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Abstract

Background: Nanopore sequencing is characterized by high portability and long reads, albeit accompanied by systematic errors caus-
ing short deletions. Few tools can filter low-frequency 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-positive (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 homopolymeric regions 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
low-frequency FP deletions of nanopore sequencing in single samples, which removed 60.98% to 100% of artificial homopolymeric
deletions in real samples.

Conclusions: Low-frequency artificial short deletion variations, especially the most challenging homopolymeric deletions, could be
effectively filtered by Delter using normalized current signals or Q scores according to the employed sequencing strategies.
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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
PacBio and massive parallel 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-level sequencing data in a single run and has low require-
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 reads are primarily determined by the DNA or RNA
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

MPS and SMRT sequencing [14, 15]. Compared to the initial ver-
sion of nanopore sequencing devices, the accuracy of current se-
quencers has been notably improved by engineered pore proteins
[14, 16] and deep learning-based basecalling tools [14, 17]. Multi-
ple studies have demonstrated that using nanopore sequencing
enables the acquisition of reliable consensus genomes and vari-
ations for viruses, bacteria, and human [8, 15, 18-21]. However,
when heterogeneity of genetic materials exists, such as in viral
quasi-species, heterogeneous bacterial colonies, and tumors with
heterogeneity, nanopore sequencing still needs improvement in
identifying the low-frequency variations [14, 19, 22].

Moreover, nanopore sequencing is more prone to errors in short
insertions and deletions (indels), especially in low-complexity re-
gions like homopolymers, compared to single nucleotide vari-
ations (SNVs) [23-28]. Cretu Stancu et al. [25] reported a 2.6-
fold increase in deletion errors for sequences overlapping with
homopolymers. Delahaye et al. [27] found that nearly 50% of
nanopore sequencing errors were attributed to homopolymers.
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A recent study benchmarked 7 nanopore sequencing basecaller
models and observed median homopolymer error rates of 14.9%
to 44.5% [28]. The high error rates in homopolymeric regions can
impose limitations on the application of nanopore sequencing.
For instance, artificial deletion variations with low frequencies
(<0.5) in cancer-related genomic tests are more prone to be mis-
classified as pathogenic or likely pathogenic than artificial SNVs.
Accurately detecting low-frequency variations is also pivotal in
identifying intrahost heterogeneity of pathogens, which is crucial
for studying the microevolution, adaption, and recombination of
viruses or bacteria [29-31]. Nonetheless, several studies have sug-
gested that nanopore sequencing is unsuitable for detecting in-
trahost indels and SNVs due to the high levels of low-frequency
errors [18, 19].

To date, there is a lack of methods to filter artificial low-
frequency variations for nanopore sequencing. Recently, Liu et al.
[26] reported a tool named Variabel that employs longitudinal
or cross-sectional samples to recover low-frequency intrahost
variations. Variabel can identify low-frequency variations with a
<0.5 allele frequency, but its performance in differentiating gen-
uine and artificial indels in homopolymeric regions was not as-
sessed. To our knowledge, no method or tool has been proposed
for filtering artificial low-frequency indels applicable to single-
sample nanopore sequencing. The errors in nanopore sequenc-
ing, particularly those in homopolymeric regions, are primarily
ascribed to the basecalling process, in which raw electric current
singles are converted into nucleotide sequences [28]. It has been
reported that a fine-tuned or specially trained model for a se-
lected set of nucleotide sequences could potentially reduce the
false-positive rates of basecaller [32]. However, there has been no
comprehensive investigation of low-frequency errors in nanopore
sequencing.

In this study, we employed the R9 and R10 flow cells and
chemistries of nanopore sequencing to sequence synthetic nu-
cleotides. Our results show that >96.00% of the artificial varia-
tions had a frequency <0.3, and most (73.00%) were short dele-
tions in homopolymeric regions. We compared the raw current
signals, base-quality scores (Q scores), and passing-pore sequenc-
ing speeds of the reads with and without deletions and character-
ized their differences. We developed a tool named Delter (Deletion
filter) to distinguish between false and true low-frequency short
deletions identified using nanopore sequencing (Fig. 1).

Materials and Methods

Synthetic DNA and RNA sequences

Nine SARS-CoV-2 synthetic RNA genome controls (Twist Bio-
science), including the wild-type Wuhan-Hu-1 strain (GenBank
accession MN908947.3) and variants from Alpha, Beta, Delta, Ep-
silon, Iota, Kappa, Omicron BA.1, and Omicron BA.2 lineages were
purchased (Supplementary Table S1). With the genome of the
Wuhan-Hu-1 strain as a reference, other SARS-CoV-2 variants
contain 306 deletion variations with lengths ranging from 3 to 9
nucleotides (nts, Supplementary Table S2).

In addition, wild-type and mutated nucleotide sequences of
the S gene of SARS-CoV-2 (GenBank accession MN908947.3),
Penton gene of human adenovirus subtype 55 (HAdV55, Gen-
Bank accession MK886831.1), 16S ribosomal DNA gene of Es-
cherichia coli (strain: Castellani and Chalmers 1919,01485 cm,
NRRL accession B-1109), and an assembly contig of Saccha-
romyces cerevisiae (strain: Saccharomyces cerevisiaze Meyen ex E. C.
Hansen (1883) ATCC 9763, NRRL accession Y-567) were synthe-

sized in plasmids by Sangon Biotech Co., Ltd. (Supplementary
Table S3). The mutated sequences were designed to con-
tain 242 deletions of 1 to 3 nts, which were evenly dis-
tributed in homopolymeric and non-homopolymeric regions
(Supplementary Table S4).

