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Abstract 

Bac kgr ound: Nanopore sequencing is c har acterized by high portability and long reads, albeit accompanied by systematic errors caus- 
ing short deletions. F e w tools can filter lo w-frequenc y artificial deletions, especially in single samples. 

Results: To solve this problem, we first synthesized or purchased 17 DNA/RNA standards for nanopore sequencing with R9 and R10 
flowcells to obtain benchmarking datasets. False-positi v e (FP) deletions were prevalent (75.86%–96.26%), while the majority (62.07%–
79.68%) were located in homopolymeric regions. The 10-mer base-quality scores (Q scores) and sequencing speeds flanking the FP 
homopolymeric deletions marginally differed from the true-positive (TP) deletions. We thus investigated the raw current signals after 
normalizing them by length. We found more significant differences in current signals between the reads with and without FP deletions. 
Indexes including the MRPP A (Multiple Response Permutation Procedure, statistic A), the accumulative difference of normalized 

current signals, and the Q score were tested for the power of distinguishing between FP and TP deletions. MRPP A outperformed 

the other indexes in homopol ymeric r egions and achieved the highest accuracy of 76.73% for challenging 1-base homopolymeric 
deletions. When sequencing depth was low, the Q score performed better than MRPP A. We developed Delter (Deletion filter) to filter 
lo w-frequenc y FP deletions of nanopore sequencing in single samples, which removed 60.98% to 100% of artificial homopolymeric 
deletions in real samples. 

Conclusions: Lo w-frequenc y artificial short deletion variations, especially the most challenging homopolymeric deletions, could be 
effecti v el y filter ed by Delter using normalized curr ent signals or Q scor es accor ding to the emplo y ed sequencing str ate gies. 

Ke yw ords: nanopore sequencing, lo w-frequenc y deletions, filtering 
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Introduction 

Nanopore sequencing is distinguished by its high portability, 
compared to other commercially available sequencing technolo- 
gies such as the single-molecule real-time (SMRT) sequencing by 
P acBio and massiv e par allel sequencing (MPS) by Illumina and 

MGI Tech. The smallest sequencer now is the MinION Mk1B (Ox- 
ford Nanopore Technologies), which weighs only 87 grams. It can 

yield Gb-le v el sequencing data in a single run and has low r equir e- 
ments for environmental conditions. These features make Min- 
ION Mk1B well suited for in-field sequencing applications such 

as viral genomic surveillance during epidemics and biodiversity 
surveillance [ 1–3 ]. On the other hand, the lengths of nanopore 
sequencing r eads ar e primaril y determined b y the DN A or RN A 

molecules passing through nanopores. Nanopore sequencing is 
widely used for genome and transcriptome assembling [ 4–11 ] and 

long haplotype phasing [ 12 , 13 ]. 
Despite the benefits in portability and sequencing length, 

nanopore sequencing still exhibits relatively higher noise than 
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PS and SMRT sequencing [ 14 , 15 ]. Compared to the initial ver-
ion of nanopore sequencing devices, the accuracy of current se-
uencers has been notabl y impr ov ed by engineered pore proteins
 14 , 16 ] and deep learning–based basecalling tools [ 14 , 17 ]. Multi-
le studies have demonstrated that using nanopore sequencing 
nables the acquisition of reliable consensus genomes and vari- 
tions for viruses, bacteria, and human [ 8 , 15 , 18–21 ]. Ho w e v er,
hen heterogeneity of genetic materials exists, such as in viral
uasi-species, heterogeneous bacterial colonies, and tumors with 

eter ogeneity, nanopor e sequencing still needs impr ov ement in
dentifying the lo w-frequenc y variations [ 14 , 19 , 22 ]. 

Mor eov er, nanopor e sequencing is more prone to errors in short
nsertions and deletions (indels), especially in low-complexity re- 
ions like homopol ymers, compar ed to single nucleotide vari-
tions (SNVs) [ 23–28 ]. Cretu Stancu et al . [ 25 ] reported a 2.6-
old increase in deletion errors for sequences ov erla pping with
omopolymers . Delaha ye et al. [ 27 ] found that nearly 50% of
anopore sequencing errors were attributed to homopolymers.
 Open Access article distributed under the terms of the Cr eati v e Commons 
unrestricted reuse, distribution, and reproduction in any medium, provided 
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 recent study benchmarked 7 nanopore sequencing basecaller
odels and observed median homopolymer error rates of 14.9%

o 44.5% [ 28 ]. The high error rates in homopolymeric regions can
mpose limitations on the application of nanopore sequencing.
or instance, artificial deletion variations with low frequencies
 < 0.5) in cancer-related genomic tests are more prone to be mis-
lassified as pathogenic or likely pathogenic than artificial SNVs.
ccur atel y detecting lo w-frequenc y variations is also pivotal in

dentifying intr ahost heter ogeneity of pathogens, whic h is crucial
or studying the micr oe volution, ada ption, and r ecombination of
iruses or bacteria [ 29–31 ]. Nonetheless, se v er al studies hav e sug-
ested that nanopore sequencing is unsuitable for detecting in-
rahost indels and SNVs due to the high le v els of low-fr equency
rrors [ 18 , 19 ]. 

To date, there is a lack of methods to filter artificial low-
r equency v ariations for nanopor e sequencing. Recentl y, Liu et al.
 26 ] reported a tool named Variabel that employs longitudinal
r cross-sectional samples to r ecov er low-fr equency intr ahost
ariations. Variabel can identify lo w-frequenc y variations with a
 0.5 allele frequency, but its performance in differentiating gen-
ine and artificial indels in homopolymeric regions was not as-
essed. To our knowledge, no method or tool has been proposed
or filtering artificial lo w-frequenc y indels applicable to single-
ample nanopore sequencing. The errors in nanopore sequenc-
ng, particularly those in homopolymeric regions, are primarily
scribed to the basecalling process, in which raw electric current
ingles are converted into nucleotide sequences [ 28 ]. It has been
eported that a fine-tuned or specially trained model for a se-
ected set of nucleotide sequences could potentiall y r educe the
alse-positiv e r ates of basecaller [ 32 ]. Ho w e v er, ther e has been no
ompr ehensiv e inv estigation of low-fr equency err ors in nanopor e
equencing. 

In this study, we employed the R9 and R10 flow cells and
hemistries of nanopore sequencing to sequence synthetic nu-
leotides. Our results show that > 96.00% of the artificial varia-
ions had a frequency < 0.3, and most (73.00%) were short dele-
ions in homopolymeric regions. We compared the raw current
ignals, base-quality scor es (Q scor es), and passing-por e sequenc-
ng speeds of the reads with and without deletions and character-
zed their differences. We developed a tool named Delter (Deletion
lter) to distinguish between false and true lo w-frequenc y short
eletions identified using nanopore sequencing (Fig. 1 ). 

aterials and Methods 

ynthetic DNA and RNA sequences 

ine SARS-CoV-2 synthetic RNA genome controls (Twist Bio-
cience), including the wild-type Wuhan-Hu-1 strain (GenBank
ccession MN908947.3) and variants from Alpha, Beta, Delta, Ep-
ilon, Iota, Kappa, Omicron BA.1, and Omicron BA.2 lineages were
urchased ( Supplementary Table S1 ). With the genome of the
uhan-Hu-1 strain as a reference, other SARS-CoV-2 variants

ontain 306 deletion variations with lengths ranging from 3 to 9
ucleotides (nts, Supplementary Table S2 ). 

