS 1.7 
–cutoffGAIN 2.3. Comparison of CNV calls was 
performed by using bedtools version 2.30.0.23 SVs were 
called by using Severus (version 0.1.1)12 and Sniffles2 
(version 2.2) and restricted to rearrangements and deletions, 
insertions, or duplications >50 bp. Severus was run using 
default parameters and the provided bed file of VNTRs. 
Sniffles2 was run using parameters –qc-coverage 0 and a 
bed file of tandem repeats. Svpack (https://github.com/ 
PacificBiosciences/svpack, commit 9dddda6) was used for 
annotation with common SVs from two panels of healthy 
controls: the Human Pangenome Reference Consortium 
SV call set (https://zenodo.org/records/8415406, accessed 
June 5, 2024) and the Centers for Common Disease 
Genomics freeze1 SV callset.4 SV were annotated by 
using Variant Effect Predictor release 105 and then 
filtered for quality and predicted effect on AML-related 
genes (Supplemental Table S5).

All SVs were required to have a filter status of PASS 
(applied by Severus or Sniffles2), at least two supporting 
reads, and >5% abundance. Deletions, duplications, and 
insertions were required to be at least 5 kbp in length, 
within 20 kbp of a gene reported by the sWGS assay, and a 
“nonsynonymous” Variant Effect Predictor annotation 
consequence. Breakends (BND) and inversion calls were 
required to have either breakpoint within 20 kbp of any of 
638 partner genes from 591 recurrent gene fusions in 

hematologic malignancies.2 Calls present in either the 
Human Pangenome Reference Consortium or Centers for 
Common Disease Genomics callsets were filtered out. SVs 
were classified as “recurrent” if both breakpoints occurred 
within 20 kbp of the two members of a recurrent gene pair. 
Filtered SVs were then clustered using minda (https:// 
github.com/KolmogorovLab/minda, commit 3d35bba) to 
determine agreements between variants.

All manual review was performed by using Integrative 
Genomics Viewer version 2.16.0.24 Visualization of indi
vidual reads and variants was done by using Ribbon25 and 
SplitThreader.

Results

Long-Read Sequencing of Primary AML and MDS 
Samples

Long read sequencing with ONT and Pacific Biosciences 
circular consensus sequencing (HiFi) was used to charac
terize 26 primary blood or bone marrow samples from pa
tients diagnosed with AML or MDS. Samples were 
obtained from patients with active disease who presented to 
our center and were either cryopreserved leukocytes from 
buffy coat prepared specimens or whole, unfractionated 
peripheral blood or bone marrow aspirate specimens. The 
cohort included patients with AML from all European 
LeukemiaNet risk categories and patients with MDS and 
high and low scores on the recently revised International 
Prognostic Scoring System (Supplemental Table S1). Ten 
samples were sequenced on both ONT and HiFi platforms 
for cross-platform comparisons. All samples were also 
tested using our published sWGS assay to identify small 
variants in 64 genes that are recurrently mutated in AML or 
MDS (Supplemental Table S4), large CNVs, and SVs 
predicted to affect genes (Supplemental Table S5); these 
were used as a gold standard for evaluation of the long-read 
platforms (Supplemental Tables S6, S7 and S8).

DNA preparation for long-read sequencing has yet to be 
standardized and can affect sequencing yield and quality. 
Several extraction approaches were evaluated in this study, 
including the DNA extraction method, DNA fragmentation, 
and DNA size selection to enrich for appropriately sized 
molecules (Supplemental Table S2 and Supplemental 
Figure S1). Between 2 and 7 μg of prepared DNA was 
then used to generate libraries for sequencing on one to five 
flowcells per SMRTcells per sample. For ONT sequencing, 
flowcells were run on the PromethION 24 instrument using 
72-hour runtimes with up to two wash/reload cycles. All 
HiFi data were generated on a single SMRT Cell on the 
Revio instrument (Pacific Biosciences). Long-read data 
were processed by using a custom workflow that performed 
basecalling for ONT data (when not performed on- 
instrument), read mapping and alignment, and calculation 
of quality metrics. One advantage of the long-read plat
forms is the ability to phase reads into two haplotypes, 
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given that the longer reads typically contain several het
erozygous variants (on average 1 per kbp). The workflow 
therefore also performed automated germline variant call
ing, phasing, and haplotagging of individual reads with 
phase assignments (Supplemental Figure S2).