Nanopore sequencing and basecalling

SARS-CoV-2 synthetic RNA controls were reversely transcribed
with the Whole Transcriptome Amplification Kit (cat. 207043; Qi-
agen) following the manufacturer’s instruction. The cDNA prod-
ucts and synthetic DNA plasmids were employed as inputs to pre-
pare libraries with the Rapid Barcoding Kit (SQK-RBK004; Oxford
Nanopore Technologies) and sequenced by using a MinION Mk1B
sequencer with the R9.4.1 (FLO-MIN106; Oxford Nanopore Tech-
nologies) and R10.4.1 flow cells (FLO-MIN114; Oxford Nanopore
Technologies) according to the manufacturer’s protocols.

The MinKNOW software (v22.03.5, v22.08.9, or v22.10.10; Ox-
ford Nanopore Technologies) was employed to the sequencing
run, and Guppy (v6.0.6, v6.2.11, or v6.3.9; Oxford Nanopore Tech-
nologies), an integrated component of MinKNOW, was used for
basecalling throughout sequencing runs. For sequencing with
R9.4.1 flow cells, re-basecalling was conducted using Guppy
(v6.2.1; RRID:SCR_023196) with the super accuracy (SUP) model.
For the R10 sequencing run, the fast, high-accuracy (HAC), and
SUP basecalling models were utilized.

Quality control and alignment of basecalled
reads

The sequencing adapters were trimmed by using Porechop (v0.2.4;
RRID:SCR_016967). NanoFilt (v2.8.0; RRID:SCR_016966) [33] was
then used to filter reads with undesirable lengths and low-quality
scores (-q 8 --length 100) and to trim 10 bases from 5/3’ ends of
the reads. Minimap?2 (v2.24, RRID:SCR_018550) [34] was used for
alignment of clean reads to reference sequences, with the pre-
set parameters for nanopore sequencing data (-ax map-ont). Sam-
tools (v1.13; RRID:SCR_005227) [35] was employed for downstream
analyses of the alignments. The unmatched fragments marked as
soft-clipped in the BAM file of aligned reads were trimmed using
in-house scripts.

Variation calling and filtering

Nanopore sequencing variations were identified using LoFreq2
(v2.1.5, RRID:SCR_013054), which is applicable for analyzing
nanopore sequencing data to detect low-frequency variations [36].
First, with the “lofreq indelqual” parameter, indel quality scores
were added to the BAM files. Then, the “lofreq call-parallel” com-
mand was used to call variations with the following parame-
ters: “--no-default-filter --call-indels.” The candidate variations
were filtered using the “lofreq filter” command with parameters
of “lofreq filter --cov-min 100 --af-min 0.05 --sb-alpha 0.01 --sb-
incl-indels.” For sequencing data of synthetic SARS-CoV-2 controls
that underwent whole transcriptome amplification, variations
were also identified using VarScan? (v2.4.4; RRID:SCR_006849) [37]
and Medaka (v1.7.3) [38] with default parameters. Clair3 (v1.0.10;
RRID:SCR_026063) [39] and NanoCaller (v3.6.0) [40] were employed
for comparison of different variant callers.

Aligning electric current signals to ground-truth
nucleotide sequences

The raw R9 sequencing data containing the electric current
signal-level data (current signals or squiggles) and the asso-
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Figure 1: Workflow of Delter for filtering FP deletions in R9 and R10 nanopore sequencing. Delter is organized as a Snakemake workflow. 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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ciated basecalls were stored in “fast5” formatted files. The
“multi_to_single fast5” command from the ont-fast5-api Python
package (v4.1.1) [41] was performed to split multiple-read fast5
files into single-read fast5S files. Then, Tombo (v1.5.1; RRID:SCR_
024388) was utilized to load the single-read fast5 file and assign
current measurements in the squiggle to each base of the read via
alignment to the reference sequence with the “resquiggle” com-
mand.

The squiggles of 10 bases or 20 bases flanking each variation
were extracted using in-house scripts to compare between reads
with and without artificial deletions. As the sampling rate of the
MinION sequencer is 4,000 times per second, the time interval
between 2 consecutive current measurements in the squiggle is
fixed. The real-time sequencing or translocation speed of the DNA
molecules passing through the nanopores (number of current
measurements per base) was determined by dividing the num-
ber of current measurements (signal lengths) of the relevant read
fragments by the number of bases.

The passing-pore sequencing speeds of DNA molecules are
highly diverse. Namely, the same number of nucleotides can pro-
duce different lengths of current signals. Therefore, before further
analysis, these current signals were normalized by length using a
binning approach. The mean values of the current measurements
assigned to the same bin were utilized. The sums of difference val-
ues (accumulative differences) between the normalized signals of
reads with and without deletions were also calculated.

Subsampling approach to determine thresholds

Our method was evaluated under different sequencing depths
using a subsampling approach. For each variation, we randomly
chose N (range: 20 to 2,000) forward- and reverse-aligned reads
supporting the reference and nonreference alleles, respectively—
namely, N forward-aligned reads supporting the reference al-
lele, N reverse-aligned reads supporting the reference allele, N
forward-aligned reads supporting the nonreference allele, and N
reverse-aligned reads supporting the nonreference allele (strand-
specific sequencing depth). Thus, 80 to 8,000 aligned reads per
variation were subsampled when available. The areas under the
curve (AUCs), sensitivities, and specificities corresponding to each
sequencing depth were calculated. The threshold with the highest
sum of sensitivity and specificity was used as the default thresh-
old for filtering.