In addition, wild-type and mutated nucleotide sequences of
he S gene of SARS-CoV-2 (GenBank accession MN908947.3),
enton gene of human adenovirus subtype 55 (HAdV55, Gen-
ank accession MK886831.1), 16S ribosomal DNA gene of Es-
 heric hia coli (strain: Castellani and Chalmers 1919,01485 cm,
RRL accession B-1109), and an assembly contig of Saccha-

omyces cerevisiae (strain: Saccharomyces cerevisiae Meyen ex E. C.
ansen (1883) ATCC 9763, NRRL accession Y-567) were synthe-
ized in plasmids by Sangon Biotech Co., Ltd. ( Supplementary
able S3 ). The mutated sequences were designed to con-
ain 242 deletions of 1 to 3 nts, which were evenly dis-
ributed in homopolymeric and non-homopolymeric regions
 Supplementary Table S4 ). 

anopore sequencing and basecalling 

ARS-CoV-2 synthetic RNA controls wer e r e v ersel y tr anscribed
ith the Whole Transcriptome Amplification Kit (cat. 207043; Qi-
gen) following the manufacturer’s instruction. The cDNA prod-
cts and synthetic DNA plasmids were employed as inputs to pre-
ar e libr aries with the Ra pid Bar coding Kit (SQK-RBK004; Oxfor d
anopor e Tec hnologies) and sequenced by using a MinION Mk1B

equencer with the R9.4.1 (FLO-MIN106; Oxford Nanopore Tech-
ologies) and R10.4.1 flow cells (FLO-MIN114; Oxford Nanopore
echnologies) according to the manufacturer’s protocols. 

The MinKNOW software (v22.03.5, v22.08.9, or v22.10.10; Ox-
ord Nanopor e Tec hnologies) w as emplo y ed to the sequencing
un, and Guppy (v6.0.6, v6.2.11, or v6.3.9; Oxford Nanopore Tech-
ologies), an integrated component of MinKNOW, was used for
asecalling throughout sequencing runs. For sequencing with
9.4.1 flow cells, re-basecalling was conducted using Guppy

v6.2.1; RRID:SCR _ 023196 ) with the super accuracy (SUP) model.
or the R10 sequencing run, the fast, high-accuracy (HAC), and
UP basecalling models were utilized. 

uality control and alignment of basecalled 

eads 

he sequencing adapters were trimmed by using Por ec hop (v0.2.4;
RID:SCR _ 016967 ). NanoFilt (v2.8.0; RRID:SCR _ 016966 ) [ 33 ] was
hen used to filter reads with undesirable lengths and low-quality
cores (-q 8 -- length 100) and to trim 10 bases from 5 ′ /3 ′ ends of
he r eads. Minima p2 (v2.24, RRID:SCR _ 018550 ) [ 34 ] was used for
lignment of clean reads to r efer ence sequences, with the pr e-
et parameters for nanopore sequencing data (-ax map-ont). Sam-
ools (v1.13; RRID:SCR _ 005227 ) [ 35 ] was employed for downstream
nalyses of the alignments . T he unmatched fragments marked as
oft-clipped in the BAM file of aligned reads were trimmed using
n-house scripts. 

ariation calling and filtering 

anopor e sequencing v ariations wer e identified using LoFr eq2
v2.1.5, RRID:SCR _ 013054 ), whic h is a pplicable for anal yzing
anopore sequencing data to detect lo w-frequenc y variations [ 36 ].
irst, with the “lofreq indelqual” parameter, indel quality scores
ere added to the BAM files . T hen, the “lofreq call-parallel” com-
and was used to call variations with the following parame-

ers: “-- no-default-filter -- call-indels .” T he candidate variations
er e filter ed using the “lofr eq filter” command with par ameters
f “lofreq filter -- cov-min 100 -- af-min 0.05 -- sb-alpha 0.01 -- sb-
ncl-indels.” For sequencing data of synthetic SARS-CoV-2 controls
hat underwent whole tr anscriptome amplification, v ariations
ere also identified using VarScan2 (v2.4.4; RRID:SCR _ 006849 ) [ 37 ]
nd Medaka (v1.7.3) [ 38 ] with default parameters. Clair3 (v1.0.10;
RID:SCR _ 026063 ) [ 39 ] and NanoCaller (v3.6.0) [ 40 ] were employed

or comparison of different variant callers. 

ligning electric current signals to ground-truth 

ucleotide sequences 

 he ra w R9 sequencing data containing the electric current
ignal-le v el data (curr ent signals or squiggles) and the asso-

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
https://scicrunch.org/resolver/RRID:SCR_023196
https://scicrunch.org/resolver/RRID:SCR_016967
https://scicrunch.org/resolver/RRID:SCR_016966
https://scicrunch.org/resolver/RRID:SCR_018550
https://scicrunch.org/resolver/RRID:SCR_005227
https://scicrunch.org/resolver/RRID:SCR_013054
https://scicrunch.org/resolver/RRID:SCR_006849
https://scicrunch.org/resolver/RRID:SCR_026063
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Fastq

Tombo Alignment
Variation Calling by 

LoFreq

Nanopore Sequencing

Guppy Basecalling

Fast5

Minimap2 Alignment

Tombo-aligned 
Fast5 Reference VCF

Variation Metadata

Reads with and without 
Deletions

Metadata Extraction

ReadID Extraction

Signal Extraction Q score Extraction

Index selector
� Sequencing Protocol
� Flowcell & Chemistry
� Sequencing Depth

Normalized 
Current Signals Q scoresDeletion filtering module

Filtered artificial deletions

Delter

F igure 1: Workflo w of Delter for filtering FP deletions in R9 and R10 nanopor e sequencing. Delter is or ganized as a Snak emak e w orkflo w. It is composed 
of 6 functional modules: (i) metadata extraction module, (ii) ReadID extraction module, (iii) index selector, (iv) signal extraction module, (v) Q score 
extraction module, and (vi) deletion filtering module. Details are listed in the “Materials and Methods” section. 
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iated basecalls were stored in “fast5” formatted files . T he
m ulti_to_single_fast5” command fr om the ont-fast5-a pi Python
ac ka ge (v4.1.1) [ 41 ] was performed to split m ultiple-r ead fast5
les into single-read fast5 files . T hen, Tombo (v1.5.1; RRID:SCR _
24388 ) was utilized to load the single-read fast5 file and assign
urr ent measur ements in the squiggle to each base of the read via
lignment to the r efer ence sequence with the “resquiggle” com-
and. 
The squiggles of 10 bases or 20 bases flanking each variation

er e extr acted using in-house scripts to compar e between r eads
ith and without artificial deletions. As the sampling rate of the
inION sequencer is 4,000 times per second, the time interval

etween 2 consecutive current measurements in the squiggle is
xed. The real-time sequencing or translocation speed of the DNA
olecules passing through the nanopores (number of current
easurements per base) was determined by dividing the num-

er of curr ent measur ements (signal lengths) of the r ele v ant r ead
r a gments by the number of bases. 