Sequencing yield and read statistics for all samples are 
shown in Figure 1A. Mean coverage for ONT samples was 
59.0× compared with 34.0× for HiFi. Read lengths were 
evaluated for all libraries with respect to DNA preparation 
method and sequencing platform. DNA preparation for the 
HiFi platform was performed using a strict size-selection 
step that resulted in a tight distribution of read lengths 
around 20 kbp. Read lengths from the ONT platform were 
more variable due to the less-stringent size selection 
methods used before library preparation (Figure 1B and 
Supplemental Figure S1); however, N50 read lengths >15 
kbp were observed in 24 (92%) of 26 samples. Most li
braries used standard DNA extraction methods, indicating 
that high molecular weight extraction is not strictly neces
sary for this platform. Between 51% and 85% of mapped 
reads per sample could be phased (mean: 82.8% for HiFi; 
mean: 66.0% for ONT). The lower percentage of phased 
reads in the ONT samples is consistent with the higher 
proportion of shorter reads in those samples. Phased 
coverage ranged from 13.4× to 103.0× (mean, 50.5×) for 
the ONT samples and from 28.7× to 33.0× (mean, 31.6×) 
for the HiFi samples (Figure 1C). In terms of AML-specific 
genes targeted for focused mutation analysis (609 exons 
across 64 genes), the mean percentage of exons with at least 
10× coverage for both haplotypes was 70.3%, although the 
range was large due to overall coverage differences be
tween the samples.

Targeted Somatic Variant Analysis from Long Reads

Variant calling from the ONT and HiFi data sets used a 
focused approach to emulate the sWGS assay. Because 
somatic variant calling from long-read data is an active area 
of development, several methods were tested before 
selecting those that gave the best overall performance for 
each variant type relative to sWGS in a nonblinded fashion. 
Multiple bioinformatics tools were ultimately used to make 
genome-wide variant calls that were then filtered for clini
cally relevant events (Materials and Methods). For SNV 
and indels, DeepVariant16 and ClairS-TO26 calls were used; 
qdnaseq27 was used for read-depth based CNV, and Seve
rus12 and Sniffles213 were used for breakpoint-mapped SVs 
(Supplemental Figure S2A). These calls were then filtered 
to retain large copy number alterations (>300 kbp), high- 
confidence genic SVs, and protein-altering SNV/small 
indel variants in recurrently mutated genes (Materials and 
Methods).

The specific genomic regions and variant filtering pa
rameters were chosen to closely match those used for the 
sWGS assay to make the two data sets comparable for 
analysis. Using this approach, the total count of variant calls 

detected by the long-read platforms was similar to sWGS 
for all variant types (Supplemental Figure S2B and 
Supplemental Tables S9, S10, S11, and S12). Despite the 
differences in sequencing error rate across these technolo
gies, a similar number of small variant calls in ONT, HiFi, 
and sWGS with means of 2.8 to 3.3 small variants per 
sample across platforms was also observed. For large copy 
number alterations, similar mean CNV counts (4.6, 6.3, and 
11.4 for WGS, ONT, and HiFi, respectively) were 
observed. For SVs, a mean of 8.5, 15.5, and 22.6 events per 
sample for sWGS, HiFi, and ONT were recorded.

Somatic SNV and Indel Performance Assessment

The accuracy of long-read SNV and indel variant calls was 
directly assessed by using the sWGS calls as a gold stan
dard. For SNV with a variant allele fraction (VAF) >5%, 
recall rates were 91.5% (95% CI, 81.6%-96.3%) for ONT 
and 95.2% (95% CI, 77.3%-99.8%) for the HiFi data set. 
Recall rates for small indels of VAF >5% were 78.3% 
(95% CI, 58.1%-90.3%) for ONT and 60.0% (95% 
CI, 23.1%-88.2%) for HiFi (Figure 2, A and B). As ex
pected, there was an increase in recall percentage for var
iants with higher VAFs, especially for samples in the long- 
read data set with lower coverage. Several of the variants 
were not detectable in the long-read samples due to a 
combination of low VAF and low coverage. Analysis was 
restricted to variants with adequate coverage (ie, an ex
pected count of ≥3 variant reads given the sWGS VAF 
estimate and the long-read coverage; effectively, this 
excluded nine variants with median VAF of 11.8% and 
median long-read coverage of 21×). This resulted in higher 
recall rates: 96.4% SNV (95% CI, 87.9%-99.0%) and 
81.0% indel (95% CI, 60.0%-92.3%) for ONT and 100% 
SNV (95% CI, 83.2%-100%) and 66.7% indel (95% CI, 
20.7%-98.3%) for HiFi.