Statistical analyses and visualization

The R project (v4.2.2) [42] was employed for the statistical anal-
yses and visualization. To compare the normalized signals with
equal lengths from reads with and without variations, we used 3
intergroup difference analysis methods, including analysis of sim-
ilarities (ANOSIM), multiresponse permutation procedure (MRPP),
and permutational multivariate analysis of variance (ADONIS2).
The R package Vegan (v2.6-4; RRID:SCR_011950) was utilized for
the ANOSIM, MRPP, and ADONIS?2 calculation. The Kruskal-Wallis
rank-sum test was used for intergroup comparison. P values were
adjusted with the Benjamini and Hochberg method when nec-
essary. The receiver operating characteristic (ROC) curve anal-
ysis was conducted to assess the performance of filtering arti-
ficial variations using the R package pROC (v1.18.2; RRID:SCR_
024286). The R packages ggplot? (v3.4.1; RRID:SCR_014601), gg-
pubr (v0.6.0; RRID:SCR_021139), ggsci (v2.9) [43], and Complex-
Heatmap (v2.14.0; RRID:SCR_017270) were implemented for visu-
alization.

Implementation of the filter for removing
artificial deletions

Delter is organized as a Snakemake workflow. It is composed of 6
functional modules: (i) metadata extraction module. This module
uses a variant call format (VCF) file output by LoFreq and refer-
ence sequence as inputs to generate the variation metadata, in-
cluding deletion type (homo-dels or other-dels), deletion length,
and the starting and ending positions. (i) ReadID extraction mod-
ule. Its main function is to get read lists containing deletions and
no deletions. (iii) Index selector. This core module automatically
selects appropriate index(es) depending on the sequencing proto-
col, flowcell/chemistry, and sequencing depth. (iv) Signal extrac-
tion module. If MRPP A is chosen for downstream analyses, this
module will extract the raw current signals of N bases flanking
each deletion variation, which are preprocessed to normalized
current signals using a binning approach. (v) Q score extraction
module. If Q score is selected, it will output base qualities of the
10-mer read region of deletion variations. (vi) Deletion filtering
module. This module bundles several functions to calculate MRPP
A and average 10-mer Q scores. It also filters and marks artificial
deletions in the final output.

The filter takes several files as inputs: (i) the VCF file output
by LoFreq, (ii) the sorted BAM files storing alignment of nanopore
reads to the reference sequence, (iii) the reference sequence, and
(iv) the directory storing Tombo-resquiggled single-read fast5 files
when R9 flow cell and chemistry are employed. Users should
also provide the sequencing protocol (amplicon or direct), flow-
cell/chemistry (R9 or R10), strand-specific sequencing depth for
subsampling, the directory storing the final results, and the base
number flanking each variation to extract Q scores and current
signals.

External validation using real samples

Our method was validated in sequencing data of human aden-
ovirus (HAdV) and microbial standard samples. We first synthe-
sized plasmids containing full-length Fiber, Penton, and Hexon
genes from different HAdV subtypes, including HAdV11, 14, and
55 (n = 7; Supplementary Table S5). These genes natively con-
tain 5 real deletions when compared to references. Partial gene
fragments (amplicons) covering true deletions were also ampli-
fied using PCR primers (n = 9). The samples were mixed and se-
quenced using R9.4.1 flow cell (n = 9). ZymoBIOMICS Gut Micro-
biome Standard (cat. D6331; Zymo Research) containing varying
bacterial cell contents was further sequenced with R9.4.1 flow cell
and processed. As these bacteria should not have any true varia-
tions, all of the variations output by LoFreq are identified as neg-
ative. In order to assess the applicability of the tool for metage-
nomic scenarios, we also evaluated the pipeline in case of the co-
existence of closely related bacterial strains. The microbial stan-
dard D6331 contains 5 strains of Escherichia coli: namely, B-1109, B-
766, B-2207, B-3008, and JM109. We randomly selected the strain
B-1109 as the reference genome and then evaluated the similari-
ties between the other 4 strains and the reference using fastANI
(v1.33; RRID:SCR_021091). The average nucleotide identities range
from 98.46% to 99.52%. DNAdIff (v1.3) and GSAlign (v1.0.22) [44]
were employed to call variations of each strain relative to the ref-
erence B-1109 separately. The shared deletion variations reported
by both tools were merged to constitute a list of true deletions (n
= 236). The D6331 nanopore sequencing data were then aligned
to the B-1109 reference genome. The VCF was called with LoFreq
and used as input for the Delter workflow.
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Moreover, 3 public datasets available on the NCBI SRA database
were included for further assessment. The African swine fever
virus (ASFV) dataset has 1 Nanopore R10 run and 4 paired Illu-
mina MiSeq runs (NCBI accession number: PRINA1096272). 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
reads were selected for downstream analyses. The Brucella suis
dataset has paired Nanopore R9 (ERR10828735) and Illumina
MiSeq (ERR10820713) sequencing data. After quality control with
NanofFilt (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 above.

Results

Nanopore sequencing of synthetic samples

We obtained a total of 17 chemically 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
(referred to as WTA sequencing). Eight synthetic DNA samples
contained the sequences from SARS-CoV-2, human adenovirus
subtype 55 (HAdVS55), E. coli, and S. cerevisiae (length ranged from
1,468 to 1,674), and the mutants carried designed deletion varia-
tions. The mutants and their corresponding wild types were re-
spectively mixed with ratios of 1:9, 1:4, and 1:1 to mimic low-
frequency variations (Supplementary Fig. S1). The synthetic DNA
samples from plasmids were directly sequenced without ampli-
fication (referred to as direct sequencing). Three 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-
erated shorter reads (N50: 1,137-1,656 bases) than direct 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. The recall rates of true-
positive (TP) variations were high, which were 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 negatives were
attributed to low sequencing depth or marginal MuAFs near the
0.05 threshold.