The passing-pore sequencing speeds of DNA molecules are
ighl y div erse. Namel y, the same number of nucleotides can pro-
uce different lengths of current signals . T herefore , before further
nal ysis, these curr ent signals wer e normalized by length using a
inning a ppr oac h. The mean v alues of the curr ent measur ements
ssigned to the same bin were utilized. The sums of difference val-
es (accum ulativ e differ ences) between the normalized signals of
eads with and without deletions were also calculated. 

ubsampling approach to determine thresholds 

ur method was e v aluated under differ ent sequencing depths
sing a subsampling a ppr oac h. For eac h v ariation, we r andoml y
 hose N (r ange: 20 to 2,000) forw ar d- and r e v erse-aligned r eads
upporting the r efer ence and nonr efer ence alleles, r espectiv el y—
amely, N forw ar d-aligned reads supporting the reference al-

ele, N r e v erse-aligned r eads supporting the r efer ence allele, N
orw ar d-aligned reads supporting the nonr efer ence allele, and N
 e v erse-aligned r eads supporting the nonr efer ence allele (str and-
pecific sequencing depth). T hus , 80 to 8,000 aligned reads per
 ariation wer e subsampled when av ailable. The ar eas under the
urve (AUCs), sensitivities, and specificities corr esponding to eac h
equencing depth were calculated. The threshold with the highest
um of sensitivity and specificity was used as the default thresh-
ld for filtering. 

ta tistical anal yses and visualiza tion 

he R project (v4.2.2) [ 42 ] was employed for the statistical anal-
ses and visualization. To compare the normalized signals with
qual lengths from reads with and without variations, we used 3
nter gr oup differ ence anal ysis methods, including anal ysis of sim-
larities (ANOSIM), m ultir esponse perm utation pr ocedur e (MRPP),
nd perm utational m ultiv ariate anal ysis of v ariance (ADONIS2).
he R pac ka ge Vegan (v2.6–4; RRID:SCR _ 011950 ) was utilized for
he ANOSIM, MRPP, and ADONIS2 calculation. The Kruskal–Wallis
ank-sum test was used for inter gr oup comparison. P v alues wer e
djusted with the Benjamini and Hoc hber g method when nec-
ssary. The r eceiv er oper ating c har acteristic (ROC) curv e anal-
sis was conducted to assess the performance of filtering arti-
cial variations using the R package pROC (v1.18.2; RRID:SCR _
24286 ). The R pac ka ges ggplot2 (v3.4.1; RRID:SCR _ 014601 ), gg-
ubr (v0.6.0; RRID:SCR _ 021139 ), ggsci (v2.9) [ 43 ], and Complex-
eatmap (v2.14.0; RRID:SCR _ 017270 ) were implemented for visu-
lization. 
mplementation of the filter for removing 

rtificial deletions 

elter is organized as a Snak emak e w orkflo w. It is composed of 6
unctional modules: (i) metadata extraction module . T his module
ses a variant call format (VCF) file output by LoFreq and refer-
nce sequence as inputs to generate the variation metadata, in-
luding deletion type (homo-dels or other-dels), deletion length,
nd the starting and ending positions. (ii) ReadID extraction mod-
le. Its main function is to get read lists containing deletions and
o deletions. (iii) Index selector. This core module automatically
elects a ppr opriate index(es) depending on the sequencing proto-
ol, flowcell/chemistry, and sequencing de pth. (i v) Signal extrac-
ion module. If MRPP A is chosen for downstream analyses, this

odule will extract the raw current signals of N bases flanking
ac h deletion v ariation, whic h ar e pr epr ocessed to normalized
urrent signals using a binning a ppr oac h. (v) Q scor e extr action
odule. If Q score is selected, it will output base qualities of the

0-mer r ead r egion of deletion v ariations. (vi) Deletion filtering
odule . T his module bundles se v er al functions to calculate MRPP
 and av er a ge 10-mer Q scor es. It also filters and marks artificial
eletions in the final output. 

The filter takes se v er al files as inputs: (i) the VCF file output
 y LoF req, (ii) the sorted B AM files storing alignment of nanopore
eads to the reference sequence, (iii) the reference sequence, and
iv) the directory storing Tombo-resquiggled single-read fast5 files
hen R9 flow cell and chemistry are emplo y ed. Users should
lso provide the sequencing protocol (amplicon or direct), flow-
ell/chemistry (R9 or R10), strand-specific sequencing depth for
ubsampling, the directory storing the final results, and the base
umber flanking each variation to extract Q scores and current
ignals. 

xternal v alida tion using real samples 

ur method was validated in sequencing data of human aden-
virus (HAdV) and microbial standard samples. We first synthe-
ized plasmids containing full-length Fiber, Penton, and Hexon
enes fr om differ ent HAdV subtypes, including HAdV11, 14, and
5 ( n = 7; Supplementary Table S5 ). These genes nativ el y con-
ain 5 real deletions when compared to references. Partial gene
r a gments (amplicons) cov ering true deletions wer e also ampli-
ed using PCR primers ( n = 9). The samples were mixed and se-
uenced using R9.4.1 flow cell ( n = 9). ZymoBIOMICS Gut Micro-
iome Standard (cat. D6331; Zymo Research) containing varying
acterial cell contents was further sequenced with R9.4.1 flow cell
nd processed. As these bacteria should not have any true varia-
ions, all of the variations output b y LoF r eq ar e identified as neg-
tive. In order to assess the applicability of the tool for metage-
omic scenarios, we also e v aluated the pipeline in case of the co-
xistence of closely related bacterial strains . T he microbial stan-
ard D6331 contains 5 strains of Escherichia coli : namely, B-1109, B-
66, B-2207, B-3008, and JM109. We r andoml y selected the str ain
-1109 as the r efer ence genome and then e v aluated the similari-
ies between the other 4 strains and the r efer ence using fastANI
v1.33; RRID:SCR _ 021091 ). T he a v er a ge nucleotide identities range
rom 98.46% to 99.52%. DNAdiff (v1.3) and GSAlign (v1.0.22) [ 44 ]
 ere emplo y ed to call variations of each strain relative to the ref-

rence B-1109 separately. The shared deletion variations reported
y both tools were merged to constitute a list of true deletions ( n
 236). The D6331 nanopore sequencing data were then aligned

o the B-1109 r efer ence genome . T he VCF was called with LoFreq
nd used as input for the Delter w orkflo w. 

https://scicrunch.org/resolver/RRID:SCR_024388
https://scicrunch.org/resolver/RRID:SCR_011950
https://scicrunch.org/resolver/RRID:SCR_024286
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https://scicrunch.org/resolver/RRID:SCR_021139
https://scicrunch.org/resolver/RRID:SCR_017270
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
https://scicrunch.org/resolver/RRID:SCR_021091
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Mor eov er, 3 public datasets available on the NCBI SRA database 
were included for further assessment. The African swine fe v er 
virus (ASFV) dataset has 1 Nanopore R10 run and 4 paired Illu- 
mina MiSeq runs (NCBI accession number: PRJNA1096272). The 
Pseudomonas aeruginosa PAO1 dataset contains R10 SUP data gen- 
erated by GridION (SRA accession number: ERR8958864) and 

paired MiSeq data (ERR9285397). As the GridION dataset has 
a large number of reads ( n > 630,000), only the first 120,000 
r eads wer e selected for downstr eam anal yses . T he Brucella suis 
dataset has paired Nanopore R9 (ERR10828735) and Illumina 
MiSeq (ERR10820713) sequencing data. After quality control with 

NanoFilt (nanopore data) or fastp (MiSeq data, v0.22.0; RRID:SCR _ 
016962 ), all the sequencing data were aligned to the reference 
genome of ASFV (NC_044945.1), P. aeruginosa PAO1 (NC_002516.2), 
or B. suis (NC_004310.3) with Minimap2 or bwa (v0.7.17; RRID: 
SCR _ 010910 ). For Illumina datasets, variations were called using 
LoFreq with a minimum depth of 20 and a minimum allele fre- 
quency of 0.05. Variation calls on Illumina sequencing runs were 
used as real variations. For nanopore datasets, variations were 
called using the same parameters as mentioned abo ve . 