Next, the remaining seven false-negative variant calls in 
the long-read data, which included two SNVs and five 
indels, were reviewed. Of the two SNVs not detected by 
long reads, one was present in the long reads but at low 
VAF (Supplemental Figure S3A). The other discrepant 
SNV occurred in U2AF1 and was missed due to a known 
error in the hg38 reference sequence28 that was not cor
rected in the reference version recommended for long-read 
analysis. Of the five indels missed by the long-read pipe
lines, one (in KIT) was clearly present at low VAF in the 
long reads (Supplemental Figure S3B), and a second (in 
SRSF2) was a trinucleotide variant that was called as an 
SNV by the long-read callers. The remaining three were all 
the same single-base frameshift insertion adjacent to a 
homopolymer repeat in NF1.

The precision for SNV was 91.5% for ONT (95% 
CI, 81.6%-96.3%) and 95.2% for HiFi (95% CI, 77.3%- 
99.8%) (Figure 2, C and D). For indels, the precision was 
lower for both platforms: 69.2% for ONT (95% CI, 
50.0%-83.5%) and 42.9% for HiFi (95% CI, 15.8%- 
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Figure 1 A: Sequencing yield and read metrics from Oxford Nanopore Technologies (ONT) and Pacific Biosciences HiFi sequencing platforms. B: Read 
length distributions for all samples from ONT and HiFi sequencing. C: Mean sequencing coverage per sample. Colors indicate coverage of haplotype 1 (red), 
haplotype 2 (blue), and no unassigned phase (orange). A.U., arbitrary units.
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75.0%). Acknowledging that small indels are a common 
error mode in long-read variant calls, we implemented an 
additional filter (leveraging the ability to phase long reads) 
of excluding variants observed more than once in both 
haplotypes. This resulted in slightly improved precision 
for indels: 78.3% for ONT (95% CI, 58.1%-90.3%) and 
42.9% for HiFi (95% CI, 15.8%-75.0%). After applying 
this filter, 15 false-positive small variants remained in the 
long reads: six SNVs (five in ONT, one in HiFi) and nine 
indels (five in ONT, four in HiFi). Manual review of the 
false-positive SNVs revealed that one was a partial rep
resentation of an multinucleotide variant in SRSF2, three 
were supported by a small number (between one and four) 
sWGS reads and may represent true low VAF variants, 

and two had no support in the sWGS data. None of the 
nine false-positive indel calls were supported by any high- 
quality sWGS reads. Notably, all false-positive indels 
occurred either on the X chromosome in male subjects (5 
of 9 [55.6%]) or in regions with few phased reads in 
which phasing information could not be used for variant 
calling and filtration.

VAFs for both SNVs and indels showed good agreement 
between sWGS and the two long-read platforms 
(Supplemental Figure S4). Correlations in VAFs for SNV 
between sWGS and ONT and between sWGS and HiFi 
were 0.86 and 0.84, respectively. Similarly, for indels, 
correlations between sWGS and ONT and between sWGS 
and HiFi VAFs were 0.82 and 0.69.
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Phase-Informed Analysis of Small Variants in 
Long-Read Sequence Data

Phase information provided by long reads has the potential 
to improve the interpretation of small variants by defining 
the relationship between variants in the same gene and 
distinguishing potential somatic variants from rare germline 
polymorphisms in tumor-only sequencing assays. This was 
investigated by first determining the number of targeted 
genes with complete and continuous phasing across their 
entire targeted lengths, which would enable direct assess
ment of cis/trans status for any identified variants. A mean 
of 51.8 of the 59 targeted genes (range, 45 to 58) per sample 
were completely phased (Figure 3A). Across our 26 

samples, nine pairs of clinically relevant small variants 
occurring within the same gene were identified. Of these, 
eight pairs could be phased and thus definitively classified 
as occurring in cis or trans. Two variant pairs (in RUNX1 
and in TET2) were in cis, whereas six pairs (two in TP53, 
one in NRAS, and three in TET2) were in trans 
(Supplemental Figure S5).