Abundant artificial (false positive, FP) low-frequency variations
were identified (Fig. 2A-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-
lowed by the deletions in the non-homopolymeric regions (other-

dels, 10.40%-16.58%). FP insertions and SNVs took a relatively
small proportion of all the FPs. Most FP SNVs of WTA sequencing
could be filtered by trimming of read ends [18, 19]. We trimmed
10 bases from both ends of the aligned fragment of reads and re-
duced 77.11% FP SNVs of WTA sequencing (Fig. 2A). Other-dels and
insertions were also reduced (22.93% and 14.89%, respectively),
whereas only 0.59% FP homo-dels were excluded by the trimming
(Fig. 2A). In contrast, the trimming led to higher FP ratios in di-
rect sequencing samples (Fig. 2B, C), which might be due to the
increase of marginal MuAFs to >0.05. This result was consistent
using different variant callers (Supplementary Fig. 52). Different
basecalling models (fast, HAC and SUP) led to diverse FP ratios in
R10 direct sequencing samples (Fig. 2C; Supplementary Fig. S3).
The samples sequenced with R10 flow cell generated fewer FP
variations than those with R9 flow cell (SUP: 24/172 = 13.95%;
HAC: 85/172 = 49.42%).

We also investigated how the FP ratios varied as the MuAF
thresholds grew. As shown in Fig. 2D, different sequencing strate-
gles had similar trends. The majority (>96.00%) of FP variations
had a low MUuAF <0.3. FP variations were usually shared in the
datasets of highly homologous samples with identical sequenc-
ing strategies. In the WTA sequencing dataset of the SARS-CoV-2
standards, a total of 233 genomic loci were found to have FP varia-
tions, of which 25.32% and 47.21% were identified in all or at least
50% of samples (Fig. 2E). For the direct sequencing samples, the
same FP variations were also identified in mixtures derived from
different mutant/wild-type ratios (Fig. 2F, G). There were 14 homo-
dels shared by both R9 and R10 direct sequencing samples, while
none of other-dels or insertions were shared, indicating the inher-
ent systematic errors in nanopore sequencing despite the flow cell
and chemistry.

A biased Q score and sequencing speed
distribution of FP deletions compared to TP
deletions

Deletion variations comprised the highest proportion, while SNVs
and insertions were relatively low, so we focused mainly on homo-
dels and other-dels. The 10-mer average Q scores (upstream and
downstream of 5 bases) flanking each variation were calculated to
compare between reads with and without deletions. Reads con-
taining FP homo-dels and other-dels had lower Q scores than
reads with no deletions (Fig. 3A-C, Supplementary Fig. S4A). In
contrast, reads containing TP deletion variations had a nearly
identical distribution of Q scores relative to reads without dele-
tions. FP homo-dels from different sequencing strategies had di-
verse Q score distribution compared to other-dels. Moreover, the
differences between reads with and without deletions were negli-
gible in the FP homo-dels derived from R10 direct sequencing sam-
ples basecalled with the fast basecalling model (Supplementary
Fig. S4B). Notably, the differences between reads with and with-
out homo-dels were minor relative to those in other-dels, which
indicated the difficulty in distinguishing between FP homo-dels
and TP deletions.

High room temperature could lead to abnormal translocation
speeds of templates going through nanopore proteins and further
generate poorer base qualities. We thus analyzed the sequencing
speeds of FP and TP deletions. The electric current signal-level
data (current signals or squiggles) of 10 or 20 bases (10-mer or
20-mer current signals) flanking each deletion variation were ex-
tracted. FP deletion variations were observed to have fewer num-
bers of current measurements (sampling points) per base, namely,
higher sequencing speeds, than reads without deletions (Fig. 3D,
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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 logy, 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:

Saccharomyces cerevisiae.

E). In contrast, TP deletion variations differed slightly from reads
without deletions. At the scale of whole read, FP and TP deletion
variations had no significant differences in sequencing speeds
(Supplementary Fig. S5).

Remarkable differences between current signals
of R9 FP and TP deletions

Although FP deletions had more significant differences in Q score
than sequencing speed, the Q score alone might be insufficient
to separate FP homo-dels from true deletions in R9 sequencing

data. As Q scores were directly correlated with the basecalling of
current signals, we further characterized the raw signals of FP and
TP deletions.

The 10-mer current signals flanking FP deletion variations were
further processed to inspect whether remarkable differences ex-
ist when compared to reads without deletions. As the counts of
current measurements (signal lengths) of each variation were not
equal and sequencing speeds had no close relationship with FP or
TP deletions, the current signals first underwent binning-based
normalization preprocesses to even lengths. The current mea-
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Figure 3: The characteristics of Q score and sequencing speed of FP variations. (A-C) The comparisons of Q scores between reads containing deletion
variations and reads with no deletions in R9 WTA sequencing data (A), R9 direct sequencing data (B), and R10 direct sequencing data basecalled with
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surements in each bin were then averaged. The 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. 4A and Supplementary Fig. S6A). However, TP deletions
had remarkable discrepancies between reads with and without
deletions (Fig. 4B and Supplementary Fig. S6B). Notably, the dif-
ferences enlarged as the deletion types varied from homo-dels to
other-dels. Moreover, 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 were observed to
have lower sums than TP deletions (Fig. 4C-F), and homo-dels had
lower 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
downstream intergroup difference detection methods. ANOSIM,
MRPP, and ADONIS2, which are widely used in ecological and
metagenomic analyses, were employed to compare the signal dis-
tribution pattern. The ANOSIM statistic R, MRPP statistic A, and
ADONIS? statistic F were also calculated. Compared with ANOSIM
R, ADONIS2 F, and accumulative signal difference, MRPP A had
the largest fold changes between TP and FP deletion variations
(Fig. 4G, H). It is also observed that FP deletion variations had lower
MRPP A values than TP deletions (Fig. 41-L). Thus, MRPP could be
used in downstream analysis to filter artificial deletion variations.