Results 

Nanopore sequencing of synthetic samples 

We obtained a total of 17 c hemicall y synthesized RNA and DNA 

samples for nanopore sequencing, covering both wild types and 

the corresponding mutants ( Supplementary Tables S1 –S4 ). Nine 
synthetic RNA samples ( ∼30 kb) were SARS-CoV-2 standards,
among which 8 are variants of interest or concern. Due to their low 

copy numbers (5,000 copies per standard), they underwent whole 
transcriptome amplification (WTA) before nanopore sequencing 
(r eferr ed to as WTA sequencing). Eight synthetic DNA samples 
contained the sequences from SARS-CoV-2, human adenovirus 
subtype 55 (HAdV55), E. coli , and S. cerevisiae (length ranged from 

1,468 to 1,674), and the mutants carried designed deletion varia- 
tions . T he mutants and their corresponding wild types were re- 
spectiv el y mixed with ratios of 1:9, 1:4, and 1:1 to mimic low- 
fr equency v ariations ( Supplementary Fig. S1 ). The synthetic DNA 

samples from plasmids were directly sequenced without ampli- 
fication (r eferr ed to as dir ect sequencing). Thr ee independent se- 
quencing runs containing 33 synthetic samples were conducted 

using the MinION sequencer Mk1B with R9 and R10 flow cells, and 

a total of 9.3 Gb clean sequencing data were yielded after quality 
control ( Supplementary Table S6 ). WTA sequencing samples gen- 
er ated shorter r eads (N50: 1,137–1,656 bases) than dir ect sequenc- 
ing ones (N50: 4,131–4,349 bases). 

The majority of artificial variations were 

deletions 

Small variations with a ≥0.05 mutated allele frequency (MuAF) 
were identified for data generated by WTA sequencing and direct 
sequencing with R9 and R10 flow cells . T he r ecall r ates of true- 
positiv e (TP) v ariations wer e high, whic h wer e 99.67% (305 of 306) 
for the WTA sequencing and 97.80% (R9, 710 of 726) to 98.07% (R10,
712 of 726) for the directing sequencing. Most false negativ es wer e 
attributed to low sequencing depth or marginal MuAFs near the 
0.05 threshold. 

Abundant artificial (false positiv e, FP) low-fr equency v ariations 
were identified (Fig. 2 A–C). Among all the FP types, the small 
deletions located in ≥3-base homopolymeric regions (denoted 

as homo-dels) were remarkably dominating (62.07%–79.68%), fol- 
lo w ed b y the deletions in the non-homopolymeric regions (other- 
els, 10.40%–16.58%). FP insertions and SNVs took a r elativ el y
mall proportion of all the FPs. Most FP SNVs of WTA sequencing
ould be filtered by trimming of read ends [ 18 , 19 ]. We trimmed
0 bases from both ends of the aligned fr a gment of r eads and re-
uced 77.11% FP SNVs of WTA sequencing (Fig. 2 A). Other-dels and

nsertions were also reduced (22.93% and 14.89%, respectively),
her eas onl y 0.59% FP homo-dels w ere excluded b y the trimming

Fig. 2 A). In contrast, the trimming led to higher FP ratios in di-
ect sequencing samples (Fig. 2 B, C), which might be due to the
ncr ease of mar ginal MuAFs to > 0.05. This r esult was consistent
sing different variant callers ( Supplementary Fig. S2 ). Different
asecalling models (fast, HAC and SUP) led to diverse FP ratios in
10 direct sequencing samples (Fig. 2C; Supplementary Fig. S3 ).
he samples sequenced with R10 flow cell generated fewer FP
ariations than those with R9 flow cell (SUP: 24/172 = 13.95%;
AC: 85/172 = 49.42%). 
We also investigated how the FP r atios v aried as the MuAF

hr esholds gr e w . As shown in Fig. 2 D , differ ent sequencing str ate-
ies had similar trends . T he majority ( > 96.00%) of FP variations
ad a low MuAF < 0.3. FP v ariations wer e usuall y shar ed in the
atasets of highly homologous samples with identical sequenc- 

ng strategies. In the WTA sequencing dataset of the SARS-CoV-2 
tandards, a total of 233 genomic loci were found to have FP varia-
ions, of which 25.32% and 47.21% were identified in all or at least
0% of samples (Fig. 2 E). For the direct sequencing samples, the
ame FP variations were also identified in mixtur es deriv ed fr om
iffer ent m utant/wild-type r atios (Fig. 2 F, G). Ther e wer e 14 homo-
els shared by both R9 and R10 direct sequencing samples, while
one of other-dels or insertions were shared, indicating the inher-
nt systematic errors in nanopore sequencing despite the flow cell
nd chemistry. 

 biased Q score and sequencing speed 

istribution of FP deletions compared to TP 

eletions 

eletion variations comprised the highest proportion, while SNVs 
nd insertions were relatively low, so we focused mainly on homo-
els and other-dels . T he 10-mer a v er a ge Q scor es (upstr eam and
ownstream of 5 bases) flanking eac h v ariation wer e calculated to
ompar e between r eads with and without deletions. Reads con-
aining FP homo-dels and other-dels had lo w er Q scores than
eads with no deletions (Fig. 3 A–C, Supplementary Fig. S4 A). In
ontr ast, r eads containing TP deletion variations had a nearly
dentical distribution of Q scores relative to reads without dele-
ions. FP homo-dels fr om differ ent sequencing str ategies had di-
 erse Q scor e distribution compar ed to other-dels. Mor eov er, the
iffer ences between r eads with and without deletions were negli-
ible in the FP homo-dels derived from R10 direct sequencing sam-
les basecalled with the fast basecalling model ( Supplementary 
ig. S4 B). Notably, the differences between reads with and with-
ut homo-dels were minor relative to those in other-dels, which
ndicated the difficulty in distinguishing between FP homo-dels 
nd TP deletions. 

High room temperature could lead to abnormal translocation 

peeds of templates going through nanopore proteins and further 
ener ate poor er base qualities. We thus anal yzed the sequencing
peeds of FP and TP deletions . T he electric curr ent signal-le v el
ata (current signals or squiggles) of 10 or 20 bases (10-mer or
0-mer current signals) flanking each deletion variation were ex- 
racted. FP deletion variations were observed to have fewer num-
ers of current measurements (sampling points) per base, namely,
igher sequencing speeds, than reads without deletions (Fig. 3 D,

https://scicrunch.org/resolver/RRID:SCR_016962
https://scicrunch.org/resolver/RRID:SCR_010910
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
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Figure 2: False-positive variations in different sequencing strategies with ONT R9 and R10 flow cells and chemistries. (A–C) The bar plots of 4 types of 
artificial variations before (red) and after (blue) trimming bases in ONT R9 WTA sequencing data (A), R9 direct sequencing data (B), and R10 direct 
sequencing data basecalled with the SUP model (C). The y-axis was log 10 transformed. (D) The normalized FP counts at each MuAF threshold relative 
to those at MuAF = 0.05. (E–G) The genomic distributions of FP variations in R9 WTA sequencing data (E), R9 direct sequencing data (F), and R10 direct 
sequencing data basecalled with the SUP model (G); only deletions and insertions were plotted. FP variations with MuAF ≥0.15 in SARS-CoV-2 variants 
were selected to display for better visualization. Swt: wild-type SARS-CoV-2; Ecoli: Escherichia coli ; Pent: human adenovirus subtype 55; Sce: 
Sacc harom yces cerevisiae . 
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). In contrast, TP deletion variations differed slightly from reads
ithout deletions. At the scale of whole read, FP and TP deletion

ariations had no significant differences in sequencing speeds
 Supplementary Fig. S5 ). 

emarkable differences between current signals 

f R9 FP and TP deletions 

lthough FP deletions had more significant differences in Q score
han sequencing speed, the Q score alone might be insufficient
o separate FP homo-dels from true deletions in R9 sequencing
ata. As Q scor es wer e dir ectl y corr elated with the basecalling of
urrent signals, we further characterized the raw signals of FP and
P deletions. 