Phased long reads can also help to determine the somatic 
status of a variant by the presence of “normal” reads (not 
containing the variant) within the “abnormal” haplotype in 
tumor samples with a clonal purity <100%. Restricting 
analysis to variants with >25× coverage, 110 (70.5%) of 
the 156 “reportable” SNVs and indels were classified as 
“putative somatic” (Materials and Methods). In contrast, 
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examination of high-quality, clinically unreported variants 
occurring in the same targeted regions (ie, noncoding var
iants and variants with population frequency >0.1%) yiel
ded only 60 (6.0%) of 1014 variants meeting criteria for 
classification as putative somatic (Figure 3, B—D). The 
remaining 94% of these variants had haplotype-specific 
VAFs consistent with germline heterozygous or homozy
gous mutations, showing the utility of this metric for ad hoc 
interpretation of variants of uncertain significance in cancer 
samples.

Somatic Copy Number and SV Performance Assessment

We next compared CNVs and SVs identified using the 
long-read platforms with SV calls from sWGS. For CNVs, 
there was close agreement between large (>5 Mbp) read 
depth-based copy number aberrations. Genome-wide, an 
average of 120.4 Mbp per genome was affected by large- 
scale copy losses, and 78.8 Mb was affected by large-scale 
copy gains according to sWGS. Of the total chromosomal 
content called deleted by sWGS, 93.0% and 98.3% were 
called deleted in the ONT and HiFi data, respectively 
(Supplemental Figure S3A). Similarly, 87.6% and 94.7% 
of the copy gains by sWGS were called amplified in the 
ONT and HiFi data (Supplemental Figure S6). Manual 
review of the false-negative CNVs revealed that most were 
small (<2 Mbp) and/or had low abundances, suggesting 
they were subclonal events. Conversely, it was observed 
that nearly all the CNVs detected in the long-read samples 
were also detected by sWGS, with >95% of gains and 
losses identified by ONT and HiFi being present in the 
sWGS calls.

A more clinically focused analysis of CNV calls between 
the platforms was also performed by comparing genes 
affected by copy number aberrations using the set of genes 
relevant to the diagnosis of myeloid malignancies that are 
reported by sWGS (Supplemental Tables S3 and S4). On 
average, 2.9 (range, 0 to 14) gene targets per sample were 
reported as deleted, and 1.9 (range, 0 to 10) AML gene 
targets per sample were reported as affected by copy gains 
by sWGS. For the long-read data sets, we detected 2.8 
(range, 0 to 14) and 5.70 (range, 0 to 13) deletions per 
sample by ONT and HiFi, respectively, and similarly 1.7 
(range, 0 to 9) and 3.3 (range, 0 to 9) amplifications per 
sample (Figure 4A).

Taking the sWGS calls as the gold standard, we observed 
recall rates of 93.3% (95% CI, 85.3%-96.1%) and 96.2% 
(95% CI, 87.0%-98.9%) for copy losses for ONT and HiFi, 
respectively, and, similarly, 84.0% (95% CI, 71.5%-91.7%) 
and 86.5% (95% CI, 72.0%-94.1%) recall rates for ampli
fications (Figure 4B). The positive predictive values for 
gene-level copy gains and losses were similarly high. For 
ONT, the precision values for gene-level deletion and 
amplification calls, respectively, were 95.9% (95% 
CI, 88.6%-98.6%) and 97.7% (95% CI, 87.9%-99.9%). For 
HiFi, the precision values for gene-level deletion and 

amplification calls were 87.7% (95% CI, 76.8%-93.9%) and 
97.0% (95% CI, 84.7%-99.8%) (Figure 4B).

Discrepant calls were manually reviewed. Of the vari
ants called by the sWGS pipeline but not the long reads, 
most were called at low VAF (<10%) and were not 
detectable by the long-read CNV callers, which were 
designed for germline variants. Of the variants called in 
the long reads but not the Illumina data, most were rela
tively small (<2 Mb) and were filtered out by the sWGS 
workflow.

To compare SV calls from the long-read data sets, the 
genome-wide long-read callset was filtered by using a 
strategy analogous to the one used for the sWGS assay. This 
approach restricted calls to recurrent driver SVs and those 
predicted to “impact” any of the targeted AML genes, after 
removal of constitutive SVs and artifacts from population- 
based SV studies.4 The recurrent driver SV calls is 
referred to as “recurrent SV” and the larger callset as 
“reportable SV,” given that they passed all filters and affect a 
targeted gene and thus may be of clinical or biological 
relevance. Considering only the recurrent SV category, the 
long-read platforms had 100% recall (of 12 events) and did 
not identify any additional recurrent SVs compared with 
sWGS across all 26 cases. Recall was lower for the report
able SV category; overall, we observed roughly two to three 
times the number of reportable SVs in the long-read SV 
callsets versus sWGS (Supplemental Figure S2B). Using a 
strict definition of recall that required both ends of an SV to 
coincide within 1 kbp, only 29.8% of reportable SVs from 
sWGS were supported at both breakpoints by a reportable 
SV detected in the long-read data (26.7% for ONT and 
37.0% for HiFi). Recall was substantially higher when the 
comparisons were relaxed to require only one breakpoint to 
match [71.9% (95% CI, 65.7%-77.5%) for ONT; 71.7% 
(95% CI, 61.8%-79.9%) for HiFi] (Figure 4C), indicating 
some support in the long reads for these SV calls (see section 
on intronic insertions to follow).