The ROC curves were employed to assess the effects of 3 indexes,
MRPP A, Q score, and accumulative difference, on distinguishing
between FP and TP deletions. In WTA sequencing data, the MRPP

A obtained the highest AUC of 0.98 (accuracy: 91.60%) in distin-
guishing between artificial and true variations (Supplementary
Fig. S8A). In R9 direct sequencing samples, the MRPP A outper-
formed the Q score and the accumulative difference in homopoly-
meric regions, whose AUCs were 0.85, 0.76, and 0.80, respectively
(Fig. 5A and Supplementary Fig. S8B). For the most challeng-
ing artificial 1-base homopolymeric deletions (Fig. 5B), MRPP A
achieved the highest accuracy of 76.73% compared with the Q
score (69.90%) and the sum of difference (71.39%). For other arti-
ficial deletions, MRPP A achieved an AUC of 0.92 and an accuracy
of 83.41% (Fig. 5C). Moreover, MRPP A also had higher AUCs than
ANOSIM R and ADONIS? F (Supplementary Fig. S9).

For R10 direct sequencing samples, the Q score was utilized to
separate FP from TP deletions under different basecalling models.
In the fast basecalling model, Q scores had the weakest perfor-
mance in distinguishing between FP and TP deletion variations
(Supplementary Fig. S10), indicating its inapplicability in filtering
FP deletion variations. The SUP and HAC models generated fewer
FP deletions with higher AUCs (SUP: 0.99-1; HAC: 0.89-0.98) (Fig. 6,
Supplementary Fig. S11). For other-dels, the Q score had a higher
AUC than homo-dels. Using the Q score alone has achieved a bet-
ter performance than MRPP A, which is used in R9 data (AUC:
0.81-0.92), as revealed by the ROC analyses. Thus, it is sufficient
to employ the Q score to filter FP deletion variations for R10. We
found average Q scores below 22 could discriminate between FP
and TP deletions, which enabled the identification of 90.63% artifi-
cial homo-dels (accuracy: 96.88%) and 100% other-dels (accuracy:
100.00%).

The performance of our method was checked under different
sequencing depths. MRPP A achieved stable AUCs with strand-
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Figure 4: The features of normalized current signals in R9 sequencing data. (A) Heatmaps of normalized current signals from reads with and without
1-base FP and TP homo-del variations. The 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 accumulative difference of average normalized current measurements from FP and TP deletions in R9 WTA sequencing
data. For each deletion variation, the accumulative difference equals the sum of the difference values of normalized current measurements between
reads with and without deletions. (D-F) The accumulative difference of average normalized current signals corresponding to all deletions (D), 1-base
homo-dels (E), and 1-base other-dels (F) in R9 direct sequencing data. The dashed lines represent the mean values. (G, H) The boxplots of MRPP A,
ANOSIM R, ADONIS? F, and accumulative signal difference in FP and TP deletions in R9 WTA sequencing data (G) and R9 direct sequencing data (H).
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points. ***P < 0.0001. (I) The density plot of MRPP A corresponding to FP and TP deletions in R9 WTA sequencing data. (J-L) The density plot of MRPP A
corresponding to all deletions (J), 1-base homo-dels (K), and 1-base other-dels (L) in R9 direct sequencing data. The dashed lines represent the mean

values.

specific sequencing depths >100x in WTA sequencing data
(Supplementary Fig. S12A). For R9 direct sequencing samples,
MRPP A began to outperform the Q score at 400x except in other-
del variations (Fig. 7A, B, Supplementary Fig. S12B, C). Thus, MRPP
A or Q score would be utilized to filter FP deletions with varied
sequencing depths. The Q score could distinguish between FP and
TP variations with strand-specific sequencing depths >20x in R10

sequencing samples (Supplementary Fig. S12D). The correspond-
ing thresholds of MRPP A or Q score were further determined
(Table 1). We then developed a tool named Delter to filter artificial
deletion variations from R9 or R10 sequencing data, which could
choose an appropriate index depending on sequencing protocol,
flow cell, and depth. Variations with indexes lower than the rec-
ommended thresholds would be predicted as artificial deletions.


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

Synthetic DNA (R9) B

FP homo-del vs TP homo-del

Sensitivity
Sensitivity

AUC
— MRPP A, 0.85
— Q score, 0.76
— SumDiff, 0.80

10 08 06 04 02 00
Specificity

Synthetic DNA (R9)

FP homo-del (1b) vs TP homo-del (1b)

1.0 H
0.8
0.6
0.4 4 AUC
— MRPP A, 0.81
0.2 4 — Q score, 0.73
— SumbDiff, 0.77
0.0 1
10 08 06 04 02 0.0

Specificity

Synthetic DNA (R9)
FP other-del vs TP other-del

1.0
0.8
2>
s 0.6
2
& %49 AUC
— MRPP A, 0.92
0.2 — Q score, 0.96
— SumbDiff, 0.78
0.0

10 08 06 04 02 00
Specificity

Figure 5: Performance assessment of different indexes in distinguishing between FP and TP deletions in R9 direct sequencing samples. (A-C) The ROCs
of MRPP A, Q score, and accumulative difference in distinguishing between FP and TP homo-dels (A), between FP and TP 1-base homo-dels (B), and

between FP and TP other-dels (C). 1b: 1 base; SumDiff: sum of difference.

A FP homo-del vs TP homo-del (R10)
1.07 J'Q-score, 21.8(0.91, 1.00)
0.8
>
2 0.6
(2]
g AUC, 0.99
# 044
0.2
04
10 08 06 04 02 0
Specificity

B FP other—del vs TP other-del (R10)
1.0 TQscore, 20.1 (1.00, 1.00)
0.8
2
= 0.6
2 AUC, 1.00
& 0.4
0.2
04
10 08 06 04 02 0
Specificity

Figure 6: Performance assessment of Q score in distinguishing between FP and TP deletions in R10 direct sequencing samples. (A) The ROC of Q score
in distinguishing between FP and TP homo-dels. (B) The ROC of Q score in distinguishing between FP and TP other-dels. The best threshold, specificity,

sensitivity, and AUC of the SUP model were plotted.