The 10-mer current signals flanking FP deletion variations were
urther processed to inspect whether remarkable differences ex-
st when compared to reads without deletions. As the counts of
urr ent measur ements (signal lengths) of eac h v ariation wer e not
qual and sequencing speeds had no close relationship with FP or
P deletions, the current signals first underwent binning-based
ormalization pr epr ocesses to e v en lengths . T he current mea-

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
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surements in each bin were then a veraged. T he current signals of 
reads supporting FP deletion variations had slight differences rel- 
ative to reads without deletions, regardless of homo-dels or other- 
dels (Fig. 4 A and Supplementary Fig. S6 A). Ho w e v er, TP deletions 
had r emarkable discr epancies between r eads with and without 
deletions (Fig. 4 B and Supplementary Fig. S6 B). Notably, the dif- 
fer ences enlar ged as the deletion types v aried fr om homo-dels to 
other-dels . Moreo ver, the differences grew bigger when more bases 
were deleted. The sums of difference values (accumulative differ- 
ences) between the normalized signals of reads with and with- 
out deletions were then calculated. FP deletions wer e observ ed to 
have lo w er sums than TP deletions (Fig. 4 C–F), and homo-dels had 

lo w er sums than other-dels ( Supplementary Fig. S7 ). The differ- 
ences between TP and FP deletions in current signals were more 
significant than those observed in Q score and sequencing speed.

The normalized equal signal lengths were also suitable for 
downstr eam inter gr oup differ ence detection methods. ANOSIM,
MRPP, and ADONIS2, which are widely used in ecological and 

meta genomic anal yses, wer e emplo y ed to compare the signal dis- 
tribution pattern. The ANOSIM statistic R, MRPP statistic A, and 

ADONIS2 statistic F were also calculated. Compared with ANOSIM 

R, ADONIS2 F, and accum ulativ e signal differ ence, MRPP A had 

the largest fold changes between TP and FP deletion variations 
(Fig. 4 G, H). It is also observed that FP deletion variations had lo w er 
MRPP A values than TP deletions (Fig. 4 I–L). T hus , MRPP could be 
used in downstream analysis to filter artificial deletion variations.

Performance assessment of MRPP A, Q score, and 

accum ulati v e difference in identifying artificial 
deletions 

The ROC curves were employed to assess the effects of 3 indexes,
MRPP A, Q scor e, and accum ulativ e differ ence, on distinguishing 
between FP and TP deletions. In WTA sequencing data, the MRPP 
 obtained the highest AUC of 0.98 (accuracy: 91.60%) in distin-
uishing between artificial and true variations ( Supplementary 
ig. S8 A). In R9 direct sequencing samples, the MRPP A outper-
ormed the Q score and the accum ulativ e differ ence in homopol y-

eric regions, whose AUCs were 0.85, 0.76, and 0.80, respectively
Fig. 5 A and Supplementary Fig. S8 B). For the most challeng-
ng artificial 1-base homopolymeric deletions (Fig. 5 B), MRPP A
c hie v ed the highest accuracy of 76.73% compared with the Q
core (69.90%) and the sum of difference (71.39%). For other arti-
cial deletions, MRPP A ac hie v ed an AUC of 0.92 and an accuracy
f 83.41% (Fig. 5 C). Mor eov er, MRPP A also had higher AUCs than
NOSIM R and ADONIS2 F ( Supplementary Fig. S9 ). 
For R10 direct sequencing samples, the Q score was utilized to

epar ate FP fr om TP deletions under differ ent basecalling models.
n the fast basecalling model, Q scores had the weakest perfor-

ance in distinguishing between FP and TP deletion variations 
 Supplementary Fig. S10 ), indicating its inapplicability in filtering
P deletion variations . T he SUP and HAC models gener ated fe wer
P deletions with higher AUCs (SUP: 0.99–1; HAC: 0.89–0.98) (Fig. 6 ,
upplementary Fig. S11 ). For other-dels, the Q score had a higher
UC than homo-dels. Using the Q score alone has achieved a bet-

er performance than MRPP A, which is used in R9 data (AUC:
.81–0.92), as r e v ealed b y the R OC analyses . T hus , it is sufficient
o employ the Q score to filter FP deletion variations for R10. We
ound av er a ge Q scor es below 22 could discriminate between FP
nd TP deletions, which enabled the identification of 90.63% artifi-
ial homo-dels (accuracy: 96.88%) and 100% other-dels (accuracy: 
00.00%). 

mplementation of the filtering tool for FP 

eletions from R9 and R10 nanopore sequencing 

he performance of our method was c hec ked under differ ent
equencing depths. MRPP A ac hie v ed stable AUCs with str and-

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
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Figur e 4: T he featur es of normalized curr ent signals in R9 sequencing data. (A) Heatma ps of normalized curr ent signals fr om r eads with and without 
1-base FP and TP homo-del variations . T he line plots represent each column’s average normalized current measurements in the heatmap. The 
alternate alleles corresponding to deletions are displayed. (B) Heatmaps of normalized current signals from reads with and without 2-base FP and TP 
other-del variations. (C) The accum ulativ e differ ence of av er a ge normalized curr ent measur ements fr om FP and TP deletions in R9 WTA sequencing 
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pecific sequencing depths ≥100 × in WTA sequencing data
 Supplementary Fig. S12 A). For R9 direct sequencing samples,

RPP A began to outperform the Q score at 400 × except in other-
el variations (Fig. 7 A, B, Supplementary Fig. S12 B, C). T hus , MRPP
 or Q score would be utilized to filter FP deletions with varied
equencing depths . T he Q score could distinguish between FP and
P variations with strand-specific sequencing depths ≥20 × in R10
equencing samples ( Supplementary Fig. S12 D). The correspond-
ng thresholds of MRPP A or Q score were further determined
Table 1 ). We then de v eloped a tool named Delter to filter artificial
eletion v ariations fr om R9 or R10 sequencing data, whic h could
hoose an appropriate index depending on sequencing protocol,
ow cell, and depth. Variations with indexes lower than the rec-
mmended thresholds would be predicted as artificial deletions. 

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
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Table 1: The suggested index and threshold across different sequencing protocol, flowcell/chemistry, and depth 

Flowcell/chemistry Sequencing protocol Sequencing depth ∗ Index Threshold 

R9 WTA sequencing ≥20 × MRPP A 0.01 
Direct sequencing ≥400 × MRPP A 0.001 
Direct sequencing [20 ×,400 ×) Q score 23 (homo-del) 20.6 (other-del) 

R10 Direct sequencing ≥20 × Q score 21.8 (SUP, homo-del) 20.0 (SUP, other-del) 

∗Strand-specific sequencing depth. 

Table 2: Validation of the filtering method in real samples 

Sample 
Deletions/homo-deletions 

before filtering 
Deletions/homo-deletions 

after filtering Sensitivity Specificity Accuracy 

TP FP TP FP 

HAdV full-length gene 
mixtures ( n = 4) 

5/0 79/69 5/0 10/6 100.00%/— 87.34%/91.30% 88.10%/91.30% 

HAdV amplicon 
mixtures ( n = 5) 

5/0 27/23 4/0 0/0 80.00%/— 100.00%/100.00% 96.88%/100.00% 

D6331 E. coli 130/27 14,275/12,843 95/12 1,600/829 73.08%/44.44% 88.79%/93.55% 88.65%/93.44% 