Next, the precision for reportable SV calls from the 
long-read data was evaluated. The majority of these were 
not supported by a high-quality sWGS SV call 
(Supplemental Figure S7A). In terms of strict overlaps 
with sWGS (ie, requiring overlap of both breakpoints), the 
precision was 10.1% for ONT and 21.9% for HiFi. 
Considering lenient overlaps (at least one breakpoint 
overlapping a sWGS call within 1kbp), we observed pre
cision of 33.0% (95% CI, 29.4%-37.0%) for ONT and 
25.8% (95% CI, 19.6%-33.2%) for HiFi (Figure 4D). 
Review of the discrepant calls revealed that many (40%) 
occurred in complex and/or repetitive genomic regions (in 
particular, tandem repeats and segmental duplications), 
which are poorly covered by sWGS. Indeed, the precision 
for SVs in segmental duplications or simple tandem re
peats was 1.0%, compared with 43.2% excluding those 
regions. Manual review of the discrepant variants in the 
long reads showed that most were high quality and simply 
not present in the sWGS callset due to poor mappability or 
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differences in the filtering strategy between the two 
pipelines (Supplemental Figure S7B). Although none of 
the long-read-only SV calls would have changed the 
clinical interpretation of the sample tested, the ability of 
long reads to span some complex events provided a clearer 
view of their potential functional impact. For example, 
Figure 5A shows a complex SV involving multiple regions 
of chromosome 12 (near the AML genes ETV6 and 
MDM2). Although parts of this complex event were 
detected by sWGS, long reads allow for direct visualiza
tion of the relationships between them (Figure 5B).

Intronic Insertions Identified by Long-Read 
Sequencing Are a Source of False-Positive Structural 
Variants in sWGS Data

Given the high number of partially discordant SVs in the 
long-read data versus sWGS, further analysis was con
ducted to understand the nature of these discrepant events. 
As described earlier, discordant SV calls frequently had 
overlap with one breakpoint but not both. Further investi
gation of these events showed that 58% (63 of 109) of 
partially concordant reportable SVs were “BND” calls in 
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sWGS that had one end overlapping an insertion in the 
long-read data (Figure 5C). Annotation of these insertions 
revealed that most of them coincided with insertions of 
mobile genetic repetitive elements that were not present in 
the GRCh38 human reference sequence. These events were 
not correctly resolved by sWGS and thus appeared as BND 
calls between distant (often interchromosomal) loci, which 
could be incorrectly interpreted as translocations. BNDs 
calls identified as insertions in the long-read data were a 
common source of such potential false-positive findings, 

accounting for 38.3% of all “gene-interrupting” BNDs in 
the reportable SVs from sWGS.

It was reasoned that the insights gained from paired long- 
read sequencing and sWGS of the same samples could 
improve the interpretation of intronic BND SV calls in 
sWGS. Therefore an additional filter was applied for SV 
calls from sWGS that excluded variants in which either end 
mapped within 2 kbp of a common insertion identified in 
the Human Pangenome Reference Consortium long-read 
callset.29 This is similar to the “systematic noise” filter for 
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SVs that is already implemented in sWGS, except using 
source data from long-read sequencing rather than exclu
sively sWGS data. This additional filter excluded 78 
(46.7%) of 167 nonrecurrent reportable SVs from the 
sWGS data; however, it did not remove any recurrent 
variants of known clinical significance, nor did it remove 
any variants supported on both ends by a reportable SV call 
from either of the long-read callers. This scenario suggests 
that use of variant databases from long-read data sets, 
applied strategically, can improve variant calls from sWGS.

Discussion

This study includes a head-to-head comparison of WGS for 
somatic mutations in patients with AML and MDS using 
the ONT and HiFi assays versus a published sWGS assay, 
ChromoSeq. To simulate practical and realistic clinical 
testing procedures, long-read sequencing for most samples 
was performed by using standard DNA extraction tech
niques as opposed to high molecular weight extraction 
methods that are frequently used for long-read sequencing 
in research applications.