A Synthetic DNA (R9) B Synthetic DNA (R9)
FP homo-del vs TP homo-del FP homo-del (1b) vs TP homo-del (1b)
0.9 0.9
0.8 0.8
3) %)
=) =)
< <
0.7 0.7
Type Type
— Qscore — Qscore
— SumDiff — SumDiff
200 400 600 800 1000 1200 1400 1600 1800 2000

200 400 600 800

20
Sequencing Depth

1000 1200 1400 1600 1800 2000

20

Sequencing Depth

Figure 7: The AUCs distinguishing between TP and FP variations across different sequencing depths. (A, B) The MRPP A- and Q score-derived AUCs
corresponding to homo-dels (A) and 1-base homo-dels (B) in R9 direct sequencing data. 1b: 1 base; SumDiff: sum of difference.



10 | GigaScience, 2025, Vol. 14

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 >20x MRPP A 0.01

Direct sequencing >400x MRPP A 0.001

Direct sequencing [20%,400x) Q score 23 (homo-del) 20.6 (other-del)
R10 Direct sequencing >20x 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

Deletions/homo-deletions Deletions/homo-deletions
Sample before filtering after filtering Sensitivity Specificity Accuracy

TP FP TP FP

HAAV full-length gene 5/0 79/69 5/0 10/6 100.00%/— 87.34%/91.30% 88.10%/91.30%
mixtures (n = 4)
HAdAV amplicon 5/0 27/23 4/0 0/0 80.00%/— 100.00%/100.00% 96.88%/100.00%
mixtures (n = 5)
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 0/0 431/429 0/0 46/46 —/— 89.33%/89.28% 89.33%/89.28%
prausnitzii
Prevotella corporis 0/0 684/660 0/0 131/127 —/— 80.85%/80.76% 80.85%/80.76%
genome 1
Brucella suis 1/0 52/44 1/0 13/6 100.00%/— 75.00%/86.37% 75.47%/86.37%
African swine fever 6/1 70/41 6/1 27/16 100.00%/100.00% 61.43%/60.98% 64.47%/61.90%
virus
Pseudomonas aeruginosa 2/1 1/1 2/1 0/0 100.00%/100.00% 100.00%/100.00% 100.00%/100.00%
PAO1

We recorded the computational resources for variation call-
ing with LoFreq and deletion filtering with Delter. The runtime
and RAM usage required by LoFreq scales with the total bases
(Supplementary Fig. S13 and Table S7). The computational costs
of Delter depend on the flow cell, sequencing protocol, and se-
quencing depth. Delter needs much less runtime and RAM usage
in R10 data than R9 data. We found the runtime (0.06-3.93 s/read)
and RAM usage (0.07-3.46 MB/read) of Delter scales with the
mean number of reads aligned to each variation site in each sam-
ple (referred as mean read number; Supplementary Fig. S14 and
Table S8). Moreover, the computational resources of basecalling
the current signals were also listed (Supplementary Table S9).

Effective removal of artificial deletions in real
samples

Our approach was first validated in 9 samples containing HAdV
amplicons (amplicon sequencing) and full-length genes (direct se-
quencing). In HAdV direct sequencing data, 100% of the true vari-
ations (MuAF <0.15) were correctly identified, and 63 of 69 arti-
ficial homo-dels (MUAF <0.32) were successfully filtered, achiev-
ing an overall accuracy of 91.30% (Table 2). In HAAV amplicon se-
quencing data, 4 of 5 true deletions (MUuAF <0.12) were detected,
and 100% of the artificial homo-dels (n = 23, MuAF <0.18) were
removed. We further tested our method in a microbial standard
sample containing Veillonella rogosae, Bacteroides fragilis, Faecalibac-
terium prausnitzii, Prevotella corporis, and 5 strains of E. coli (B-1109,
B-766, B-2207, B-3008, and JM109). After filtering the results us-

ing the minimum sequencing depth, the removed FP homo-dels
in single bacterial strains (V. rogosae, B. fragilis, F. prausnitzii, and P.
corporis) ranged from 80.76% to 93.17% (MuAF: 0.06-0.70). In addi-
tion, the performance of the Delter workflow in the case of coex-
isting closely related bacterial strains was evaluated in the Zy-
moBIOMICS Gut Microbiome Standard. When the E. coli B-1109
strain was selected as the reference, the shared deletion varia-
tions of the other 4 strains (B-766, B-2207, B-3008, and JM109) were
merged to constitute a list of true deletions (n = 236). A total
of 130 true deletion variations were recalled (MuAF: 0.10-0.85),
with 35 (26.92%) misidentified as FP deletions. For the FP dele-
tions (n = 14,275), 12,675 (88.79%, MUAF: 0.08-0.52) were filtered by
Delter.

Moreover, 3 public datasets available on the NCBI SRA database
were included for further evaluation. In the ASFV dataset (paired
Nanopore R10 and Illumina runs), a total of 76 deletions were
retained, 6 of which were true deletions (MuAF: 0.69-0.93, accu-
racy = 100.00%), with 43 FP deletion variations (43/70 = 61.43%,
MuAF: 0.05-0.28) being filtered, including 25 FP homo-dels. For
the P aeruginosa PAO1 dataset (paired Nanopore R10 and Illu-
mina runs), the genome sequence P. aeruginosa PAO1 was selected
as the reference. Three deletions were identified, including 2 TP
ones (MUuAF: 0.21-0.27). The other FP homo-del was successfully
filtered by Delter (MuAF = 0.33, accuracy = 100.00%). In the B.
suis dataset (paired Nanopore R9 and Illumina runs), 53 deletions
were retained. Among these deletions, 1 true deletion (MuAF =
0.61, accuracy = 100.00%) was detected. A total of 39 FP deletion
variations (39/52 = 75.00%, MuAF: 0.29-0.54) were filtered, among
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which 86.37% homo-dels were removed. In summary, these sam-
ples proved the efficiency of our filtering method.