Veillonella rogosae 0/0 5,930/5,597 0/0 437/382 —/— 92.63%/93.17% 92.63%/93.17% 

Bacteroides fragilis 0/0 3,535/3,477 0/0 509/478 —/— 85.60%/86.25% 85.60%/86.25% 

Faecalibacterium 

prausnitzii 
0/0 431/429 0/0 46/46 —/— 89.33%/89.28% 89.33%/89.28% 

Prevotella corporis 
genome 1 

0/0 684/660 0/0 131/127 —/— 80.85%/80.76% 80.85%/80.76% 

Brucella suis 1/0 52/44 1/0 13/6 100.00%/— 75.00%/86.37% 75.47%/86.37% 

African swine fe v er 
virus 

6/1 70/41 6/1 27/16 100.00%/100.00% 61.43%/60.98% 64.47%/61.90% 

Pseudomonas aeruginosa 
PAO1 

2/1 1/1 2/1 0/0 100.00%/100.00% 100.00%/100.00% 100.00%/100.00% 
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We recorded the computational resources for variation call-
ng with LoFreq and deletion filtering with Delter. The runtime
nd RAM usa ge r equir ed b y LoF req scales with the total bases
 Supplementary Fig. S13 and Table S7 ). The computational costs
f Delter depend on the flow cell, sequencing protocol, and se-
uencing depth. Delter needs m uc h less runtime and RAM usage

n R10 data than R9 data. We found the runtime (0.06–3.93 s/read)
nd RAM usage (0.07–3.46 MB/read) of Delter scales with the
ean number of reads aligned to eac h v ariation site in each sam-

le (r eferr ed as mean r ead number; Supplementary Fig. S14 and
able S8 ). Mor eov er, the computational r esources of basecalling
he current signals were also listed ( Supplementary Table S9 ). 

ffecti v e remo v al of artificial deletions in real 
amples 

ur a ppr oac h was first validated in 9 samples containing HAdV
mplicons (amplicon sequencing) and full-length genes (direct se-
uencing). In HAdV direct sequencing data, 100% of the true vari-
tions (MuAF < 0.15) were correctly identified, and 63 of 69 arti-
cial homo-dels (MuAF < 0.32) were successfully filtered, achiev-

ng an ov er all accur acy of 91.30% (Table 2 ). In HAdV amplicon se-
uencing data, 4 of 5 true deletions (MuAF < 0.12) were detected,
nd 100% of the artificial homo-dels ( n = 23, MuAF < 0.18) were
 emov ed. We further tested our method in a microbial standard
ample containing Veillonella rogosae , Bacteroides fragilis , Faecalibac-
erium prausnitzii , Prevotella corporis , and 5 strains of E. coli (B-1109,
-766, B-2207, B-3008, and JM109). After filtering the results us-
ng the minimum sequencing depth, the removed FP homo-dels
n single bacterial strains ( V. rogosae , B. fragilis , F. prausnitzii , and P.
orporis ) r anged fr om 80.76% to 93.17% (MuAF: 0.06–0.70). In addi-
ion, the performance of the Delter w orkflo w in the case of coex-
sting closel y r elated bacterial str ains was e v aluated in the Zy-

oBIOMICS Gut Microbiome Standard. When the E. coli B-1109
train was selected as the r efer ence, the shar ed deletion v aria-
ions of the other 4 strains (B-766, B-2207, B-3008, and JM109) were

erged to constitute a list of true deletions ( n = 236). A total
f 130 true deletion variations were recalled (MuAF: 0.10–0.85),
ith 35 (26.92%) misidentified as FP deletions. For the FP dele-

ions ( n = 14,275), 12,675 (88.79%, MuAF: 0.08–0.52) were filtered by
elter. 
Mor eov er, 3 public datasets available on the NCBI SRA database

ere included for further evaluation. In the ASFV dataset (paired
anopore R10 and Illumina runs), a total of 76 deletions were

etained, 6 of which were true deletions (MuAF: 0.69–0.93, accu-
acy = 100.00%), with 43 FP deletion variations (43/70 = 61.43%,
uAF: 0.05–0.28) being filtered, including 25 FP homo-dels. For

he P. aeruginosa PAO1 dataset (paired Nanopore R10 and Illu-
ina runs), the genome sequence P. aeruginosa PAO1 was selected

s the r efer ence . T hr ee deletions wer e identified, including 2 TP
nes (MuAF: 0.21–0.27). The other FP homo-del was successfully
ltered by Delter (MuAF = 0.33, accuracy = 100.00%). In the B.
uis dataset (pair ed Nanopor e R9 and Illumina runs), 53 deletions
er e r etained. Among these deletions, 1 true deletion (MuAF =
.61, accuracy = 100.00%) was detected. A total of 39 FP deletion
ariations (39/52 = 75.00%, MuAF: 0.29–0.54) were filtered, among

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
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which 86.37% homo-dels were removed. In summary, these sam- 
ples pr ov ed the efficiency of our filtering method. 

Discussion 

Although simplex nanopore sequencing accuracy has increased 

to Q20 + , lo w-frequenc y artificial deletion variations still exist in 

data generated by R9 and R10 flow cells and chemistries, espe- 
ciall y in homopol ymeric r egions . T he false- positiv e v ariations 
mainl y r esulted fr om systematic sequencing err ors and ar e c hal- 
lenging to eliminate. We aim to r emov e suc h artificial deletion 

variations detected at a MuAF threshold of 0.05. The remarkable 
differences in sequencing signals and Q scores between artificial 
and true variations were observed. We then developed the first 
method to filter artificial deletion variations in single samples via 
current signals or Q scores according to the sequencing proto- 
cols , flowcells , and depth. Our a ppr oac h focuses on artificial dele- 
tions with MuAF as low as 0.05, and it cannot handle false-positive 
SNVs or insertions of interest at present, which warrants further 
inv estigations to unloc k its ca pacity to filter all types of short vari- 
ations. 

We first conducted WTA sequencing using ∼5 kb SARS-CoV-2 
synthetic controls and R9 flow cells . T hese standard controls are 
synthesized according to actual SARS-CoV-2 variants. One lim- 
itation is that these controls natively lack true deletion varia- 
tions in homopolymeric regions, while the false deletion varia- 
tions are mainly located in homopolymeric regions [ 23–28 ]. Trim- 
ming bases from both ends of nanopore reads aligned to the refer- 
ence genome could significantl y r educe counts of FP SNVs rather 
than homo-dels and other-dels, which is consistent with pr e vious 
studies . T he biased distributions of current signals , Q scores , and 

sequencing speeds between artificial homo-dels and true varia- 
tions wer e observ ed in R9 sequencing data. The high AUC of MRPP 
A in distinguishing artificial and true variations paved the way for 
a compr ehensiv e inv estigation of the c har acteristics of v ariations 
located in homopolymeric regions. 

We then synthesized mutant plasmids containing deletion 

variations in homopolymeric and non-homopolymeric regions 
r elativ e to wild-type plasmids. We found remarkable differences 
between reads with and without artificial deletions, with specific 
pr epr ocessing of r aw curr ent signals. As a surr ogate of une v en se- 
quencing signals, MRPP A obtained higher AUCs when compared 

to the Q score and the accum ulativ e sum of normalized signal 
differ ences in homopol ymeric r egions. Notabl y, the differ ence is 
e v en discernible for the most challenging 1-base homopolymeric 
deletions, obtaining an AUC > 0.8. 

Mor eov er, we inv estigated the effects of various sequencing 
depths on distinguishing between FP and TP variations and found 

that in some cases (strand-specific sequencing depth < 400 ×), the 
Q score should be applied to filter artificial deletions in R9 se- 
quencing data. When sequencing depth is big enough, the MRPP 
A and sum of differ ence v alues outperformed the Q score in 

homopol ymeric r egions (Fig. 5 ). Ho w e v er, when the sequencing 
depth decr eased, the Q scor e was mor e superior. Ther efor e, it 
could be indicated that current signal-related indexes were more 
sensitive to sequencing depth than the Q score. 