This analysis focused on small variants in a limited 
number of genes and clinically relevant CNVs and SVs that 
are reported by sWGS, which was previously shown to 
balance analytical performance with interpretability. Using 
this approach, it was found that both long-read platforms 
detected more than 96% and 81% of the SNVs and indels 
identified by sWGS, respectively. Because this study was 
not performed in a blinded fashion (ie, the sWGS results 
were used to guide the design of the automated variant 
calling pipelines), this represents an optimized performance 
of automated variant calling at the coverage depths ach
ieved here. Most of the false-negative small variants in the 
long-read data set could be attributed to under-sampling in 
low coverage regions rather than systematic bias in either 
platform. Several false-positive small variants were 
observed in the long-read data, especially involving indels. 
Interestingly, these tended to occur in regions with inade
quate phase information for both platforms, which is 
explicitly considered by the long-read variant callers. In the 
data obtained for this study (>20× total coverage and N50 
read lengths of >13.6 kbp), we were able to phase 68% of 
all reads and produced contiguous phasing for a mean of 
88% of the genes targeted for analysis in each sample. The 
phase information not only improved the accuracy of 
variant calls in these regions, but it was also useful for 
evaluating potential somatic variants and determining cis/ 
trans relationships for somatic variants in eight genes. This 
underscores the importance of obtaining sufficient coverage 
of both haplotypes and the utility of performing this bio
informatics step to achieve optimal variant calling using 
long reads. It also shows ways in which phase information 
can be used bioinformatically and during case review to 
augment interpretation of existing variant quality metrics.

The benefits of long reads have been most apparent for 
SVs, in which multiple studies have reported better variant 
detection performance, especially in repetitive and low 
complexity regions. In our targeted SV calling approach, 
we observed 100% accuracy for recurrent SVs that are most 
clinically relevant in AML and MDS. Although long-read 
sequencing did not identify any clinically relevant results 
that were missed by sWGS, it did improve calls in repetitive 
regions, consistent with previous reports.30,31 The most 
notable new findings in the long-read data were partially 
concordant SVs that shared one breakpoint with the sWGS 
data. These were often annotated as unspecified BND calls 
by our sWGS assay that turned out to be medium-size in
sertions in the long-read data, typically involving nearby 
mobile element insertions. In many cases, the sWGS SVs 
could potentially be interpreted clinically as deleterious 
translocations involving other chromosomes or distant 
sequence partners, rather than insertions (often intronic) 
with less severe consequences. This information was used 
to apply an additional filter on the sWGS SVs that reduced 
these potential false-positive findings by almost 40%. This 
finding shows how long-read sequencing can increase the 
accuracy of current clinical genomic assays for cancer 
samples that use sWGS by establishing better rules and 
more comprehensive databases for interpreting SV calls 
produced by existing analysis pipelines.

A subset of the samples in this study were analyzed by 
both ONT and HiFi long-read sequencing, allowing for 
comparisons between the two platforms. A notable differ
ence was the distribution of read lengths, which was highly 
variable in the ONT platform, owing to the less stringent 
DNA preparation methods. The HiFi data were more 
consistent but required greater input DNA amounts to 
obtain sufficient material for library preparation and 
sequencing, especially for samples with smaller average 
fragment sizes after extraction. Despite these differences, 
the fraction of phased reads was similar between the two 
platforms, indicating that both platforms yielded sufficient 
read lengths to capture heterozygous single nucleotide 
polymorphisms for phasing. Selection of one platform over 
the other for clinical testing may therefore depend on 
technical expertise or specific cost, throughput, or volume 
requirements, which do differ between the platforms 
(Supplemental Table S13).

In summary, this work shows that performance of long- 
read sequencing methods for the clinical evaluation of 
AML and MDS is comparable to that of sWGS for the 
detection of recurrent somatic SVs and CNVs. In addition, 
improvement in the accuracy of nonrecurrent SV calls in 
repetitive regions was observed. Although long-read 
sequencing allows for phasing, which can help distin
guish between inherited and somatic variants, long-read 
somatic SNV and indel calling was less accurate than with 
sWGS. However, this could be improved with deeper 
coverage and further development of somatic variant 
calling methods, at which point these technologies would 
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be an attractive approach for the clinical evaluation of 
AML and MDS.
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