Discussion

Although simplex nanopore sequencing accuracy has increased
to Q20+, low-frequency artificial deletion variations still exist in
data generated by R9 and R10 flow cells and chemistries, espe-
cially in homopolymeric regions. The false- positive variations
mainly resulted from systematic sequencing errors and are chal-
lenging to eliminate. We aim to remove such 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 approach 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
investigations to unlock its capacity 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. These 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 significantly reduce counts of FP SNVs rather
than homo-dels and other-dels, which is consistent with previous
studies. The biased distributions of current signals, Q scores, and
sequencing speeds between artificial homo-dels and true varia-
tions were observed in R9 sequencing data. The high AUC of MRPP
A in distinguishing artificial and true variations paved the way for
a comprehensive investigation of the characteristics of variations
located in homopolymeric regions.

We then synthesized mutant plasmids containing deletion
variations in homopolymeric and non-homopolymeric regions
relative to wild-type plasmids. We found remarkable differences
between reads with and without artificial deletions, with specific
preprocessing of raw current signals. As a surrogate of uneven se-
quencing signals, MRPP A obtained higher AUCs when compared
to the Q score and the accumulative sum of normalized signal
differences in homopolymeric regions. Notably, the difference is
even discernible for the most challenging 1-base homopolymeric
deletions, obtaining an AUC >0.8.

Moreover, we investigated the effects of various sequencing
depths on distinguishing between FP and TP variations and found
that in some cases (strand-specific sequencing depth <400x), 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 difference values outperformed the Q score in
homopolymeric regions (Fig. 5). However, when the sequencing
depth decreased, the Q score was more superior. Therefore, 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
separate FP from TP deletions, filtering >90.00% artificial homo-
dels and other-dels. The Delter workflow was validated in 2 exter-
nal datasets composed of paired Illumina and Nanopore R10 se-
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quencing runs of the same sample (Table 2). It achieved a 100% ac-
curacy for real deletion variations and filtered 61.43% to 100.00%
of FP deletions. Moreover, Delter filters R10 FP deletions using
Q-scores, without the need to parse the raw sequencing signals.
Thus, Delter needs much less runtime and RAM usage in R10 data
than R9 data.

Dorado has now been the default basecaller for ONT data. We
re-basecalled the R10 data with the Dorado SUP model (v4.1.0) and
analyzed the VCF files output by LoFreq with Delter. It was ob-
served that LoFreq called fewer FP deletion variations in Dorado-
basecalled data than in Guppy-basecalled data. Notably, the Del-
ter workflow could filter all the FP deletions in Dorado-basecalled
data, which means Dorado can benefit from the filtering proce-
dure employed in Delter (Supplementary Table S10).

Available variant callers like Clair3, Medaka, and NanoCaller,
as indicated by Hall et al. [15], were also evaluated using the
sequencing data of the synthesized RNA and DNA samples
(Supplementary Fig. S15). Clair3 is a state-of-the-art ONT variant
caller. However, it calls germline variations, but it is not explic-
itly designed for intrahost SNV and indel calling. In the context
of low-frequency intrahost variation detection (expected MUuAF =
0.1,0.2,and 0.5), LoFreq outperforms the other 3 variant callers. It
has the highest recalls and F-scores. Moreover, LoFreq has pre-
cision comparable to Clair3. It has been observed that Clair3
calls much fewer true variations than LoFreq. Therefore, LoFreq
is more suitable for intrahost variation calling. In the context of
high-frequency or consensus-level intrahost variation detection
(mutated allele frequency >0.8), LoFreq has recall comparable to
Clair3 and Medaka but calls more false variations than Clair3
and Medaka. Moreover, Clair3 required less runtime and RAM us-
age than LoFreq (Supplementary Table S11). In summary, we se-
lected LoFreq to call variations as it balanced recall and preci-
sion in the context of low-frequency intrahost variation detec-
tion. Notably, Delter could filter FP homo-dels called by Clair3,
which indicates Clair3 can benefit from our filtering procedure
(Supplementary Table S12).

Until now, few tools could identify artificial indels in nanopore
sequencing. One feasible strategy is integrating the datasets from
multiple samples collected across different time points or from
different patients, as recently reported by Variabel [26]. How-
ever, this tool is not suitable for single samples. We believe that
our method can break the limit of sample size and facilitate
the filtering of false deletion variations in single samples. This
study demonstrated that our method can accurately filter low-
frequency artificial variations in microbial nanopore sequencing
data. It has potential applicability in studies of tumor heterogene-
ity. One limitation is the lack of ground-truth references for bench-
marking such studies. Numerous intrahost variations could al-
ways be identified in tumor samples, which need both in silico
bioinformatic tools and experimental approaches to confirm ar-
tificial and true variations.

Conclusions

By nanopore sequencing of synthetic samples with R9 and R10
flow cells and chemistries, we found that artificial short deletion
variations were characterized by differences in current signals
and Q scores relative to true variations. The MRPP A or Q score
could be employed to filter FP deletions in single samples. The fil-
tering method removed a large proportion of artificial homopoly-
meric deletions in real samples. We hope the method can facili-
tate the removal of false variations due to nanopore sequencing
errors.
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Supplementary Table S9. The runtime and RAM usage required
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Supplementary Table S10. The performance of Delter on Dorado-
basecalled R10 data.

Supplementary Table S11. The runtime and RAM usage required
by Clair3.

Supplementary Table S12. Validation of the filtering method in
deletions called by Clair3.