For R10 sequencing data, the SUP basecalling model generated 

the least FP deletion variations than the HAC and fast models. Us- 
ing the Q score alone achieved a better performance than MRPP 
A, which was used in R9 data. Average Q scores below 22 could 

separ ate FP fr om TP deletions, filtering > 90.00% artificial homo- 
dels and other-dels . T he Delter w orkflo w w as validated in 2 exter- 
nal datasets composed of paired Illumina and Nanopore R10 se- 
uencing runs of the same sample (Table 2 ). It ac hie v ed a 100% ac-
uracy for real deletion variations and filtered 61.43% to 100.00%
f FP deletions . Moreo ver, Delter filters R10 FP deletions using
-scores, without the need to parse the raw sequencing signals.
 hus , Delter needs m uc h less runtime and RAM usage in R10 data

han R9 data. 
Dorado has now been the default basecaller for ONT data. We

e-basecalled the R10 data with the Dorado SUP model (v4.1.0) and
nalyzed the VCF files output by LoFreq with Delter. It was ob-
erved that LoFreq called fewer FP deletion variations in Dorado-
asecalled data than in Guppy-basecalled data. Notably, the Del- 
er w orkflo w could filter all the FP deletions in Dorado-basecalled
ata, whic h means Dor ado can benefit fr om the filtering pr oce-
ure emplo y ed in Delter ( Supplementary Table S10 ). 

Av ailable v ariant callers like Clair3, Medaka, and NanoCaller,
s indicated by Hall et al. [ 15 ], were also evaluated using the
equencing data of the synthesized RNA and DNA samples 
 Supplementary Fig. S15 ). Clair3 is a state-of-the-art ONT variant
aller. Ho w e v er, it calls germline variations, but it is not explic-
tly designed for intrahost SNV and indel calling. In the context
f lo w-frequenc y intrahost variation detection (expected MuAF =
.1, 0.2, and 0.5), LoFr eq outperforms the other 3 v ariant callers. It
as the highest recalls and F-scor es. Mor eov er, LoFr eq has pr e-
ision comparable to Clair3. It has been observed that Clair3
alls m uc h fe wer true v ariations than LoFr eq. Ther efor e, LoFr eq
s more suitable for intrahost variation calling. In the context of
igh-fr equency or consensus-le v el intr ahost v ariation detection

m utated allele fr equenc y ≥0.8), LoF r eq has r ecall compar able to
lair3 and Medaka but calls more false variations than Clair3
nd Medaka. Mor eov er, Clair3 r equir ed less runtime and RAM us-
 ge than LoFr eq ( Supplementary Table S11 ). In summary, we se-
ected LoFreq to call variations as it balanced recall and preci-
ion in the context of lo w-frequenc y intrahost variation detec-
ion. Notably, Delter could filter FP homo-dels called by Clair3,
hich indicates Clair3 can benefit from our filtering procedure 

 Supplementary Table S12 ). 
Until now, few tools could identify artificial indels in nanopore

equencing. One feasible strategy is integrating the datasets from 

ultiple samples collected across different time points or from 

ifferent patients, as recently reported by Variabel [ 26 ]. How-
 v er, this tool is not suitable for single samples. We belie v e that
ur method can break the limit of sample size and facilitate
he filtering of false deletion variations in single samples . T his
tudy demonstrated that our method can accurately filter low- 
r equency artificial v ariations in micr obial nanopor e sequencing
ata. It has potential applicability in studies of tumor heterogene- 

ty. One limitation is the lack of ground-truth references for bench-
arking suc h studies. Numer ous intr ahost v ariations could al-
ays be identified in tumor samples, which need both in silico
ioinformatic tools and experimental a ppr oac hes to confirm ar-
ificial and true variations. 

onclusions 

y nanopore sequencing of synthetic samples with R9 and R10
ow cells and chemistries, we found that artificial short deletion
 ariations wer e c har acterized by differ ences in curr ent signals
nd Q scores relative to true variations . T he MRPP A or Q score
ould be emplo y ed to filter FP deletions in single samples . T he fil-
ering method r emov ed a lar ge pr oportion of artificial homopol y-

eric deletions in real samples. We hope the method can facili-
ate the r emov al of false variations due to nanopore sequencing
rrors. 

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf018#supplementary-data
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vailability of Source Code and 

equirements 

roject name: Delter 
r oject homepa ge: https:// github.com/ nkuyfq/ Delter [ 45 ] 
orkflow hub: https:// doi.org/ 10.48546/ workflowhub.workflow. 

205.2 [ 46 ] 
perating system(s): Linux 
r ogr amming langua ge: Python and Perl 
ther r equir ements: Snak emak e ( ≥7.3) and R ( ≥4.2.2) 
icense: MIT license 
RID:SCR _ 026376 

dditional Files 

upplementary Table S1. The information of SARS-CoV-2 syn-
hetic controls. 
upplementary Table S2. The distribution of variations in SARS-
oV-2 synthetic variants against Wuhan-Hu-1 strain. 
upplementary Table S3. The information of synthetic DNA sam-
les. 
upplementary Table S4. The distribution of deletions in mutant
lasmids against wild types. 
upplementary Table S5. The distribution of deletions in human
denovirus amplicons and full-length genes against references. 
upplementary Table S6. The sequencing summary of synthetic
NA and RNA samples. 
upplementary Table S7. The runtime and RAM usage required
 y LoF req. 
upplementary Table S8. The runtime and RAM usage required
y Delter. 
upplementary Table S9. The runtime and RAM usage required
y basecalling. 
upplementary Table S10. The performance of Delter on Dorado-
asecalled R10 data. 
upplementary Table S11. The runtime and RAM usage required
y Clair3. 
upplementary Table S12. Validation of the filtering method in
eletions called by Clair3. 
upplementary Fig. S1. The design of synthetic sequences and
ixture samples . (A) T he position of deletion variations of the
utated sequences is illustrated as vertical lines. (B) Scheme

f mixing the wild types and mutants . T he mutant and wild-
ype plasmids were mixed with 1:9, 1:4, and 1:1 ratios for each

ixture. 
upplementary Fig. S2. The counts of artificial variations before
nd after trimming bases in different SARS-CoV-2 variants by
 variant callers. Only variations with MuAF ≥0.2 were plotted.
rimnum means the number of trimmed bases. 
upplementary Fig. S3. The bar plots of 4 types of artificial vari-
tions before (red) and after (blue) trimming bases in R10 direct
equencing samples basecalled with the HAC model (A) and fast
odel (B). The y-axis was log 10 transformed. 

upplementary Fig. S4. The comparisons of Q scores between
eads containing deletion variations and reads with no deletions
n R10 direct sequencing data basecalled with the HAC model (A)
nd fast model (B). The dashed lines r epr esent the mean values of
 scores. 
upplementary Fig. S5. The comparisons of sequencing speed
etween reads containing deletion variations and reads with no
eletions in R9 WTA sequencing data (A) and R9 direct sequenc-

ng data (B) at the scale of the whole read. The dashed lines rep-
esented the mean values of speeds. Sequencing speed equals
he division of the number of curr ent measur ements by the base
umber. 
upplementary Fig. S6. The features of normalized current sig-
als in R9 sequencing data. (A) Heatmaps of normalized cur-
 ent signals fr om r eads with and without 1-base FP homo-
el and 1-base FP other-del variations . T he line plots r epr esent
ac h column’s av er a ge normalized curr ent measur ements in the
eatmap. The alternate alleles corresponding to deletions are dis-
layed. (B) Heatmaps of normalized current signals from reads
ith and without 1-base TP homo-del and 1-base TP other-del

ariations. 
upplementary Fig. S7. The accum ulativ e differ ence of av er-
 ge normalized curr ent measur ements fr om FP and TP deletions
tratified by deletion length in R9 WTA sequencing data (A) and
9 direct sequencing data (B). Boxes represent the interquartile
ange (IQR) between the first and third quartiles (25th and 75th
ercentiles, r espectiv el y). Lines inside denote the median, and
hiskers denote the most extreme values within 1.5 times the IQR

rom the first and third quartiles. Outlier values are represented
s points. ns: P > 0.05, ∗P ≤ 0.05, ∗∗P ≤ 0.01, ∗∗∗∗P ≤ 0.0001. 1b: 1
ase; 2b: 2 bases; 3b: 3 bases; 6b: 6 bases; 9b: 9 bases. 
upplementary Fig. S8. Performance assessment of different in-
exes in distinguishing between FP and TP deletions in R9 se-
uencing data. (A) The ROCs of MRPP A, Q scor e, and accum u-

ativ e differ ence in distinguishing between all FP and TP deletions
n R9 WTA sequencing data. (B) The ROCs of MRPP A, Q score, and
ccum ulativ e differ ence in distinguishing between all FP and TP
eletions in R9 direct sequencing data. 
upplementary Fig. S9. The AUCs acr oss differ ent bin numbers
f MRPP A, ANOSIM R, and ADONIS2 F in distinguishing between
P and TP deletions in R9 WTA sequencing data (A) and R9 direct
equencing data (B). 
upplementary Fig. S10. The ROCs and AUCs of Q score in dis-
inguishing between FP and TP deletions in R10 direct sequencing
ata basecalled with the fast model. 
upplementary Fig. S11. Performance assessment of Q score in
istinguishing between FP and TP deletions in R10 direct sequenc-

ng samples . (A) T he ROC of Q score in distinguishing between FP
nd TP homo-dels. (B) The ROC of Q score in distinguishing be-
ween FP and TP other-dels . T he best threshold, specificity, sensi-
ivity, and AUC of the HAC model were plotted. 
upplementary Fig. S12. The AUCs distinguishing between TP
nd FP variations across different sequencing depths . (A) T he
RPP A– and Q scor e–deriv ed AUCs corr esponding to all dele-

ions at each sequencing depth in WTA sequencing data. (B, C)
he MRPP A– and Q scor e–deriv ed AUCs corr esponding to all dele-
ions (B) and other-dels (C) in R9 direct sequencing data. (D) The
 scor e–deriv ed AUCs corresponding to all deletions , homo-dels ,
-base homo-dels, and other-dels in R10 direct sequencing data.
umDiff: sum of difference. 
upplementary Fig. S13. The runtime and RAM usage required
 y LoF req. (A) The runtime as a function of the w all-clock time
seconds) divided by the number of total base pairs (runtime per

egabase pairs; y-axis) in each group of samples (x-axis). (B) The
untime as a function of the number of total base pairs in R9 se-
uencing data. WTA: WTA sequencing of SARS-CoV-2 synthetic
NA contr ols; Dir ect: dir ect sequencing of synthetic DNA plas-
ids . (C) T he runtime as a function of the number of total base

airs in R10 sequencing data of synthetic DNA plasmids that are
asecalled with the SUP or HAC model. (D) The maximum mem-
ry usage as a function of the maximum memory usage (MB) di-
ided by the number of total base pairs (max memory usage per
egabase pairs; y-axis) in each group of samples (x-axis). (E) The

https://github.com/nkuyfq/Delter
https://doi.org/10.48546/workflowhub.workflow.1205.2
https://scicrunch.org/resolver/RRID:SCR_026376
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maxim um memory usa ge as a function of the number of total 
base pairs in R9 sequencing data. WTA: WTA sequencing of SARS- 
CoV-2 synthetic RNA contr ols; Dir ect: dir ect sequencing of syn- 
thetic DNA plasmids. (F) The maximum memory usage as a func- 
tion of the number of total base pairs in R10 sequencing data of 
synthetic DNA plasmids that are basecalled with the SUP or HAC 

model. Bo xes re present the interquartile range (IQR) between the 
first and third quartiles (25th and 75th percentiles, r espectiv el y).
Lines inside denote the median, and whiskers denote the most 
extr eme v alues within 1.5 times the IQR fr om the first and third 

quartiles. Outlier values are represented as points. ∗∗∗∗P ≤ 0.0001.
Each point represents a single sample. G1: SARS-CoV-2 synthetic 
RNA controls sequenced with R9 flow cell, WTA sequencing pro- 
tocol, and basecalled with the SUP model (R9 + WTA sequencing 
+ SUP); G2: synthetic DNA plasmids sequenced with R9 flow cell,
direct sequencing protocol, and basecalled with the SUP model 
(R9 + Direct sequencing + SUP); G3: synthetic DNA plasmids se- 
quenced with R10 flow cell, direct sequencing protocol, and base- 
called with the HAC model (R10 + Direct sequencing + HAC); G4: 
synthetic DNA plasmids sequenced with R10 flow cell, direct se- 
quencing protocol, and basecalled with the SUP model (R10 + Di- 
rect sequencing + SUP). 
Supplementary Fig. S14. The runtime and RAM usage required 

by Delter. (A) The runtime as a function of the wall-clock time 
(seconds) divided by the mean number of reads aligned to each 

deletion variation (runtime per read; y-axis) in each group of sam- 
ples (x-axis). (B) The runtime as a function of the mean number 
of reads aligned to each deletion variation in R9 sequencing data.
WT A: WT A sequencing of SARS-CoV -2 synthetic RNA controls; Di- 
r ect: dir ect sequencing of synthetic DNA plasmids. (C) The run- 
time as a function of the mean number of reads aligned to each 

deletion variation in R10 sequencing data of synthetic DNA plas- 
mids that are basecalled with the SUP or HAC model. (D) The 
maximum memory usage as a function of the maximum mem- 
ory usage (MB) divided by the mean number of reads aligned to 
eac h deletion v ariation (max memory usa ge per r ead; y-axis) in 

eac h gr oup of samples (x-axis). (E) The maxim um memory us- 
age as a function of the mean number of reads aligned to each 

deletion variation in R9 sequencing data. WTA: WTA sequenc- 
ing of SARS-CoV-2 synthetic RNA contr ols; Dir ect: dir ect sequenc- 
ing of synthetic DNA plasmids. (F) The maximum memory us- 
age as a function of the mean number of reads aligned to each 

deletion variation in R10 sequencing data of synthetic DNA plas- 
mids that are basecalled with the SUP or HAC model. Boxes rep- 
resent the interquartile range (IQR) between the first and third 

quartiles (25th and 75th percentiles, r espectiv el y). Lines inside de- 
note the median, and whiskers denote the most extreme values 
within 1.5 times the IQR from the first and third quartiles. Outlier 
v alues ar e r epr esented as points. ∗∗∗∗P ≤ 0.0001. Eac h point r ep- 
resents a single sample. G1: SARS-CoV-2 synthetic RNA controls 
sequenced with R9 flow cell, WTA sequencing protocol, and base- 
called with the SUP model (R9 + WTA sequencing + SUP); G2: syn- 
thetic DNA plasmids sequenced with R9 flow cell, direct sequenc- 
ing protocol, and basecalled with the SUP model (R9 + Direct se- 
quencing + SUP); G3: synthetic DNA plasmids sequenced with 

R10 flow cell, direct sequencing protocol, and basecalled with the 
HAC model (R10 + Direct sequencing + HAC); G4: synthetic DNA 

plasmids sequenced with R10 flow cell, direct sequencing proto- 
col, and basecalled with the SUP model (R10 + Direct sequencing 
+ SUP). 
Supplementary Fig. S15. Comparison of 4 variant callers in 

nanopore sequencing data across different mutated allele fre- 
quencies. ns: P > 0.05, ∗∗P ≤ 0.01, ∗∗∗P ≤ 0.001, ∗∗∗∗P ≤ 0.0001. 
bbreviations 
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