Supplementary Fig. S1. The design of synthetic sequences and
mixture samples. (A) The position of deletion variations of the
mutated sequences is illustrated as vertical lines. (B) Scheme
of mixing the wild types and mutants. The mutant and wild-
type plasmids were mixed with 1:9, 1:4, and 1:1 ratios for each
mixture.

Supplementary Fig. S2. The counts of artificial variations before
and after trimming bases in different SARS-CoV-2 variants by
3 variant callers. Only variations with MuAF >0.2 were plotted.
Trimnum means the number of trimmed bases.

Supplementary Fig. S3. The bar plots of 4 types of artificial vari-
ations before (red) and after (blue) trimming bases in R10 direct
sequencing samples basecalled with the HAC model (A) and fast
model (B). The y-axis was logyo transformed.

Supplementary Fig. S4. The comparisons of Q scores between
reads containing deletion variations and reads with no deletions
in R10 direct sequencing data basecalled with the HAC model (A)
and fast model (B). The dashed lines represent the mean values of
Q scores.

Supplementary Fig. S5. The comparisons of sequencing speed
between reads containing deletion variations and reads with no
deletions in R9 WTA sequencing data (A) and R9 direct sequenc-
ing data (B) at the scale of the whole read. The dashed lines rep-
resented the mean values of speeds. Sequencing speed equals

the division of the number of current measurements by the base
number.

Supplementary Fig. S6. The features of normalized current sig-
nals in R9 sequencing data. (A) Heatmaps of normalized cur-
rent signals from reads with and without 1-base FP homo-
del and 1-base FP other-del variations. The line plots represent
each column’s average normalized current measurements in the
heatmap. The alternate alleles corresponding to deletions are dis-
played. (B) Heatmaps of normalized current signals from reads
with and without 1-base TP homo-del and 1-base TP other-del
variations.

Supplementary Fig. S7. The accumulative difference of aver-
age normalized current measurements from FP and TP deletions
stratified by deletion length in R9 WTA sequencing data (A) and
R9 direct sequencing data (B). Boxes represent the interquartile
range (IQR) between the first and third quartiles (25th and 75th
percentiles, respectively). Lines inside denote the median, and
whiskers denote the most extreme values within 1.5 times the IQR
from the first and third quartiles. Outlier values are represented
as points. ns: P > 0.05, *P < 0.05, **P < 0.01, ##*xP < 0.0001. 1b: 1
base; 2b: 2 bases; 3b: 3 bases; 6b: 6 bases; 9b: 9 bases.
Supplementary Fig. S8. Performance assessment of different in-
dexes in distinguishing between FP and TP deletions in R9 se-
quencing data. (A) The ROCs of MRPP A, Q score, and accumu-
lative difference in distinguishing between all FP and TP deletions
in R9 WTA sequencing data. (B) The ROCs of MRPP A, Q score, and
accumulative difference in distinguishing between all FP and TP
deletions in R9 direct sequencing data.

Supplementary Fig. S9. The AUCs across different bin numbers
of MRPP A, ANOSIM R, and ADONIS2 F in distinguishing between
FP and TP deletions in R9 WTA sequencing data (A) and R9 direct
sequencing data (B).

Supplementary Fig. S10. The ROCs and AUCs of Q score in dis-
tinguishing between FP and TP deletions in R10 direct sequencing
data basecalled with the fast model.

Supplementary Fig. S11. Performance assessment of Q score in
distinguishing between FP and TP deletions in R10 direct sequenc-
ing samples. (A) The ROC of Q score in distinguishing between FP
and TP homo-dels. (B) The ROC of Q score in distinguishing be-
tween FP and TP other-dels. The best threshold, specificity, sensi-
tivity, and AUC of the HAC model were plotted.

Supplementary Fig. S12. The AUCs distinguishing between TP
and FP variations across different sequencing depths. (A) The
MRPP A- and Q score-derived AUCs corresponding to all dele-
tions at each sequencing depth in WTA sequencing data. (B, C)
The MRPP A-and Q score-derived AUCs corresponding to all dele-
tions (B) and other-dels (C) in R9 direct sequencing data. (D) The
Q score—derived AUCs corresponding to all deletions, homo-dels,
1-base homo-dels, and other-dels in R10 direct sequencing data.
SumbDiff: sum of difference.

Supplementary Fig. S13. The runtime and RAM usage required
by LoFreq. (A) The runtime as a function of the wall-clock time
(seconds) divided by the number of total base pairs (runtime per
megabase pairs; y-axis) in each group of samples (x-axis). (B) The
runtime as a function of the number of total base pairs in R9 se-
quencing data. WTA: WTA sequencing of SARS-CoV-2 synthetic
RNA controls; Direct: direct sequencing of synthetic DNA plas-
mids. (C) The runtime as a function of the number of total base
pairs in R10 sequencing data of synthetic DNA plasmids that are
basecalled with the SUP or HAC model. (D) The maximum mem-
ory usage as a function of the maximum memory usage (MB) di-
vided by the number of total base pairs (max memory usage per
megabase pairs; y-axis) in each group of samples (x-axis). (E) The
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maximum memory usage as a function of the number of total
base pairs in R9 sequencing data. WTA: WTA sequencing of SARS-
CoV-2 synthetic RNA controls; Direct: direct 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. Boxes represent the interquartile range (IQR) between the
first and third quartiles (25th and 75th percentiles, respectively).
Lines inside denote the median, and whiskers denote the most
extreme values within 1.5 times the IQR from 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.
WTA: WTA sequencing of SARS-CoV-2 synthetic RNA controls; Di-
rect: direct 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
each deletion variation (max memory usage per read; y-axis) in
each group of samples (x-axis). (E) The maximum 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 controls; Direct: direct 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, respectively). 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
values are represented as points. ***P < 0.0001. Each point rep-
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.
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